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1 Introduction

fisedul o curavi, humanas egue tetestarieead inteligae;r i der

Spinozai Tractatus politicus, 1 § 4

1.1Studyd ©bjectives

Making (strategic)decisions under time pressure is part ofrgday experience of many people
(Ariely and Zakay 2001, [204). People reportedly feel stressed or even overwhelmed under such
conditions, negatively influencing their decisions in gené@talland and Svenson 1993,30).
Psychological studies dfliller (1960, p.697), Thomas and Weav (1975, p.366), Ben Zur and
Breznitz (1981, p.102), and Zakay (1993, p.60) report a systematic change ofhbgior under
growing time pressure. Findings in an economic decisiaking context byPayne et al(1988,
p.576) and Reutskaja et al(2011, pp. 922 f.widely confirm that chang However, decision
making processes under time pressure, especially with strabéjgctives are not well
understood ye(Ariely and Zakay 2001, 204) Further research is required to understand the
impact of time pressure on the cognitive decisimaking process that leads to the observed
change of behavidOrdoéfiez et al. 2015, p35).

In 2001, CostaGomes et alintroduce a procesdasedanalysis approach to study strategic
decisionma ki ng i n g a-personhdmeoaperatiimsrmatformm gamegCostaGomes

et al. 2001) The aithors erploy mouse tracking as process tracing method (PTM) to acquire data
that allows inferring on the underlying cognitive process of decisiaking. Searching for
behavioral patterns, they cpiareobservations to common heurts and consequently adsify
subjects. This approach is adopted from earlier worklkobhson and Payr{@985),Payne et al.
(1988) andPayne et al(1992)who developed a similar approach to stndyrstrategicdecision
maki ng. H o we v basicassunipteon that pebpte mmly complete heuristics in their
decisionamaking withait learninghas already beercriticized earlier by Bettman(1979) It is

more likely that rather parts of a heuristic and not necessarily only one per choice situation are
employed and catructed while processing, he argu@&ettman 1979, @33). His suggestion
gains support from expenental findings oflohnsoret al.(2008, pp. 269 f.)

YLatnfor | A have | abored carefully, not to mock, [(d@ ment ,
Spinoza 1888



At the timeCostaGomes et al(2001) published their paper, mouse tracking was not capzble
acquiing data necessary to study this hypothesis properly. Nowatdaysjiquehave improved
consicerably, offering new functionalities that help to study this issue in more detail. Especially

the process model can be improved by integrating me@nof observation

CostaGomes et al(2001) moreoverlimited their study to game complexities of two by two to

two by four choice alternatives for the playefhis approachdiled to elucidate the impact of
complexity on the decisiemaking processlTime pressure was not studied either, even though
duration times of specific observed actions play an essential role in their econometric framework

to classifybehavior.

In this paper, decisiormaking patterns in strategic, noncooperative {p&rson normaform
gamear e exami ned. The patternsdé sensitivity to
determined. Therocesgheoreticalresearchapproachfollows the one ofCostaGomes etal.

(2001) However the process tracing techimie nouse ttackingd i s .Unptidsamaye whore
components of the underlying cognitive proesssan be identified, allowing more detailed

modek. This in turn helps to classify the behavior in such problem situations under different
conditions and reasonably refteon Bettman's critiqué2otentially successful behavioral patterns

in the challenging task of "good" decistareking under time pressure can be identifitthe

same time, the understanding of cognitive processes themselves can be improved.

1.2 ConsideredResearch Questions

The main research intention is $tudy cognitive processes in strateglecisionmaking under
time pressure to improve understanding of human behavior under such conditions. Research
guestions provided in the following concretize tlatention. They are identified by Roman

numerals, which are referred to in the following parts of this treatise

0] How can one describeexplain, and determine the influence of time pressure on the
cognitive decisiormaking process?
(I How can one identifythe cognitive process and its components in strategicsueei

making?

The answer tothe secondquestion enablesdescribing and modeling the process and its

compaments as well as identifying them in observed decisiaking behavior.



(1) What behavioral patteshin the cognitiveprocesses can be distinguished and how can
they beclassifie®
(IV) How does time pressure affect behavior on a precesgponentievel and concerning

paterns?

Following CostaGomes et al(2001) the present research interest is limited to initial behavior,
omitting learning effects. This perspective is chosen to merely reduce the complexity of the re
search apprad so far, even though learning surely matters in this corfexanswer the four

research questions considered, the author chose the procedure described below.

1.3 Research Approach

The research approach follows a deductive path, whereby first a modelivieddgom the
literature, which describes, explains and predicts cognitive processes under time pressure. The
implications of the model are elaborated by a simulation. The predictions thus derived are finally
verified by an experiment that observes andyaea the behavior of decisianakers.

First of all, the theoretical results and empirical evidence from the literature dealing with the

objectives of this treatise are examinEdr this purpose, a literature review is conduéted.

The approach of studyy the cognitive process in strategic decisioeking under time pressure

is to the knowledge of the author not present in the literature yet. However, similar research
intentions that concentrate on either (strategic) decisiaking processes or time pgaire in
(strategic) decisioimaking exist. They are expected to offer valuable references in observing and
modeling processes and their components as well as characterizing, interpretitasaifiging
observed behavior. The focisslaid on concepts fnm decisioamaking theory andto a smaller
extent, on psychological aspects. Neurological research that sets cognitive processes in a

% The reviewfollowed some specificationshe search is carried out in the primary scientific online search engines
SCOPUS, Science Direct, IEEE Xplore, Springer Link &voogle ScholaReviewed articles in selected journals,

as well as topicelevant monographs and collected works, are taken into actdtendture in English and German
language is consideredihe journal selection is based on the recommendation ofHie Teilranking Allgemeine
Betriebswirtschaftslehre with rating A and beterband der Hochschelhrer fir Betriebswirtschaft e.V. 20IBhe

following keywords and keyword combinations, as well as their German equivalents, form the search terms: strategic
decisionmaking, game theory, information processing theory, process tracing, decision egisgndheuristics,
elementary information processes, mouse tracking, time pressure, rationality and experiments in behavioral
economicsPublication biographies of articles identified and selected are scanned for further relevant works based on
their titles. Search results in journals are limited to recent publications (01.01-281.%2.2017) to record state of

the art.For monographs and collected works titles with a higher citation index take precedence over those with a
lower citation index. No timdrhit was considered here.



physiological frameork is beyondt h e a pdinh @ viewsand thus widelynot taken into

account

In this treatise the structure of cognitive processesstudied, which arexecuted in strategic
decisionmaking under time pressure conditions from Elementary Information Processes (EIPS).
William G. Chaseintroduces EIPs as basic cognitive operations that can be modtdarhined

to form more complex operations, such as solving decision prol{lehase 1978, @.9). The
resulting sequence of EIPs can be intetgad as a cognitive process. However, the set of EIPs

depends on the problem task observed.

On the basis of EIPs, a process model of decisiaking in strategic tasks that considers time
pressure conditionis described in this treatise. In the followjrigis denoted as rpparatiortime

model'. The model's implications help to predict behavior under time pressure and formulate
hypotheses for identified aspects of the cognitive process. It is at the same time the answer to the
first research question.

To determine the set of relevant EIPs here, the author follows the ptbeesstical approach
intensively studied by Johnson, Payne, and Betifdaimnson and Payne 1985; Payne et al. 1988;
Bettman efal. 1990; Payne et al. 1992)hey focus on common heuristics to infer on the EIPs in
use.Heuristics represent solution concepts to specific problem tasks. Their normative character
allows for using heuristics as benchmarks, as far as their perforimmaa@articular problem task

is known.In this treatisea set of common heuristics applicable to norfoain gamess selected

The heuristics are formulated as a set of condiction rules a form proposed b$imon and
Newel | w h @rodudidn bystema (ISimon fand Newell 1971, p56). Applying such a
production system to a problem task resiutt a characteristic sequence of EIPs. This sequence
represents the cognitive process of a decision maker who comgtdtelys the instructions of

such aheuristic. By analyzing all resulting sequences, the author infers on the basic set of EIPs in
usewhen people solvproblem task of this typeAlso, the sequences of EIPs work as patterns to
which the author compares human decisimaking behavior and thus helfisclassify observed

behavior This framework contributes to answer the second reseaestiojo.

To develop benchmarks from the heuristics, it is essential to acquire information about their
performance in strategic decistomaking tasks under time pressure. For that purpose, the author

simulates the behavior of human decision makers whotlgtficllow a heur i st i co6s



concept tosolvethe studied problem tasks under various time pressure conditions. The structure
of the games is varied for simulation. To evaluate daitasetthe author defines performance
indicators that consider effevity and efficiency of process and choice. Based on this evaluation
the author ranks the heuristics andderives reasonable recommendations towards their
applicability under certain time pressure conditigkisthe same time, the results from simulation
help to formulate more precise hypotheses regarding decisaing behavior under time

pressure. This contributes to answering the second research question.

Studying real decisiemaking by the processual approach requires identifying EIPs. Since EIPs
are mental operations, they are not directly observable. Process tracing n{&hbtjseed to

be applied to infer on the cognitive processes. Following the approaCbstdéGomes et al.
(2001),the authorselecs mouse tracking. This PTM relies on the connection between mind and
motor system(Freeman et al. 2011, p27). People use a mouse pointer while working on a
problem. Mouse movement and actions are recorded, building a data stream of what is
subsequentlydenotedas Elementary Manual Motor ActENIMAS).®> EMMASs represent the
motor system's actions. Those actions need to be interpreted in the light of the underlying
problem task and its concrete visualizat{&tiihberger et al. 2011, p3). To link motor system
actions to the cognitive system, the author develops a prat#aterednterpretation concept.

This concept allows for interpreting EMMASs as EIPs.

In addition, the author conducts an experiment to obtain a dataset from real decision makers.
Finally, by applying the interpretation concept to this data set, one can infeoghdive
processes of the decision makeérke dataset is analyzed considering aspects which follow the
preparationtime model and results from simulation of heuristiduced behavior under time
pressure. The predictions of this model regarding identifispects are tested with proper
hypothesesln the next step, the set is scanned for types of decision makerslaEk#ication
considers similaritiesn the behavioral aspect¥hese results contribute to answer the third
research questiorfinally, the author concentrates on significant changes of patterns under
varying time pressure conditions. Analyzing these changes allows to describe and evaluate the
effect of time pressure on decisioraking processes artd answer thdourth research question

in conclusion.

3. This notion followsAmosov( 1 9 6 7 , p. 109) who used the term 6el ement

acts, not limited to the manual ones.



Overview ofresearch approach

1. Scan literature for approaches to expktiategic decisiomaking under time pressure
on a cognitive procedsased view.

2. Develm process model of strategic decisimaking under time pressure from EIPs.

3. Select a set of common heuristics and define the corresponding paiecesk as
production systems from EIPs.

4. Derive a minimum set of EIPs in use when solving strategic tasksdreet of
heuristics.

5. Simulate application of heuristics to various strategic tasks under time pressure.

6. Developaperformance evaluation concept for processes.

7. Rank heuristicsrecommend application scenarmsd formulate hypotheses regarding
behavior mder time pressure

8. ldentify EIPs in real decisiemaking processeslevelop an interpretation concept to
link EMMAS to EIPs.

9. Experiment and evaluate interpretation concept with the acqimtadet

10. Identify andclassify @tternsof the cognitive proceds answer hypotheses of behavio

11. Identify significant changes in patterns under time pressure.

12.Conclude by answering initial research questions.

1.4 Structure of Work

The structure of this treatise follows the proceeding described above. It contpres=snajor
partswith interdependent content, as shownFigure 1. The preliminary notes of Chagtl1
follows a short introduction to the decistamaking tasks of game theory studied in this treatise
(Chapter2). In the subsequent &t I, a processmodel of decison-making in strategic task
environments under time pressure conditions is proposed, introducing the conaepaoation
time (Chapte). This model intends to combine the resotrased approach of decisitheory
with elements of game thegrgiscussing relevant literatur€ognitive processes are modeled
employing Elementary Information Processes (EIB)Ps in use in the context of norrfarm
game tasks are identified and described in ChaptBroduction systems of a set of commonly
used decisiomaking heuristics in analogy t8imon and Newel(1971) are developed and

analyzed to derive theninimum set of EIP# use
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time pressure conditions. Tiset of heuristicsconsidered warst analyzed byCostaGomes et

al. (2001) Chaptels contains alescription ofthe simulation employing he production systesn
introduced in Part I. Also, performance evaluation concepé author developed for this case
presentedIn Chapter6 results of the simulation aneresented and analyzed concerning the
concept of peparatiortime. Successful heuristic information acquisition and processing patterns
are discussed along with resulting elaborated predictions of the preparation time model in
Chapter7.



Part 1l comprisegn experimento evaluate th@redictions from the preparation timedeland
from the simulation regarding the cognitive processedeofsionmaking.Since EIPs cannot be
observed directly, the applicatiof process tracing techniques is necessary. Ch&ajeres an
introduction to process tracing methods, compaapglicability and performance istrategic
decisiontask environments. Here, the selected PTM radtecking is discussed in more detail.
Consequently, a fitting interpretati@onceptfor mouse trackings developedand presentethat
enables interpretation of the observable datprdvidesan econometric framework twonvert
mouse pointer movemeniformation into EIPs and thus lirkk observablebehavior tothe

cognitive process

In Chapter9 the experimental procedure is present&tle experimental setup follows an
axiomatic structure The design is conequently derived from the requirements of the
fundamental research questiomsd determines the technical implementatiOutcomes from
experimenttogether with acomprehensive data analysisspecially hypothesis testing and
classification of behavior, flow in Chapter10. Results from the analysis are discussed
Chapterll.

The final Chapter12 is dedicated to a summanpf essential conclusions drawn in this study,
reflecting on the initiaresearch intentian It endswith an outline of questionthat remained
unanswerea@nd futher ideas regarding thist u @hjedtiseswhich are reommended for future

research.



2 Introduction to Normal-Form Games

The fundamental idea behind game theory is to describe conflict situations among two or more
parties in a mathematical model, which allows for a mathematical solution. Conflicts are
understood as situations where the conaknmerties pursue different (often opposite) interests
(Vor obaev 1.FE&ch of the garties influentes the result of the conflict through their
respective deci sion. I n game theory, such con

is defined by three elemer{&mann 1999, pp. 7 f.)

the players representing the identified conflict parties,
the playersoé (finite) set of diusectrategies al t e
of action, and

1 the payoff function that determines the outcome for each combination of alternatives for

each player.

Such a triple is called the norriarm of a gamgGintis 2009, pp. 41 f.)In case of all players
make a decision simultaneously, such that no onesea (and react on) the action of any other

player, the game can be displayed in matrix form.

An example is given irFigure 2 with two players, each having two pure strategies to choose

from. In the example, thievo players are denoted as row player and column player respectively.

The row player has the two strategies &6higho
6l eftd and o6érighto. For each strat evgsytheemo mbi n:
payoff is given in a matrix cell. From the semiccekeparated values, the row player owns the

first and the column player the second as payoff, if this particular combination of strategies is
realized. If the row player and the column player caerchange their identities without an effect

on the game, it is called symmetric, otherwise asymmetric.

FIGURE21T TWO-PERSON NORMALFORM GAME
column player

left right

high| 3;3 | 1;4
row player

low | 4:1 | 2;2




Ingamnes with complete information, pl ayers kno
strategies as well as payoff functions from the beginfivigtsumoto and Szidarovszky 2016,
p.2). In case of denying negotiations and mediations among the players, a game is
noncooperativgMatsumoto and Szidarovszky 2016,2p. Given such a game, game theory
provides solution concepts to determine the best alternative for each player to maximize their

payoff under the assumption that both players act rational.

Besides this fundamental type, many other games are modeled and studied in game theory. These
differ not only regarding the number of players, the number of strategies or payoff functions.
Furthermore, the basic assumptions are altered: the rationajgyedrs, number and sequence

of choices, payoff structures, and payoff information given in advance. For each of those games,
normative solution concepts are developed and their applicability, as well as their application

(from a descriptive point of viewh real life decisioamaking situations, are studied.

This brief introduction to the research field of game theory is considered to be sufficient for the
purpose of this treatise. The tasks studied in the following are all of the same kind: strategic,
noncooperative twgperson normaform games with complete information. However, the

numbers of strategies as well as the payoff information will differ among the games.
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Part CbncaPbeci-Maknng
under Ti me Press.!

This part comprises two chaptethat are dedicated to studying processual aspects of decision
making. In ChapteB, the concept of Opreparation timebd
interpretation to explain the decistomaking in tvo-person noncooperative norrrfarm games

under time pressure as a process. Furthermore, theoretical basics are developed that are necessary
to identify and model cognitive processes that are applied in such detialong tasks. The
preparation time maal, as well as the theoretical basis, are employed in the following two parts

of this treatise. I n Part I, they are wused

developing a framework to interpret observable behavior as cognitive opsration

3 Preparation Time Model

This chapter introduces themcept & reparationtimed f o r -theorefcadetesiomaking
environment.Two questions are in the center of discussion: Why is another denisiking

model necessary to introduce the prodéssretical view to game theory? What advantageous
implementations provides the new model? The answers to these two questions are crucial for

Chapterd where the components to model and describe cognitive procssgsfined.

3.1Why a New Model?

In real life, there are many strategic decisiaking situations where time to develop a decision
(referred to as decisiemaking time in the following) is a scarce go@dacGregor 1993, [¥3;

Rastegary and dndy 1993, p220). A decision maker is forced to lower the mental effort of

thinking through the apparent problemgdng it against accuracy in choi¢dohnson and Payne

1985, p.395; Forster et al. 2003, p48) To devel op a 6égoodd deci si ol

opponent 6s pundeesoch coaditions dowdd becense gaihallenging task.

The body of literature concerning decisimaking under time pressure is successively growing.
However,comparativelylittle is publishedin the field of strategiaecison-making. The label

Gstrategi® refers to its gaméheoretically coined meaning, where the results of choice are
determined by an interaction of at least two pers&tstegic choice refers to the result of a

decision that reflects choosing the optimal strategic option. Strategic thinking (in literature
11



sometimes refeed to as strategic sophistication) is understood as a sophisticated analysis of the

problem environment including interaction prior a decision.

Thinking is not always strategic, frequently resulting in a poor decision. This fact is common
knowledge toall researchers that challenge the rationality paradigm of classic game %heory.
However, how is inadequacy explaindd®@st behavioral studiggresented in this context focus

on determiningthe degree of rationality under certain conditions. They seldowide indepth
analysis of potential reasons filve examineddegree Generally, excepted expktions are thus
merely repeatedCamerer(2003) for example, offers the following behavioral components as
reasons for bounded rationality, without adding a discussion or sources: understanding of the
problem situation, social utility, limited iterated reasoning (which is more a description than a
reason), learning (whicbould because and effect at the satmae here)Camerer 2003, pp. 23

ff), belief and expectations aboutntester and finally working memofamerer 2003, [252)

Limited information processing capacitiesdadeficits in problensolving capability are some

other frequentarguments(not statedfrom Camerer) which are in line with resourdeased
models of the economic and psycholagitheory®> Those reasons indeed seem elaborated and
adequate. Neethelessthe bottom line is:@asons for bounded rationality are seldom in focus of
such studies since the imperfectness of the human deonsikimg capability is a too clear
argument for explaining examined behavior rather than to address the reasons explicidys
imperfectness is one apparent reason why time pressure is considered less frequently to explain
nonrational behaviorConsequently, the quantitative effect of such reasons in these approaches

Is generally not investigated, let alone operationdlize

Studies of behavioral game theory thus often limit their focus to decision information. Strategic
choices are assumed to prove strategic thinking. This conclusion is fallacious. To which extent
choice reflects analysis is still subject to "many unresiblguestions”, as Cos@@omes et al.

(2001, p. 1193) put it. Essential questions dealing with the cognitive mechanisms of decision

“ Rationality in this context classifies behavior that Eadsubject to choose its best alternative (among all possible

and available alternatives) concerning its preference
expected utility ('Von NeumaiiiMorgenstern utility theorem’; discuss&d Amann (1999, p6) for example).

Irrational then is to call a choice that is formally based on all information available yet differs from the nominally
optimal strategy. Irrationality usually involves lating the laws of logic, for instance, transitivity of preferences.
Between these two characteristics, numerouscatdgories are examined in human decision behavior.

® Psychologic studies present a more elaborated set of individual influence parametecisioamaking, such as

moodand emotion. Some of the also include approaches to operationalize and quantify the impact of such motives.

12



behavior remain unanswerddndner and Suttef2013),for example might be theonly ones yet

who investigate personal sophistication in terms of cognitive hiefaichiyne-limited, strategic
deckion tasks. Relying on choice information only, theffer interesting experimental results

Still, somecounterintuitivebehavior cannot be explained satisfactorily by the employed model of
decisionmaking and the corresponding classification of subjedtseir study doesnot focus on

the cognitive procesS€onsequentlylLindner and Sutteneither give grocesshasedexplanation

for the observed effects on behavior nor come forward with an own comprehensive concept to
implement time pressure in strategiecisionmaking However, nvestigatingthe influence of

time pressuren the environment ofjametheoretictasks supposes thdecisioamakingis a
time-consuming procedure which could be affected by time limitation and occargreastage

of choice.

The influence of time pressure on decismaking cannot be denieAmong othersJohnson et

al. (1993, p. 115) report in thegtudy of behavioral adaptation under time pressure conditions
From observations in experiments, the authdestified two different types adecision makers.

Each of them shows the typicsystem of reactionfirst reported byMiller (1960, p.697) when
adapting to time limitation in choicd. acceleration of processing and 2. infornrafidtering.

One of the two types showed a third reaction: 3. change of the information acquisition and
processing strategy. The experimental findings implicate that one type is mentally more flexible
than the other and able to adjust its probkmiving drategy in between. This qualitative
response scheme finds confirmation for different decision tasks YErgght (1974, p.560),
Thomas and Weavdd 975, p.366), Ben Zur and Breznit£1981, p.102), Payne et al(1988,
p.579), Edland and Svenso(l993, p.36), Zakay (1993, p.60), Ariely and Zakay (2001,

® The Cognitive Hierarchy Model (Grhodel) proposed b amerer et al(2004, pp. 862 fj. explains decision
behavior with individual levels of reasoning. In dominance solvable games those levels are equivalent to the number
of rounds/iterations executed before choosing a (remaining) strategy. The chosen strategy is said to be directly linked
to the level of reasong. Principally, several game forms exist to investigate such levels. Besides those already
mentioned, games in normfarm can be applied in this context (see for instaDostaGomes et al(2001). Such

games can be designed flexibly according to the number of iteration cycles required. For an implementation
example, sedintis (2009, pp. 99 ff). This game form is moreover qualified for application in proeksed
research and thus offers a broader scope for behavioral studies in general.

" They doserved a growing number of equilibrium decisions under decreasing time limitation and explained it by
chance I(indner and Sutter 2013, p44). The employed Chinodel ofCamerer et al2004, pp. 862 fj.provides no

answer to this phenomenon. It is further only partly able to capture hebastd behavior and relateldssifying
asDevetag et al(2016, p.199 determine in their experimental study.
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p.197)). The hypothesithat claimsthe exisénce ofdifferentbehavior types in strategic decision

situationsgainsstrong supporthrough these findings

Kahnemar(2012)proposes a more general model of cognition, based on findings and observable
effects of vamus psychological experiments. He postulates two mental operation systems that
deal with problerrsolving, and especially with decision making (pp. 33 ff.). Both systems are
part of every (healthy) human brairiSystem I" is affectional and fast working,ixden by
emotions or other than rational motives (in a game theoretic sense). "System 11" is analytical,
accurate and more or less slowly working. This model gives an adequate explanation of a variety
of behavioral characteristics. However, the underlyingcgsses of the systems working
mechanisms remain unclear.

In real life, many observable decisions seenrtalhceived. Those decisions are probably the
result of Kahneman's System | which by definition comes to a solution effort{&sgiyneman

2012, p.33). Strategic decisiemaking by analyzing or at least readingrmalf or m ga me s 0
payoff matrices usually takes t&mand hence effoit properties also associated with proce&ses.
Following Kahneman's concept, one can find the equivalence of System Il in this information
processing which is said to be the more efiiot¢nsive way of thinking.

This model is helpfuko explain the efforlependent speed of decisioraking and also the
accuracy of choice. However, it does not offer a process perspective to study mental operations in
more detail. Also, the time pressure conditions under which the two systems work remain
unclear. It thus cannot be applied as a framework in this study. However, it serves as a reference
when determining the effort of elementary cognitive operations in the context of developing a
proper identification framework (Secti@n3).

Game theory provides very few approaches that question the penwich players develop
their choice right beforea game starts. Théecisiontime is usually implicitly and seldom

explicitly neglected.

Cooperative game tbey, for example, knows the concept of "ymlay communication” to model
players' collusiorahead ofa game and to coordinate the equilibrium decigidiatthews and

Postlewaite 1989, [239) A rather old concept from the field of learning which explicitly tackles

8 Although that seems to be true for game theorists, there might be people dealing with such a problem in no time by
playing randomly and without taking further notice of the information presented in a payo¥. matri
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the timeframe prior to a decision Brown's ‘fictitious play'. It is fictively played for an infinite
number of times to determine the optimal strategy in a game iteratBmwn (1951, p.375)

neither addresseletime frame notheduraton for this learmgin more detalil

Regardingpreparatiortime, Lambetini (1998, p.1) formulates in his paper more explicitly: "The
choice [ é] occurs in a preplay stage [ of t he
Unfortunately, he gives no further explanation for this assumphliofiact, for real decision

making, the opposite must be true for the Oopr .

From this consideration of literature, two questions arise regarding decisions under time pressure
which cannot be adequately explained by existing moddilg:dees time pressure affect strategic

decisionmaking? How does time pressure affect strategic deemeking?

3.2 Model Description

In this conceptpreparationtime is interpreted as the available tirtiat players in strategic
decision situations use tmnvert a given set of information into a decision. This period begins
with getting aware of a decision situation and ends with a decisitm.cases of sufficient
preparationtime, this decision is similar to predictions of otlgaimetheoreticdecisionmodels
without time pressure conditiorall other things being equaljhe other case, substantial time
limitation and its effects on decisianaking behavior, depicts the focus of the following

considerationln that context, time pressure is definedHsctive time limitation'°

Probably the first paper that discusses decision behavior from a process persp8atios iand

Newell (1971) The authors studied human probieotving methods, postulating the existence of
"primitive information processegSimon and Newell 1971, A51) of which such a method is
composed. Chaseod n e d t he name 0el ementary i nfor mat
components and gave a more detailed characterization of certain appli¢@tass 1978)The

term @rocesé could bemisleadingin this context since in the understanding of tinesatise

® Note that in classic game theory this would be the optimal decision since players are regarded as utterly rational.

19 Ordéfiez et al(2015, p.520) use the terms 'time pressure' and 'time limit' in a different coriterte giving a

different definition: in their notion time pressure describes the "subjective feeling of having less time than is
requi redome | imits are fAi nt er nabidényp. 520). Teey tuse thindistinttipnta mp o s e
studythe perception of time limitation. It is thus essential to be aware of the definition of use in the context of this
treatise. In Part Il and Il of this treatise, the definition is extended by adding task complexity. Complexity has a
similar effect. The egxanation is straightforward: To put pressure on the process, one could either limit the time
available for a given task or one could increase the complexity of the task for a given time.dettiudls time per

task is reduced. This reduction needbéceffective to meet the definition.
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Qrocesdrefers to the complete act of decisimraking. Nonetheless decisioamaking process
consists of primitive(or elementary information processing operatiorthat these authors

designated as single processes

Wi th their 0prNewktluand $Simomprowsdgdsatteehmigu@ to develop a general
definition of a problersolving method based on EIRSimon and Newle 1971, p.146) This

way, decisioamaking processes could be modeled according to the problem task, and the stream

of components could be predicted.

However,a processnodelof decisionmakingis not applicable tevery cognitive taskNewell et
al. 1958) As Bettman(1979) remarks the information processing approach is a powerful and

successful tool in modeling problesolving behavior. It still requires weditructured problem

Ain which [ é] i nformation av ai(Betamand 1879,®. It ai r | vy

applicability is thus limitedto certain classes of problem tasks. This point is indeed important
whendiscussinghe decision task environment in the context of this e a intens e 0 s

A simple and general model of decisioraking processes with a focus on timely aspects is
depicted inFigure 3. Not referring to a particular pblem task, it provides all relevant properties

to explain the concept ofg@paratiortime.

The figure has a horizont al ti me axi s I n t
0decision/time | imit?’ ( b | arepgarptiontinie lf=edecisionmime i n b e
available)'. Above the horizontal axis, two processes are depicted, each irgadigbbx. The

above process belongs to a (fictional) heurisiad the lower to a (fictional) mental process of a

human decision makét.

Each process is composed of process componen

number (dark gray rectangles). The components symbolize specific mental activitiest{disi

not explicitly depicted), each requiring a specific amount of timarger zero in executiol. In

the process of the decision maker, space is noted between components. This space represents

time that cannot be matched with a mental activitythe (normative) process of the heuristic, no

" Interpreting a heuristic &&imon and Newel{1971) primarily propose andohnson and Pay{&985),Payne et al.
(1988) andCostaGomes et ali2001), among others, later adopt

2 Measuring time aspects of the process is a standard way to determine mental effort proposed inragdigjon
literature Newell and Simon 19732 Time is regarded as an accurate ansl-&@measure substitute to estimate
resource consumptions of mental procesdelr(son and Payri®85, p.396).
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such space exists: mental activities succeed without a pause until the time limit is exceeded or a
decision is made. The duration of the processes (equal to decision time; depicted by the width of

the box)usually depends on the number and types of components. The duration time could either
exceed the time limit (decision maker) or be less than that (heufgstit the time limit is

exceeded, the process stops without a decision or with a forced decision, according to the selected
definition. Components can contribute to different aspects of the process. In this simple process
model of decisiormaking, thoseas pect s ar e categorized as «
6information processing' and 0 d élafiage(1699, p.( / ch oo
142) andKihberger et al(2011, p.3). When comparing both processes, similar parts might
occur that contain some similar components in
in the literature (for instand@ayne et al(1988, p.569)andCostaGomes et ali2001, p.1196).

FIGURE3T PROCESS MODEL OF DEGSION-MAKING TIME

preparationtime (=decisiontime availablg
A

process of heuristic

EP1 EIP2 EIP3 EIP4 q
\
\similarities\ processingime t, \

\
mental process of decisiemaking

f—Aﬁ
EIP 1 EIP 3 P / P EIF+1

I time

| -
start decision/
time limit

v v v
EIP 1 EIP 3| EIP 4
information acquisition - information processing _ decision
C&tGgOfleS
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With this model on hand, the two questions that concluded Sécfi@an be answered:
1. Why does time pressure affect strategic decismaking?

Lowering the time limit is one option to increag\ed pressure on a decision maker. Hereby,
less time is available to execute the process. Thus, the process could either not be finished or
is altered. That in turn expectably affects the resulting choice.

2. How does time pressure affect strategic decisnaking?

If a decision maker is aware of a tifmited task, the process is likely to be adjusted,
according to findings oPayne et al(1988, p. 43). Differences are likely to occur regarding
component structure (possibly changing probatving strategies and thus altering type and

order of components) as well as processing time of components (patengkdration).

If a decision maker is unaware of a time limit when processing a task, the behavior is not
necessarily adjusted. However, since time pressure is effective (see fd@nmtepagel8),

preparationtime (available) is smaller than decision time (necessary). Thus, the process
terminates before it regularly finishes. The resulting choice is determined according to a value

that is defined by the termination criteria.

This model can be customized for a variety of applicatipnspecifying components, heuristics

or termination criteria. Indeed, the process structure is expected to depend on the given problem
task (to which the decision behavior is adjusted). Even theresk singularity in processing is
changeable by allowing concurrency. Its illustrative presentation of the processes' time

consumption as well as its component structure supports understanding of the process.

When interpreting the available decision time meparationtime, in which decisiormaking

takes place, the influence of time pressure is evident. Also, by interpreting the preparation as a
cognitive process, where information is acquired and processed until a choice is selected, time is
consumed. Tim pressure thus has an interpretable effect on any of the stages of the process.
Following this, time pressure consequently affects choice, which is the result of the process. That,

in turn, allows for discussing time pressure as a reason for poor canat@sus as an alternative,

13 1n the following, time pressure is assumed to be effective. I.e., the time limit is smalleh¢hdaration of the
decision process without time pressure.
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at least supplemental explanation for limited rationality. Also, as long as the cognitive process

can be determined, the impact of time pressure on deg¢isading can be operationalized.

33Model 6s I mplications

In this section, e preparation time model is used to develop hypotheses about cognitive
processes in time pressure decision tasks. These hypotheses are further tested in simulation (Part

[I) and experiment (Part Il1).

Two necessary and reasonable implications follow ftbeprocessmodel First, cognition can

be interpretedas a sequence of information processing steps. This interpretation supports the
heuristic approach, which suggestsagorithmbasedproblemsolving. Observed behavior can

thus be comparesequencavise or even componemtise to heuristics. &ond, numbeyr, types

and duration othesingle steps relate to time consumption.

Ben Zur and Breznitgl 981, p. 43) ané&dland and Svensdi993, p. 38) name four steps people
sequentially adopt in decision tasks under growing time presBheetwo implications help to

explain the behavior from a process perspective:

1. Accelerating executiors the result of decreasing time per EIP up to a specifitost
likely physically induced minimum.

2. Information filtering means omitting single EIPs @equences of EIPs that deal with
information acquisition. Those can either be redundant, hence unnecessary, or crucial for
the applied procedswith particular consequences in choice.

3. Changing problensolving strategiesneansaltering decisiormaking mehods during the
process. Therefore, the process is interrupkbd process resumes after a certain amount
of time with a different problersolving method. Patterns of EB@quences are expected
to differ, compared to the ones observed before the intenupthe probability of a
change directly links to the remaining task time

4. Canceling task processing equivalent to arunfinished execution of the undigng
problemsolving procedureCanceling is in principle possible at any time within the
process. Qually, however, it can be observed more often with narrower time liifmite
time limit is known and monitored during the cognitive procedure, a choagthermade

as the ultimate action before the process terminates. In this case, the decesom rthie
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information basis already processedlternatively, the choice is omitted, and the

sequence of EIPs terminates abruptly. @ibeision ratevould decrease in that case.

Generally, the number of EIPs should be reduced insca$dime limitation compared to

processswithout such restrictiongdowever, acceleratiortanadd tocompensate for this issue.

Such a purelyualitative consideration needs to be specified quantitatively by other means. The
apparent difficulty remaining here is to develop aneept of identifying EIPSn a decision
behavior data stream. Such identificaticequires a preliminary stepf specifyingthe EIR that
aremost likely appliedin such cass. The development of a minimum set of EIPs in use under

such conditions is sulgjeto the following chapter.
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4 Heuristics andthe Minimum Set of EIPs in NormalForm Games

Understanding the components of a process in strategic depisiking is necessary to develop
means for identifying them from observed behavior. It also representsasis for modeling and
studying such processes. In this chapter, the concept of EIPs is presented in more detail. It is
further described, how a possible set of EIPs, applied in ndormalgames, can be derived from
heuristics. In the understanding this work, heuristics can be defined as simple decision rules
that help to identify an adequate alternatneck and with little effort. They usually reduce the
complexity of a given problem task by only considering a subset of the task informatiomgn do

so, the decisiomaking speed increases, but the prediction accuracy is lirfii@olan et al.
1993,p. 256).

The selection of heuristics in this treatise is mainly identical to th@bsfaGomes et al(2001),

who identfied a set of heuristics commonly in use when solving strategic problem(Gskts
Gomes et al. 2001, f205) Production systems are developed from the normative descriftion
these heuristics, using the method introducedN&well and Simon(1972). This form of
representatin allowsdirect access to EIPs appliedhauristicprocessesFinally, a minimum set

of EIPs is identified from the production systems of the set of heuristics. This minimum set finds

application in the following parts of simulation and experimentation.

4.1 Elementary Information Processes

Elementary information processdsIP9 are understoods basic cognitive operatiomsimans
mentally employ when thinkingChase 1978, d.9). The set olemployedEIPsis related tahe

problem taskwith which the process of thinking is concern@bmplex operations, such as
solving decision problemgan be formed by a modular combination of EIPs from th@-dier

1980, p.188; Johnson and Payne 1985398). The resulting sequence of EliBsnterpreted as a
cognitive processEIPs cannot be observed ditly. However, they can be studied by employing
process tracing techniques (PTTs). PTTs record observable behavior data. This data is interpreted

to infer on the EIPs in use. Interpretation requires a framework that considers the problem task.

To generatea framework that supports the interpretation of behavioral data with respect to the
cognitive process, a closed set of Ei®seededThis set shall comprise EIPs that are part of a
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representativevariety of strategies regarded as typical in human deeisiking behaviot?

Johnson and Payngl985) developedtheir sé¢ of operations( 6 J & P 6 8 5 followirtg 6 ) by
suggestions ofChase(1978) and Huber (1980, p.398). Chase(1978) proposedmore abstract

EIPs, for instance, mental rotation, visual search and memory search, which better serve as
categories of EIPs than real mdrpeocesses. Huber, a psychologidio supportedhe idea of

cognitive processing in specific decision environmesggrchedor a common theoretical basis

for simple decision rulesHe found severalbehavioral problemsunresolved regarding their
generalapplicability, motivating his studiesHis objective wasto developa fApsychol ogi
theory of decisionmakingd ( Huber 1980, p . 187) . Empl oying
AThi nki ng Al bedasstiedhe existentesotwo kinds of EIPs. He desbed

general EIPs, such as SELECTING (a piece of information) and CHECKING (a condition).
addition to that, he definedecision processpecific EIPs, such as CONCATENATE (meta
information), MAX, MIN, DIFF(erence) or EVALUATE (numerical variables), dan
CRITERION (of acceptanceJohnson and Payr{@985)neither fdlowed that classification nor

adoped much of that set of EIPs. Theeported no reass, but one could argue that especially
EVALUATE and CRITERION (excluded frortheJ & P 6 8) &re techrtically incompatible with

the later applied mouse tracking appraathus, the resulting set consists of EIPs as shown in
Tablel.

TABLE 17 DEFINITION OF EIPS ¥ JOHNSON AND PAYNE (985)

EIP Definition

READ Read an alternative's valoéan attribute itb Short
Term Memory (STMY®.

COMPARE Compare two alternativder an attribute.

DIFFERENCE Calculate the size of the difference between two
alternatives for an attribute.

ADD Add the values of an attribute in STM.
PRODUCT Weight one value by anotherdi, multiplying).
ELIMINATE Remove an alternative from consideration.

4 To the knowledge of the author, there is nchsaic attempt foa strategic environment so far.

5 The idea of Thinking Aloud Protocols is to ask a subject \ithatthinking while fulfilling a task, hoping that
verbalizes every conscious steptsefinner processA detailed introduction to this PTT will be given in Chager

8 Even if it primarily remains a model, the notion of addressing htgvatility to store information for different
durations is widely acceptelricsson and Kintsch 1995, 234 and hence is followed here.
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MOVE Go to next element of the external environment.
CHOOSE Announce preferred alternative and stop the process

4.2 Heuristics and Corresponding Production Systems

Following CostaGomes et al(2001) the present studgleals with decisionmaking in the
strategic environment of twperson normatorm games of complete informatiomhe focusis

laid onthe decisiormaking process as an initial answer to a so far unknown problenCiasta
Gomes et al(2001) presena setof heuristicsthey assume to be most commastentified in
several behavioral studies or at least suggested by other researchers. With thgin stieg
aimfor a proper diversity to describe "decision [making] and information searches without overly
constraining the data analysis, yet small enough to avoid overfitting" to gain a maximum of
explanatory powerGostaGomes et al. 20Q1p. 1205). Several papers are suggesting other
behavioral patterns. However, those are either differing just slightly regarding information
processing and hencemy a similar set of EIPs (e.gStahl and Wilsor(1995). Alternatively,

they simply not suit this kind of decision taste.g.,Tversky (1969) Tversky (1972) Bettman
(1979) Thorngatg(1980).

The following heuristics and thedlescriptionsare in reasonablcompliance with the suggestions
of CostaGomes et al(2001) Table 2 gives an overview of the heuristics considered afd
selectedaspects The heuristicsare classified as either strategic mm-strategic Non-strategic
heuristics stated aiRandom, Altruism, Optimism, PessimismdNaive On the side of strategic
heuistics,one can findEquilibrium andSophisticateégxpandedy the bounded rational strategic
heuristicsD1, D2, and L2. A total of ten heuristicserve as analysis pool to identify the
underlying set of EIPs. Therategic heuristics are in line with the lev@strategy approach of
the cognitive hierarchy model proposed Bamerer et al. (2004, pp. 862 ff.) Several
experimental studies so far employ thEutter et al. 2003; Camerer et al. 2004; Reutskaja et al.
2011; Arad and Rubinstein 2012; Lindner and Sutter 2013; Lindner 2014; Chen et al. 2014)

In the following the heuristics are described regardibgctiveand procedwal aspectsresulting

EIPs includedThe procedure of information acquisition, processing and choice recommendation
when applied to normdbrm games is presenteBven thogh not necessary for thgoak of
identifying the underlying set of EIPs, their description implies the concept of time limitation

behavior. It includes the behavior that follows a termination through time limitation. By
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suggesting a more riskverse behawor, especially nonstrategic heuristics rather rely on
information whichhasalreadybeengathered than on chance. That means, in case of exceeding a
time limit, those heuristics choose from alternatives which are at least partly observed, neglecting
the unobserved ones. However, it is questionable whether this leads to an effective decision in
terms of maximizing payoffs. Besides that, the procedure is a simplification, since other attitudes

towards risk are thinkable.

TABLE 271 SET OF HEURISTICS ANDSELECTED CHARACTERISICS

Heuristic Classification Goal Use of Level of
information  reasoning

Random Non-strategic Choose None 0
Altruism Non-strategic Max social payoff All 0
Optimism Non-strategic Max own payoff  Own payoff 0
Pessinsm Non-strategic Max minimal Own payoff 0
own payoff
Naive Non-strategic Max own payoff Own payoff 1
L2 Strategic Max own payoff  All 2
D1 Strategic Max own payoff  All 1
D2 Strategic Max own payoff  All 2
Equilibrium Strategic Max own payoff  All b
Sophisticated Strategic Max own payoff  All b

Nonetheless, it is helpful, since it reduces the behavioral degrees of freedom and hence the
amount of investigation. Finally, this simplification can be addressed in forthcoming studies. The
implementationof an ultimate action taken at the moment the time expires is useful for later
investigations regarding heuristics' performance under time pressure conditantswith each
heuristicof the given seta production systens presened. The developmenprocess of those
production systems follows suggestions of Newell etl®72, who verbalize the execution of a

heuristic as a condition/acti@etin the following form:
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Al f ¢ odrisdnietf do actio. 0O

The sequence of conditions within thetis the actual order of testing the conditions. Actions
shall be interpreted as fundamental as possible (i.e., basic steps). A claim limiting this proposal
says that a single step shouldl#hwa unit of meanindor the heuristic and should substantially
serve the execution of the heuristic's procedure. After one condition is metnaction took

place, thesetis virtually scanned again from the beginning. Beé&is completein the sens¢hat
undefined conditiog within the production system aiavalid. The heuristics' intention and
commonly used description depict the starting points of the production systems' development.
The heuristics are applied to rrmalform gametask, recordingthe steps takerfor each
condition. Finishing the taskeandfinishing the execution of the production $ys at the same

time. As mentioned above, the production systems consider the timeconwition for future
purpose in the context of the preserdrkv This condition requires a random decision in some
casesl n this treatise all random deci sions that
are based odiscrete unifornprobability distributiors: each of thed (remaining) alternatives is

chosen with a probability gifd .

The production systems of the corresponding set of heuristics are presented¢ahutwo tables.
The interpretation is as follows:hé satisfaction of the condition (left column) triggeas

corresponding action (right column).

Random

The Randomheuristic is the only one of the ten mentioned thasdoot necessarily require
knowledge of the payoff sets. Alternatives available are chosen with the same prgbability
without reducing the set @iternativesin game theorysuch choice behavior is also referred to

as naturdike play, implying thatthe outcome of a decision is driven by chamkssune that a

pl ayer deRowihasaa md a sQolldnarghast pude strategies in a normirm

game In this case, there agez & cells in the payoff matrix and a combineg ¢ z & payoff
information set. In its extreme version, tRandomheuristic considers some information subset
sized between zero ark € 2 & p before choosing a strategy. In fact, applying this heuristic
there is no need to look up all given payoff information. Regardless of the later defined
production set when analyzing experimental data, not using all presefasedation is always a

proper hint of &Randonchoice. Of course, it is possible to process all information, but thgt
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definitioni does not influence the decision itself. Mnimizethe effortof the cognitive process

no information should be proced.It is hence expectable that the amount of applied EIPs in

processing the production system remains constant at a shallow level, regardless of changing time

pressure parameteiBable3 shows the production sgsn ofRandom

TABLE 37 PRODUCTION SYSTEM OHEURISTICRANDOM

If an alternative is chosen, END game.
If the game starts, CHOOSE an alternative randomly.
Altruism

The heuristicAltruism aims at the maximization of the two | a y ®mbenéd payoff, also
referred to adisocial payofb. It is pseudo strategic since
account (in exclusivelyioncooperativegames).’ The heuristicschedules to checkny payoff
information given. The order of checkingetltells of the payoff matrix could be arbitrary. A

schematic procedure starting in any of the matrix' ceraed checking consecutive cells of

either row or column direction should minimize the effort. If it comes to an early termination of

the proceduréhrough éective time limitation, the production system produces in its final atep

random decision between all alternatives. Alternatively, if already determined, the alternative

which contains the current maximum is chosgéable 4 presents the design of the production

systentollowing thisidea

TABLE 47 PRODUCTION SYSTEM OHEURISTICALTRUISM

If an alternative is chosen, END game.

If time limit is reached anducrent max =  CHOGOSE an alternative randomly.

empty;

If no new alternative or time limieacheg CHOOSE alternative containing current
max.

If no new cell in alternative, MOVE to next new alternative.

Y This heuristic is regarded as nsmategic since no reasoning for the behavior of theraplayer in a strategic
sense is scheduled. An altruistic player implicitly assumes that the opponent behaves altruiSasteg®omes et
al. 2001, p. 1195, footnotg.5
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If COMPARE finished, MOVE to next new cell.

If payoff sum cell > READ (Store) payoff sum cell as new
current nax, current max. COMPARE finished.

If payoff sum cell < ELIMINATE cell. COMPARE finished.
current max,

If new cell READ & ADD, COMPARE to current max.

If new cell open, READ and ADD payoff pair.

If new cell closed, OPEN new cell.

If the game starts, MOVE to the first alternative, first cell.

Current max = empty.

Optimism

The Optimismheuristic focusses on the payoff of one player exclusively, since it looks for the
maximum in this payoff set. That means every flagell is at least visited once before a
decision can be chosen. An also common name for this heuristic Matkimaxdecision rule
(CostaGomes et al. 2001, £195) In case of an early termination through time limitatian
random decision is made or, if at$e@ne is already determined, the strategy which contains the

current maximum is chosen. The corresponding produstistemis presented ifableb.

TABLE 517 PRODUCTION SYSTEM OHEURISTICOPTIMISM

If an alternative is chosen, END game.

If time limit is reached anduwcrent max =  CHOOSE an alternative randomly.

empty,

If no new alternative or time limreached CHOOSE alternative containing current
max.

If no new cell in alternative, MOVE to next new alternative, new cell.

If COMPARE finished, MOVE to next new cell.

If own payoff cell > READ (Store) own payoff cell as new

current max, current max. COMPARE finished.

If own payoff cell < ELIMINATE cell. COMPARE finished.

current max,

If new cell READ, COMPARE to current max.

If new cell open, READ own payoff.
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If new cell closed, OPEN new cell.

If the game starts, MOVE to the first alternative, first cell.
Current max = empty.

Pessimism

Same as th@®ptimism heuristic, thePessimismheuristiconly focusono ne p |Ipaywffe r 6 s
aiming to maximizethe minimal strategic outcome. That is optimally done through a strategy
wise search of every payoff cell, working out the minimal outcome of each strategy and choosing
the strategy where thminimum is maximal. An also common name for this heuristic is the
Maximin decision rule(CostaGomes et al. 2001, f195) The behavior in case of early
termination is equivalent to the one Ofptimism The corresponding productiosystemis

presented ifable6.

TABLE 67 PRODUCTION SYSTEM OHEURISTICPESSIMISM

If an alternative is chosen, END game.

If time limit is reached anducrent max =  CHOOSE an alternative randomly.

empty,

If no new alterntive or time limitreached CHOOSE alternative containing current
max.

If COMPARE finished, MOVE to next new alternative, new cell.

If current min < current max, ELIMINATE current alternative.
COMPARE finished.

If current min > current max, READ currentmin as current max. (Store
containing alternative). COMPARE
finished.

If no new cell in alternative, COMPARE to current max.

If COMPARE finished, MOVE to next new cell.

If payoff cell < current min, READ (Store) payoff cell as new current
min. COMPAREfinished.

If payoff cell > current min, ELIMINATE cell. COMPARE finished.

If new cell READ, COMPARE to current min.

If new cell open, READ payoff.
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If new cell closed, OPEN new cell.

If the game starts, MOVE to the first alternative, first cell.
Current max = empty. Current min =
empty. CHOOSE focus=own payoff

Naive

The Naive heuristic is pseudstrategic since it takes the oppor@snbehavior into account.
However, thisbehavioris simply expected to ba random choice with an underlying uniform
probability distribution. That means the heuristic optimiaes p | @ytcemedagainst a natdre

like behaving player. Thus, it is not necessary to look up the opponent's payoff using this
heuristic.The easiest way to proceed is summing up the own straettpgyoffs and choosing the
strategy with the maximum sum. If the process is interrupted by time limitation without having
evaluated a single alternative completely, a random decision considers all alternatives available
with same probability Else, the @érnative which contains the current maximum is chosen.

Following this idea the production system for this heuristic is as showieinle7.

TABLE 71 PRODUCTION SYSTEM OMHEURISTICNAIVE

If an alternative is chosen, END game.

If time limit reachedAND alternative CHOOSE alternative containing current

containing current max exists, max.

If time limit reached CHOOSE an alternative from remaining
alternative set randomly.

If no new alterntve, CHOOSE alternative containing current
max.

If COMPARE finished, MOVE to next new alternative, new cell.

If current sum < current max, ELIMINATE current alternative. Current

sum = 0. COMPARE finished.

If current sum > current max, READ current sunas current max. (Store
containing alternativg Current sum = 0.
COMPARE finished.

If no new cell in alternative, COMPARE to current max.

If ADD finished, MOVE to next new cell.
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If new cell READ, ADD to current sum.

If new cell open, READ own payoff.
If new cell closed, OPEN new cell.
If the game starts, MOVE to the first strategy, first cell.

Current sum = 0. Current max = empty.

Naiveconcludes the set afon-strategicheuristics discussed here. In the following paragraphs,
the focus shifts tohe set of saalled s$rategic heuristics. In oppositioto nonstrategic
heuristics, all of them take the opponent's action into account to find the optimal strategy. These

heuristics are presentedthmeir order ofincreasingsophistication.

L2

The heurific L2 is the best response aive Thus, it is of bounded rationality. In the beginning

the production systempf{esented imable 8) is similar to the one diaiveto detectthe strategy

of a potentialNaiveplaying opponentln the next step, ilevelo the best answer towards that
strategy If it comes to an early termination of the process through time limitation, a random
decision between the remaining set of alternatives is made. The set, in fact, w#él restuced

until the opponent's alternative is determined and at least two of the own alternatives are
compared towards their outcome against the opponent's choice. The reduction seems remarkable
late compared to all other heuristics, which aim at a temluof alternatives and will be subject

to further studies addressing the performance of heuristics under time pressure conditions.

TABLE 87 PRODUCTION SYSTEM OHEURISTICL2

If strategy is chosen, END game.

If time limit reachedand awrrent max = CHOOSE an alternative from remaining
empty, alternative set randomly.

If no new cell in max_stradr time limit CHOOSE own strategy containing
reached currentmax.

If own payoff < ELIMINATE cell containing own payoff.
currentmax,

If own payoff > own payoff = current max, MOVE to next
currentmax, cell in max_strat.
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If cell of max_strat READ, COMPARE own pagff to currentmax.
If max_strat stored, MOVE to first cell of max_strat.

If no new strategy, STORE opponent strategy coimiag
current max as max_stratl cells of
max_strat = new cells, GBIOSE focus =
own payoff, curreninax= empty.

If COMPARE finished, MOVE to next new strategy, new cell.

If current sum < current max, ELIMINATE current strategy. Current sur
= 0. COMPARE finished.

If current sum > current max, READ current sum as current max. (Stort
containing strategy Current sum = 0.
COMPARE finished.

If no new cell in strategy, COMPARE to current max.

If ADD finished, MOVE to next new cell.

If new cell READ, ADD to current sum.

If new cell open, READ focussed payoff.

If new cell closed, OPEN new cell.

If the game starts, MOVE to first opponent strategy, first cell

Current sum = 0. Current max = empty.
CHOOSE focus= opponent payoff.

D1

Heuristic D1 symbolzes bounded rationality with a player having a cognitive hierarchy
equivalent to a reasoning level ® p. Hence, one round of iterated elimination of dominated
strategies is played. Out of the remaining strategies the one is chosen that reflects the best answer
to a decision an opponent takes who plays hisetoninated strategies with equal probalyili

That procedure, in turn, is equivalentNoa P vcboire determination process. The prdauc
systemfor the case o6t arti ng to search for domyseast ed st

shown inTable9.

TABLE 97 PRODUCTION SYSTEM OHEURISTICD1

If strategy is chosen, END game.

If time limit reachedandalternative CHOOSE alternative containing current
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containing current max exists,

If CHANGE_count = 2

(= if focus changedivice
reached

If CHANGE count =1,
(= if focus changed oncE)

Y€ or time limit

If all strategies compared to each other,

If all payoffs in strategy compared,

If no newcells in strategy,
If MOVE 3 + MOVE 2 not possible,
If COMPARE finished,

COMPARE_ strategies(a,b):
case & b:

case else:

If two max containing strategies in STM,

COMPARE_ payoff(a,b): case a>b:

case else:

If two payoffs in STM,

If one payoff in STM,
If cell READ,
If cell open,

If payoff focus = opponent,

max.

CHOOSE a strategy from remaining
strategy setandomly

Current max = empty. MOVE to first
(nearest) strategy, first cell. First strategy
current strategy. First cell = currecell.
Next MOVE = MOVE 1.

CHANGE focus. CHANGE_count =
CHANGE_count +1.

ELIMINATE strategy not containing max.
Next MOVE = MOVE to next new
strategy, new cell.

all payoffs in strategy compared.
no new cells in strategy.

do next MOVE.

next MOVE = MOVE 3 + MOVE 2.
COMPARE_strategies finigl.
ELIMINATE payoff and strategies from
STM. Next MOVE = MOVE to next new
strategy, new cell.

COMPARE_strategies(stratl, strat2)

max=a. COMPARE_ payoff finished.
max=b. COMPARE_ payoff finished.

COMPARE_payoffs(payoff_1, payoff_2).
STORE max containing strategy in STM.
ELIMINATE payoffs from STM.

next MOVE = MOVE 1. Do next MOVE.
STORE payoff in STM.
READ payoff.

FOCUS on opponent payoff data. MOVE
= horizontal to new cell in next strategy,

181f focus changed two times, elimination is finished and a strategy is to be chosen from the remaining set.
19 After the first round, variables are initialized for round two.
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MOVE 2 = vertical to new cell in current
strategy,
MOVE 3= (MOVE 1).

If payoff focus = own, FOCUS on own payoff data. MOVE 1 =
vertical to new cell in next strategy, MOV
2 = horizontal to new cell in current

strategy,
MOVE 3= (MOVE 1).
If cell closed, OPEN cell.
If the game starts, CHOOSE payoff focus. Ctent max =

empty. MOVE to first (nearest) strategy,
first cell. First strategy = current strategy.
First cell = current cell. CHANGE_count
0.

D2

The algorithm ofD2 works analogouslyo D1, excepthaving two rounds of iterated elimination

of dominated sategies. For games with one dominated stratBdyand D2 lead to the same
result.Oneround of iteratively eliminating dominated strategies implesfollowing procedure:

for both players each, eliminate the strategies thatd@am@natedby at leastone strategyof the
sameset. That is done by pairwise comparison of strategy payoffs, for two strategieJ leach.
second round begins wittestructuringthe remaining strategy set for both players. That is a
restriction and implies normative behavior @nit excludesthe possibility that one player is
eliminating just one strategy (the first recognized) and immediately begins the second round by
building up the remaining strategy set. That could be effective if no other dominated strategy is
present in tht current round since no more strategies need to be inspected. Nonetheless, this
possible behavior is natffectingthe minimum set of EIPs and hence could be negleéfeth

case of an early termination through effective time limitation, a random cisowade between

the remaining alternatives. The production systentgase ofstarting to search for dominated

strategi es i n ogskodrsinTabield. strategy set,

20With a proper set of EIPs, this behavior is likely to beatetkin a potential expienentdatabase.
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TABLE 107 PRODUCTON SYSTEM OF HEURISIC D2

If strategy is chosen, END game.

If time limit reachedandalternative CHOOSE alternative containing current
containing current max exists, max.

If CHANGE_count = 4 or time limit CHOOSE a strategy from remaining
reachecf’ straegy serandomly

If CHANGE_count < 4, Current max = empty.

MOVE to first (nearest) strategy, first cell
First strategy = current strategy. First cell
current cell.

Next MOVE = MOVE 1%

If all strategies compared to each other, CHANGE focus. CHANGEcount =
CHANGE_count +1.

If all payoffs in strategy compared, ELIMINATE strategy not containing max.
Next MOVE = MOVE to next new
strategy, new cell.

If no new cells in strategy, all payoffs in strategy compared.
If MOVE 3 + MOVE 2 not possible, no nav cells in strategy.

If COMPARE finished, do next MOVE.
COMPARE_strategies(a,b):

case & b: next MOVE = MOVE 3 + MOVE 2.

COMPARE_strategies finished.

ELIMINATE payoff and strategies from

STM. Next MOVE = MOVE to next new
case else: strategy, new ckl

If two max containing strategies in STM, COMPARE_strategies(stratl, strat2)

COMPARE_ payoff(a,b): case a>b:
max=a. COMPARE_ payoff finished.
case else: max=b. COMPARE_ payoff finished.

If two payoffs in STM, COMPARE_ payoffs(payoff_1, payoff 2).
STORE max containing strategy in STM.
ELIMINATE payoffs from STM.

L This is trueif focus changed twice. In that case, elimination is finished, and an alternative is selected from the
remaining set.
?2nitialization for round two.
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If one payoff in STM,
If cell READ,
If cell open,

If payoff focus = opponent,

If payoff focus = own,

If cell closed,

If the game starts,

Next MOVE = MOVE 1. Do next MOVE.
STORE payoff in STM.
READ payoff.

FOCUS on opponent payoff data. MOVE
= horizontal to new cell in next strategy,
MOVE 2 = vertical to new cell in current
strategy,

MOVE 3= (MOVE 1).

FOCUS on own payoff data. MOVE 1 =
vertical to new cell in next strategy, MOV
2 = horizontal to new cell in current
strategy,

MOVE 3= (MOVE 1).

OPEN cell.

CHOOSE payoff focus. Current max =
empty. MOVE to first (nearest) strategy,
first cell. First strategy = current strategy.
First cell = current cell. CHANGE_count
0.

Equilibr ium

The production system of the heuridiquilibrium is quite similar to the one &1 or D2. Only

the abort criterion differs, since the algorithm does not end after one or two elimination rounds,

but if elimination is no longer possiblén case of efctive time limitation, the termination

behavior is equivalent to the one®f andD2. The production systerm shown inTable11.

TABLE 117 PRODUCTION SYSTEM OHEURISTICEQUILIBRIUM

If strategy is chosen,

If time limit reachedandalternative
containing current max exists

If no more ELIMINATION after last two
changes of focus,

If all strategies compared to each other,

If all payoffs in strategy compared,

END game.

CHOOSE alternative containing current
max.

CHOOSE a strategy from remaining
strategy sehaivdy.

CHANGE focus. CHANGE_count =
CHANGE_count +1.

ELIMINATE strategy not containing max.
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If no new cells in strategy,
If MOVE 3 + MOVE 2 not possible,
If COMPARE finished,

COMPARE_ strategies(a,b):
case & b:

case else:
If two max containing strategies in STM,

COMPARE_ payoff(a,b): case a>b:

case else:

If two payoffs in STM,

If one payoff in STM,
If cell read,
If cell open,

If payoff focus = opponent,

If payoff focus = own,

If cell closed,

If the game starts,

Next MOVE = MOVE to next new
strategy, new cell.

all payoffsin strategy compared.
no new cells in strategy.

do next MOVE.

next MOVE = MOVE 3 + MOVE 2.
COMPARE_strategies finished.
ELIMINATE payoff and stratgies from
STM. Next MOVE = MOVE to next new
strategy, new cell.

COMPARE_ strategies(stratl, strat2)

max=a. COMPARE_ payoff finished.
max=b. COMPARE_ payoff finished.

COMPARE_payoffs(payoff_1, payoff_2).
STORE max containing strategy in STM.
ELIMINATE payoffs from STM.

next MOVE = MOVE 1. Do next MOVE.
STORE payoff in STM.
READ payoft.

FOCUS on opponent payoff data. MOVE
= horizontal to new cell in next strategy,
MOVE 2 = vertical to new cell in current
strategy,

MOVE 3= (MOVE 1).

FOCUS on own payoff data. MOVE 1 =
vertical to new cell in next strategy, MOV
2 = horizontal to new cell in current
strategy,
MOVE 3 =

OPEN cell.

(MOVE 1).

CHOOSE payoff focus. Ctent max =
empty. MOVE to first (nearest) strategy,
first cell. First strategy = current strategy.
First cell = current cell. CHANGE_count
0.
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Sophisticated

The most complex heuristic entitled SophisticatedIt is more of a theoretical construct than
heuristic. CostaGomes et al(2001, p.1195) describe thisheuristic as perfectly rationalt
perfectly predictsthe opponents' behavior and is thus able to generate the perfect answer
regarding strategy choice. How this optimal assumption about the distribution of types within
potential opponents is determinedante, remains unclear. Hence, it needs to be developed ex
post. What could be argued is tlilaho heuristic can be excluded-axte,Sophisticatedvould

needto determine the choice of all othglayers. Suppose those players apply (at least parts of)
heuristics to elaborate their decision. In that cabke, groduction systenof Sophisticated
necessariljhas to includehe produdbn systems of althoseheuristicsapplied. Thesize of the
production systerwould thus béy far the largesgven without considerintpe determination of

the heuristics distributioamong the playersNhen applied undesffective time limitationthis
heuristic seemingly needs to rely mainly Bandomchoice, since it takes so long to conduct.
Following the arguments stated, there might be no proper production system with which a human
decisionmaker could execute this heuristic effectively while probsolving, especially under

time pressurd-or those reasona production system cannot be presented here.

4.3 Minimum Set of EIPs

The specific EIPs in use in the production systems mentioned above form the set stated in
Table 12. Both, constitution of the set and definition of the ElIRse differing slightly in
comparison to Johnson et al. (1985). This fact is not surprising since the decisiatudgdby
Johnson et al. (1985) are different from the ones oft&Gomes et al. (2001) regarding
fundamental aspects. The set of EIPs is-sgmcific, making it a distinguishable property of a

set. Note that the set of EIPs is aimed to be as small as possibéedistinct types oEIPsit
comprises but still big enough to describe the mental process accurately. This limitation has
practical reasns: tacing EIPs in experimental data of human behavior is easier asdspests

need to be considered. Also, given the assumption that a minimal set of EIPs is gainiglete
easier to distinguisamong EIPs when thedefinitions are disjunctive. Thus, the interpretation of

behavior regarding EIPs is much more comfortable.
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TABLE 127 (RE)DEFINITION OF EPS AND SET OF EIPS

EIP Definition

READ Read (focused) cell content into Short Term Memory
(STM).

COMPARE Compare two strategid€SOMPARE [) or twopayoffs
(COMPARE Il)regarding max/min/equivalence.

OPEN Uncover payoff information of eell.

ADD Add a payoff to a sum in STM.

END Stop process

ELIMINATE Remove cell/ strategy from consideration.

MOVE Go to (next) cell/strategy.

CHOOSE Announce preferred alternative.

FOCUS Focus view/mind on own/opponent/both payoff(s).

STORE Save date/score/result in STM.

The heuristicsdiffer in the sze of their production systems. Since ti@nstrategicheuristics
onl y eval ua pagoff one @isitpet calyseuffidient. The strategic heuristics, which
additionally take into account the opponent's payoikéed torevisit the cells Generdy, that
increases the total numbefr EIPsapplied within the task processingowever,this fact aloneis

not a sufficientindicator for the expectabl®tal number of EIPsor the variety of the set of

EIPs?® Nonstrategicheuristics also require feweypes of different EIPs in their production
systems than the strategic heuristics. In general, strategic heuristics use a greater number of
different types of EIPs and more EIPs compareabtestrategicones. They are thus more effort

intensive per se.

However, this statement is only wvalid for the

might use none of the heuristics mentioned above or only one or more than one heuristic when
solving a decisiommaking problenf* That would result in an individuaéquirement of different

types of EIPs as well as an individual total number of EIPs applied within the task.

23 This number seems to be more a matter of the number of pure strategisyers face in a game.
4 This issue is stated Hyevetag et a2016, p.198) after analyzing relevant studies in strategic decisiafking.
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Looking at the derived set of EIPs as presentédlrie12, one finds some EIPs causing specific
motions or at least motoric effects: READ, OPEN, END, MOVE, and FOCUS. That makes them
easier to trace. Others are seemingly limited to cogni@G@MPARE, ADD, ELIMINATE, and
STORE. In that case, the EIPs must be traced indirectly, for instance throughsaolys
behavioral context. CHOOSE could be both. For example, choosing a strategy by ditking

button is a motoric issue. However, choosing a payoff focus is limited to a mental process.

Nonetheless, FOCUS is a perfect indicator, providing the reS@HOOSE in the latter case.
What is more interesting is the fact that some heuristics use certain EIPs exclusiveltheOnly
strategicheuristicsD1, D2, andEquilibrium apply COMPARE to compare two strategids is
thus further referred to as stratedtIP. In Table 12, this EIP is designated as COMPARE |I.
From that the case is to be distinguished when comparing two payoffs (COMPARE II).

In the first part of this treatise, the author developed a concept thades peparatiortimein a

process model of strategic decisimaking. This seemed necessary, since studies of strategic
decisionmaking under time pressure, which omit the process perspective and rely on decision
informationonly, have difficulties innterpreting some of the observed effects. The author could
show the relevance of process components, n a
studying such processes and finally identifying patterns of the cognitive process. The set of EIPs
potentialy in use in strategic decisianaking was derived from a set of heuristics commonly
adopted in such taskshdir descriptiors weretransforned into production systemahich offer
directaccess to ElPased in thgrocessThis representation can be transgfied into computer

code and hence easily applied to different problem tasksaarais time pressure conditions

The implications of the preparation time model need to be studied in more detail to elaborate the
predictions of behavior. In this contexteth heur i sti cs o perfor mance
conditions is of particular interest from a normative perspective. A simulappnoachcan

acquire performance benchmarks and characteristiep&terns which potentially show up in

real decisiommaking, too Those results will help formulating hypotheses of observable decision
behavior with deeper understanding. The simulatiomeoiristics' behavior under time pressisre

subject otthefollowing Partll of thetreatise.
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Part Il of this treatise provides a description of the simulation approach that is developed to
elaborate the predictions of the preparation time model.-gevson normatorm games with

complete information in various fims serve as decisianaking tasks that are solved under
varying time | imit conditions. The playerso6 &b

heuristics.

The approach is described in ChagieData aalysis and results are presented in the subsequent
Chapter6. A discussion of successful behavioral patterns in Chaptemcludes Part II. The
elaborated implicationsfdhe preparation time model are evaluated in the following Part Il of

this treatise.

5 Simulation Approach

In this dhapteran approach is presentedsimulae behavior in a variety of twperson normal

form games of complete information undiene presste conditons The pl ayer sé beh
decisionamaking tasks is represented by heuristics frorgiven set This approach allows

studying the performance of the heuristics under time pressure. Benchmarks can be defined from
the results and charactditsEIP-patterns can be determined. The results help to elaborate the
predictions from the preparation time model. Finally, hypotheses of cognitive processes under
time pressure can be formulated with deeper understanding of dewmiglong. Figure 4

illustrates the approach wittudy ontributionsdepicted inorange boxes The approach follows
suggestions dkelton and Bartorf2003)

Il n the simulation, heur i st plagessbinfopmatmmhcquisitiono n s y S
and processing chemes. Heuristics are matchadwo-persongames inchanging combinations

to study their interactive potential concerning payoff generaliane pressure is modeled as a

function of task complexity and timeniitation (see p.15, footnote 10). Effectiveness and

efficiency determine performanced conceptto measue performanceis derived from the
preparationtime model and its implicans. Thefollowing sectiors present this concept along

with the simulation procedure and the technical implementation of simulation and data analysis
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with Matlab (in version R2014b). Chapted deals with data anadjs and results, while in
Chapter7 successful behavioral patterns are discusbBlee.results contribute to partly answering

the second questioms this treatise formulated in Secti@r.

FIGURE4T1 SIMULATION CONCEPT
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5.1 Measuring Performance

In the context of this research, effectiveness and efficiency determine the performance of
heuristics. The Oxford Dictionary describes effectivenes&has degree to which something is
successful i n pr o(@xocdiDitignarees 20I8aHffectevrehess referaitd thed
fact of achieving ggoal( A r e s ul t @godaloftewheinghlinkédhtae some optimality criteria
( A de s Bettmah@979)discusses theote of goals in the context of choice motivation in
more detail. He defines goals as desired end states which are to be achieved from initial states,
characterized by the amount of information and resources avajiddtienan 1979, pl9). This
definition fits perfectly in a process approach and is thus followed here.
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The Oxford Dictionaryfurther defines efficiency asit he st ate or quality of
efficient as fachieving maxi mum prod@@xfdrdi vi ty
Dictionaries 2018b)The term efficiency addresses the relation between input resources and
realized output of agoal refering to quantitative aspects. Its applicability for evaluating
processes thus is evident.

Beforethese two aspects can be further characterized concerning itsthseewaluation of the
heuri st i cs,iisgueial fogiveramidea & the tedoptimalitydin this contextZakay

and Wooler(1984)intensively discuss the multiple meaning of optimality, especially in the fields
of psychological studies and in comparison to economic stpies273 f.) As a result of this
discussion, they point out the importance to concretize the term regéndirdpjectives of the

analysis

The purpose othis simulationapproachis to compee the performanceof a set of heuristics

under timelimited conditions.T h u s , the wunderstanding of t he
defined in this context. This understanding is given with the following four gthedsprimary

goal of the heuristics discsisd here is to provide a recommendation for a deci$iois.adds to

the aspect of effectivenedsis accomplished if the heuristic provides a recommendation and not
accomplished otherwis& or constructi onal reasons offerevery |
an ultimate choice recommendation, even when developing a decision under severe time
pressure. The first goal of the performance measurement apgraatiius no discriminatory

power in the examined set of hetids andneeds to be supplemented dher criteria. In the

evolving goal hierarchy, the primarygoal representsa necessary condition, triggering the
consideration of the subsequently implemergedk. If the primarygoal remains unachieved,

the following goak would not be either, makingufther considerations pointleddowever, as

single goal It is not sufficient to define op

Johnson et al1989 follow a comparable path in evaluating the performance of their heuristics

in use. They rely on two aspscthe effort of andhe accuracy in choice. Whereas the number of
involved EIPs estimates effort, the accuracy is linked to consistency in choice and in the degree
of following the (normative) rule of "Maximization of Expected Values (&{Johnson and
Payne 1985, pp. 396 f.)They expect the heuristics to differ markedly in the amount of

information processed until a solutidre(, decision) can be provided.
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Measuring the effort and evaluating its amount is both reasonable amuctdly easy to
implementin this simulation Accuracy in theunderstandingf Johnson et al(1985 aims at
evaluating the choice regarding rational aspeetating it to the most rational decision rule they
found. In the context of the present stuthis would mean to relate choice to tBquilibrium
decision. However, decisisrof the Equilibrium heuristic might not be the most $ogticated
under time restrictedonditions.Instead linking it to theEquilibrium decisionmadewithout time
pressure wuld go beyond the context, comparing choices utatally different conditionsThat
would hence set the wronigamework for interpretation. It is thus necessary developan

adequate and applicable evaluation system.

The three supplementingoak presated in the following are related to the primary one of
generating a choice recommendation and formulate principles to evaluate and discriminate the

heuristics' performance.

The first of those thresupplementing goals the reduction of the set of altatives, referring to

the aspect of effectiveness. Apparently, a reduction to one remaining alternative is equivalent to a
decision,and, hence fulfilling the primangoal The reduction procedure of the examined set of
heuristics principally follows reasahle criteria in the sense of rational choice. An arbitrary
reduction, having the same effect as a random choice, would sergo#hatlequately. Hence,

this goalneeds to be complemented by a quality condition of choice to interpret the performance
compehensively. The seconsupplementinggoal implements such a quality criterion when
demanding the maximization of a certain pa§ofh a game. It refers to the aspect of
effectivenessThe lastgoal proposed in this context is the reduction of effort, amfulating
equivalently, the minimization of decision time. That issue refers to the aspect of efficiency,

describing measurable means of the levejazlachievement.

Those fourgoak together determine the term optimality in use here and hence folmadiseof
the evaluation concept of this studyble 13 summarizes this evaluation concepte degree of
fulfilling these goak describe the optimality of a heuristic. The fougoak can be further
categorized mgarding their contribution to the aspects of effectiveness and efficiency to

characterize the performance of the heuristics. So, when examining a heuristic's effectiveness, the

5 Usuallyit is the payoff of one player. The exceptions are the heurislinism which aims to maximize payoff
of both players, anBessimism whi ch aims to maxi mize a playerdéds mini mu
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degree to which it fulfills th&soak 1 to 3 is reflected.Efficiency is deternmed by the results
achieved at Goal 4lt is further possible to compare the heuristics concerning optimality,

classified ingoak (11 4) and category (effectiveness/efficiency).

TABLE 1317 EVALUATION CONCEPT

Goal Effectiveness Efficiency Measured variable
[dimension]

1 Propose aetision. X Fulfillment
[Booleanf® (const.)

2 Reduceset of X Sum of remaining

aternatives. aternatives

[Integer]

3 Maximize ertainpayoff. X Payoff
[Rational]

4 Minimize dfort. X Sum of EIPs
[Integer]

Generally, the term effectiveness describes the degree to which a result achieves a predefined
goal The underlying methodology henceforth must interpret this deg@i@eay and Wooler

(1984, p274)def i ne effectiveness as the fAdecision’'
logical handlingpp f e x i st i ng |olvipusly referdng td a procdsdeve of decision

making In the samespirit, several authors use this approach when comparing choice behavior

with a (normatively) optimal heuristi®¢ However, the conditions of optimality in case of
selectinga benchmark heuristicdlo n o t necessarily match the one.

concepp aspectThere might be otherbeing at least as good as the bemelnk rule (se&akay

6 Whether or not the primary objective is achieved can be pringipshsured by employing a Boolean variable.
Howeversi nce the heuristicsé production systems force a d
achieved for every simulated time limit condition

%" For the same purpose, other authorsoiiice the concept of "accuracy in choicddhnson and Payne 1985;

Payne et al. 1988or "quality of choice" $utter et al. 2003; Kocher and Sutter 2006their studies. Hence, the

meaning of the terms effectiveness, accuracy, and quality regarding choicebehauld mostly correspond, with

variations in the concrete implementation.
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and Wooler(1984, p.274)for examplé.”® As much as it seems evidentdefine one heuristic as

a benchmark, this approach is not followed in the following examination.

For theobjectivesof t hi s resear ch, effectiveness 1is re
decision (se@ablel3, Goal J). Since therandomch@c of r emai ni ng alternat
is inherent in any heuristic per definition, coming to a solution is no discriminatory aspect. It is
hence extended by the ability to reduce the set of alternativesTéde 13, Goal 3. The

reduction can be represented by the number of remaining alternatives in the moment df choice

the smaller the number, the more effective is the heuristic. Reducing thieadtetrnatives iso

guarantyof a reasonable choice regarding gual of maximizing payoff (sedable13, Goal 3.

For this, an evaluation concepiustconsider a criterion assessing the chosen alternative and the
resulting paydfneeds. Three potential ways to implement such a criterion presents the following

considerationAll of themsupport the interpretation of tliata.

Following the commonly proposed concept of effectiveness, benchmark heuristics are frequently
used to exptitly point out the performance of a heuristic in relation to the benchmarks. The
identification of those benchmark heuristics, in turn, depends on the anticipated perspective.
Usually, the assumingly best, worst or a combination of both regardingranere criteriais

applied to set the results of the heuristics in context Jelgason and Payne 1985; Payne et al.
1988; Bettman et al. 1990; Sutter et al. 2003; Kocher and Sutter 2006; Lindner and Sutter 2013;
Lindner 2013. In case of this studwnd similar toCostaGomes et al(2001, p.1195) the
heuristic Equilibrium represents the most sophisticated one of the set of examined heuristics
regarding rationality® Of course, it can only provide the equilibritstrategy, if at least one
exists and if a subject can fully process the heuristic. The opposite represents the heuristic

Random with supposedly no rationality in choice according to maximize payGial(3. The

8 They employed the (normative) mudtitribute utility rule as a benchmark for optimal choice behavior and name
its easyto-handle ability as the predominantly reason for tbikaice.

2% Note thatCostaGomes et al(2001, p.1205 investigated another heuristic nam&a"s"@? That theoretical
construct surpasses the decision qualityEqtiilibrium since it corretly estimates the distribution of heuristics
applied within a given population of subjects. Nevertheless, two of their central assumptions conflict with the
approach taken here, making it impossibleS8Ps"**%g be considered: LostaGomes et al(2001) assume that

the distribution of heuristics is fixed for their sétasks, ruling out adaptation. They need this for stochastic reasons
when estimating the distribution of heuristics within the population of subjects. 2. They explicitly examine the initial
behavior of subjects with no learning and no signaling. Thisiiiate implements that the distribution of heuristics
applied within a population cannot be determined (by either experimenter or subject) prior to a decision. Since this
would be necessary for applying tFf8"s"@*heyristic, this type is limited tdeoretical considerations, where retro
perspective information can be implemented in choice. In the current context, this is not possible.
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overall results of all other heuristics utd then be set in context to those two benchmark

heuristics for a particular game.

Alternatively, the payoff results could be transferred into a ranking. Since all heuristics face the
same payoff set, this transformation preserves the context. The albdistances are neglected.
It is further independent of benchmarksd offers the possibility of a comparison of the

heuristics' performance overglbak that is easy to execute.

The third method presented here transforms the resulting payoff of thetizsun accordance
with the maximum and minimum payoff in a payoff d8erewith,especially the impact of the
payoff values, as important context variable, could be reduced.

All three methods seem adequate, each highlighting different aspects, andaedrsidered
for presentation and discussion in this paper. Of course, the absaluésof the heuristics'

performance remain crucial for further analysis and thus will be presented, too.

The possible decisions of botHapersd perspective need to beonsideredto determine a

heuristic's choice payoff in norm&drm games. The evaluation of heuristics in norfoan

games regarding the quality of choice, measured in payoffbersis to the knowledge of the

author not examined in any study so far. 8aran-strategicdecisioamaking studies apply the

expected value of a particular heuristic in a related appr@E@adohnson and Payr{@985)and

Payne et al(1988) for instance) Transferring that procedure to the current strategic concept

i mplicates basic assumptions of opporftmet 6s ch
findings could principally be limited. Alternatively, the performance of a heuristic regarding the

Goal 3 can be estimated by consequently matching each heuristic with any other from the set.
This approach supports examining the impact of the heiris s 6 i nt eracti vity pr

Efficiency is often addressed in context with effectiveness, evaluating means and quantity of
means used to achievegaal. Models in decisiormaking theory that consider the consumption

of resources often examine the effiagnof decisions (e.g., the cdsenefit approach). The
information processing approach is to number antbnge modelsince this approach provides
immediate access for evaluating resource consumptioreofsioamaking (as a process
characteristic). Thiconsumption is usually linked to the effort of a heuristic. Thus, efficiency

can be related directly to effort. As elaborated earlier in this text, the concept of EIPs is
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undoubtedly useful to measure effort, even if determining the effort of a singleyEieasuring

its processing time still raises methodological concerns.

The time span between starting a task and accomplishing it is comfortable to determine if the
measurement design is appropriate. Whoever wants to determine the duration of tyges of El
faces the problem of generalizing the findings. That is because processing times can be widely
linked to individual abilities and the concrete tafBansereau and Greg@l966, p.71),
Kahneman(1973, 24 f.) Russo(1978, p.94), Wickens (1981, p.37), Bull and Johnstor§1997,

p.17), VanRullen and Thorpg2001b, p458)). Further, there remain several unresolved
problems with the identification of basic cognititesks that occur whilelecisioamaking *°

This identification als@omplicatesneasuring the duration of the basic cognitive tasks. Together
with existing criticism concerning the method of determining the duration of EIPs the use of time

asan appropri@means to estimate effort needs to be discussed in more detail.

One interesting result in this contexyiresentedby Johnson and Payngl985) eases the
measurement of effort markedly. Iheir study, the authors simulai®o models of estimating

effort throughtime duration of EIPs. The first model appiempirically derived durations for

every type of EIP as reported Bansereau and Gred4966, p.71), Chase(1978, p.85), and
Russo(1978, pp. 94 ff.) The effort is calculatetly sunming upall EIPs, with each summand
weighted by its (supposkq type-specificduration. The second model weighs each EIP equally,
even tlough assuming that all EIPs consume the same amount of time might be a substantial
simplification. Nonetheless, when comparing the models regarding their estimated effort, the
results show no significant different®hnson and Payne 1985406) In consequencga single

EIP can be used asmeasuring uniindependent of its concrete type

However, a notable disadvantage of this approach in studying the influence of time pressure is
the scale of results, which differs between the number of EIPs andNionetheless, motlag

time pressure by the number of EIPs and hence replacing time limitation with the limitation of

the number of EIPs is a natural extension of the idegirabn and Newel{(1971) It is already
successively implemented in stesl of Johnson and Payr(@985) Payne et al(1988)andCosta

Gomes et al(2001) The authorsd proposalldustad Gagpenterr y b a

%0 process tracing methods, even though evolving constantly, still rely heavily on the interpretation of observable
behavioral data to draw conclusions with respect to the underlying cognitive process. Hence, EIPs are usually traced
indirectly.
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(1976, p477) and Card et al.(1980, pp. 61 ff.)who could show a significant relationship
between the number of EIPs and response times for several cognitive tasks. Following the
concept of information processing and interpreting EIPs as processes, each Hlfesons
resources (including time), by definitionherefore the relationship between the number of EIPs

and response time is stringent.

The resulting numbers of EIPs can further be used to evaluate the efficiency of helristics
isolated or in comparisoiit should be noted that the comparison of effort between two heuristics
only makes sense if both heuristics meet the required con@itabmeveGoal 1, Table 13,) and

are applied to the same decision taslollowing the presented evaluation concept, the
performance of a heuristic is more efficient when less EIPsgpkedto reach the samgoal

(for the correspondingoalseeTable13, Goal4).

To set the resulting effoih context, Johnson et 41985 again prefer a benchmark. They use
Randomas a lower bound for effort since this heuristic needs by far the fewest number of EIPs to
make a decision, independent of any task vari@ldbnson and Payne 1985307). This bound

holds in cae of strategic decision tasks, too. In fact, it is stable under all task varying
conditions®* Employing Randomasa benchmarkwvould hence have the same effect as using an
absolute scale with thRandomvalue as an additive constabsolute numbers (whsh are
naturally measured on an absolute scaie) rankings arthereforeregarded as sufficient here

measure efficiency

Three variables are identified that link simulation data to the two aspects effectiveness and
efficiency. The first one is the suof EIPs used by a heuristic until a choice is made from the set
of alternatives. This aspect is regularly used to measure effort and to compare heuristics'
efficiency ee, for instancelohnson and Payr{@985, p.398) andPayne et al(1988, p.542).

The secondaspectconsiders the choice and resulting payoff whenoegd to alternatives
identified by other heuristicsdereby,a more detaile@valuationof the heuristics' performance
regarding quality can be achieved as several other studies pr@obsson and Payn@985,

396 f.), Payne et al(1988, p551), CostaGomes et al(2001, p.1194).

31 See the time limit section below in this chapter for a detailed description of the proposed perfornRarmoaf
under timeimitation.
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Finally, the number of remaining alternatives before the ultimate choice occurs is presethed
third variable It is directly linked to the effectiveness of the heuristics, vikdndomchoice
serving as an uppebound for comparisonTable 13 summarizes the evaluation concept,

including the categorization of tlywak identified and correspondimgeasured variabse

5.2 Heuiristics

CostaGomes et al(2001, p.1195)propose the set of heuristics which serves as simulation basis
here. They cite the commonness of use in the strategic demsiking environment of normal
form games as the reason for selecting thisSiate the heuristics face broad distribution within
relevant studiegheir involvement offers a reasonable possibility of linking the results obtained

here to those of numerous other studies.

CostaGomes et al(200]) categorizeheir setin strategicheuristics implying the consideration

of the opponent 0s npnestyatedicheuristicsf Ther latterinciude Randoe n d
Altruism, Optimism Pessimism and Naive whereas the strategic heuristics @&, D2, L2,
Equilibrium, and SophisticatedThe set of heuristics is identical to the one applied for deriving
the minimum set of EIPs in Chapt8r which also describes heuristics. Sectib provides a
detailkd description of th€orresponding production systems for this set of heuristics. This form
Is transferable into flow chartghich support implementation in variogsogramminganguages

without further changes.

In comparison to other solution conceptglafssic game theory, the choice of mixed equilibria is
ruled out. None of the heuristics offer this possibility in their production system's
implementation. The reason is its missing representation in human choice behavior in initial

decisionmaking(i.e., one round of play).

Whenever the execution of a heurigicclose to being interruptday exceeding the time limit
the ultimate action is per definition a random choice between remaining alterriativesce,

any heuristic presented hdmaishes wth selecting one dhepure strategies.

32 Note that the trivial case of making no decision or failing to make a decision is not of interest here. No decision
implicates that the game is not played. A punishment as consequence of not choosing is not part of the simulation.
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5.3 Task Variablesin Simulation

Task variables and context variables specify decision tRskse et al(1988, p.536)define task
variables as fA[€é] gener al ¢ h a thar intpactroidscisionc s o f
makingi s i ndependent o&l ude &f éf h ¢ . aColtextevaridbies | we s
are particular values of alinatives. In normafiorm games, task variables are game type, number

of alternatives and time limitation, whereas the payoff values count as context variables. It seems
relevant to emphasize the relationship between game type and payoff value to bkrify t
categorization of both variables. The game type provides a specific payoff structure with a fixed
status for the alternatives. This status, for example, describes whether an alternative is dominated
or not by another alternative. The structure thusrgetes the performance of solution concepts,

such as the iterated elimination of dominated strategies, when applied to the problem task. Payoff
valuesvary within certain bounds without changing the structure of the game. The payoff value
can be regardedsaa context variable as long as staying within these bounds. Exceeding these
bounds would change the structure of the game, and the classification would change to task
variable. Nonetheless, same as task variables, context variables can principallycéntlien
selection of problersolving strategies and thus tltkecisionmaking process(Payne 1982,

p.538) In the following, tle implication of the three task variables game type, complexity and
time limitation is described in more detail. The determination of payoff values especially gains
importance in the context a@xperimentatiorand is thus discussed in a lat&ctionof this
treatise(Section9.3).

5.3.1Game Types

The investigated set of games consists of six traditional game concepts-[daakChicken,
Prisoner sd Di Beexnensa,, TBhartotwiengofFi nger)sand fdat ac k e |
games proposed yostaGomes et al(2001, p.1203) Thesenormalform games are designated
asCosta 2A, Costa 2B, Cos8A andCosta3B. Appendix Bshows the payoff matrices of all

games. The selection contains a variety of games which are established concepts in game theory,
well described in the literature and thus offer a link to other studies. Following this
argumentation, it is hemtorth appropriate to examine games especially propose@olsya

Gomes et al(2001)since their approach is related to the one used here. Beside the comparability
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to other studies, this concept could mainly be extended to any other game in-foormal

independent of the number of alternatives without further assumptions.

5.3.2Task Complexity

The complexity of a decision task can be related to the number of alternatiVesnssen and
Payne (1985, p401) for a nonstrategicand CostaGomes et al(2001, pp. 1202 ff.or a
strategic decisiomaking environment reporiCostaGomes et al.(2001, p. 1203) limit the
complexity of their gameswith a maximum game size of 2 by 4 addby 2 alternatives
respectively Their selection of games focussed on distinguishability between sophisticated and
nonsophisticated information search rather thanvanying complexity(CostaGomes et al.
2001, p.1202) However, varying the task complexity seems crucial to examine as many aspects

of problem solving as possib{é&/oods 1993, p229).

Usually, a payoff matrix shows the payoff of both players at a time. Each cell of the matrix stores

the own payoff and the one of the opponent. Assuming thgiaiyeff of one player in one cell is
equivalent to one unit of information, a payoff matrix of 2 by 4 would contain 16 units of
information. CostaGomes et al. (2001, p.1201) preferred a notvery common alternative
presentation formmwhere the payoff matrix is split into two. Each matrix contains only one

pl ayerodos payoff. | snfacd twoematricese witlp @ maximuemnof eigbt wdllg e c t
each and one unit of information per cell,igiy a total of 16 units of information and hence 16

stimuli at maximum pertaskVhy i s the number of sti mul. rel e
law on human information processingpacitythat predicts an upper limit of 7 = 2 stimuli, both

ways of presetation seems to violate the lgMiller 1956). In fact, that law would limit game

complexities to 2 by 2 payoff matrices, if stress from mental overstrainment is to be ruled out.

It could be arguedn favor of largerpayoff matricesthat a player, who applies a strategic
heuristic, would not mgard the whole payoff setde prefeably compars maximal two
alternatives of one pl aaysiagledel openadyad dnce, tlwe elayera t a
needs to store palel 2 by 4 stimuli at mostOn first sight, this eems t o sat iDefy Mi |
facto it would not:after comparing the paydffof two cells, apiece of metainformation is
generated (the ori ent atThi® pecewduld &dd tthecnormberafr i s o n ¢
stimuli andreachthe capacitylimit Miller proposed The following comparison of the next two

cell sé6 payoff would already exceed the capaci:
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However, aguing with production systems of heurist{&ectiord.2) , Mi I | er 6s | aw i s
in case of larger payoff matricddeuristicsonly storea single bit ofpayoff information at once

and computét in the next stepThis way theyprodue a piece ofmetainformation and actualize

it in one of the next steps. Informatjomhich is no longerin use is eliminated from shofterm

memory Repeating the lookup stores thenformation. Studies of infomation acquisition in
decisionmaking tasks frequently report subbhavio (among other€ostaGomes eal. (2001,

p. 1196, footnote 8) Thus, it is possibléo satisfyMi | | er 6 s dasewf, payeffmatricesi n

larger than 2 by 2 alternativesnl® such information unitsountthat are visible at once or in

focus at a time during the cognitive process.

CostaGomes et al(2001) cover payoff information per se in the experimental design. The
content ofa singlecell each can beisualizedone at @ime. Thus,one external stimulus is toe
consideed at a time. In that case, up tot&2-stimuli are left for internal representations of the
task and computing a solution. Those stimuli are supposed to banfeetaation in the sense
that they contain intermeale steps of the solutions. They alerived from earlier calculations
and stored in sheterm memory for immediate or later use. Examugemetainformation are
current maximum alternatigecurrent minimum payo$f current sure of payoffs,andresuls of

comparisos.

Following thisline of reasoningthe total number of payoff information units in a game does not
account for the total number of stt2rulmgadnalsoa s ub

be satisfied at game sizes larger 2bgnabling investigations on more complex games.

However, a limitation in size seems practical for other reaSof@sk presentationsas well as
havinga potential deterring impact asecision makes; are reasonable limitations for the design
of complexty (Ho and Weigelt 1996, 76) Both reasons cabe evaluated and specified
experimentally Correspondingxperiments imonstrategiadecisionmaking with an information
presentatiorsimilar to a payoff matrisee an abrupt reduction ioformation acquisition ajame
sizes of six alternativesand largr (Payne 1976, 874). Five alternatives are thusreasonable

upper boundfor the task complexity Game sizes of 2 by 2 to 5 by 5are regarded as a

% Note thatthese aspects principally do not affect simulation that could technically implement large numbers of
alternatives per game and player. However, this data would lack experimentally derived equivalents to compare with
and hence would be of limited practicesle.
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compromi se between peoplesd acceptance of cor

appliedin this simulaton.

Thegamesize is used to construct normfidrm game tasks of different complexity. Stagtivith

the set of basic games introducdhe beginning of this section, all of size 2 by 2, the extension
design partly follows a particular construction method. This method is applied to develop
complex versions of all classic game typesgether with hetypes proposed b§ostaGomes et

al. (2001, p.1203) theyform a representative sdt provides a variety of parameters sufficient

for this research (seéable 149. The met hod i s developed in the
compilation of classigamet heor et i ¢ pr obl e mscenariodt(Girtis 2009,6 Co |
p.141) He extends the basic version of a game tyjbe certain alternatives, without modifying

the basic game itself, intending to demonr at e t he variabil gamg of a
theoreticterms). One part of his methodological scheme implicates adding neutral alternatives
which do not alter thgametheoreticsolution of the primary game. This procedure assures the
existence ofdominated alternativesA similar approach can be found Btams (2000, p4).

According to the Cognitive Hierarchy Model, proposedGpmerer et al(2004, pp. 864 ff,)

elimination of dominated alternatives is an indicator of the depth of reasoning.

Nonetheless, it also offers alternative solutions for other heuridtigs. extendshe solution
space of the set of heuristiaghich contributes tahe differentiated evaluatioof the heuristics
and their performance. In the following, a method is presented tdogesemplexversions of

the set of classic game types. The presetyshpplies this method.

The development of complexnggons need to considexrd conditions to escure comparability of

choice: he extended game shalbssesshe same key properties of the basic game regarding
symmetry and constant sum. That means if the basic game is symmetric, the extended one is too.
If the basic game is of the class 'constant sum', the extended one is too. The negations hold

respectively.

¥%The 6 Co lgame Blaalassimséenario in game theory. Two players independently distribute their limited
forces over a specific number of battlefields. The higher number of forces dominates a field, and the higher number

of dominating battléef e | ds wi ns t he war . It is a constant sum game.
allocation class problem, originating from the French mathematician Emile Borel who proposed and solved it in
1921. For a more sophisticated consideratemnfsr instanc&®obersor(2006.
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Taking these conditions into account, the following design patterns are used to create complex

versions of three to five alternatives per player ftombasic game tasks

1. Add a third alternative for each player that is a strictly Pareto efficient softition.

2. Add afourth alternative, which is (weakly) dominated by at least one of the other three or

by a combination of them.

3. Add a fifth alternative hat is exclusively dominated by the fourth.

However, a small number of game tasks developed do not fully meet these conditions because

their payoff structures limit the application of the design patterns.

Applying those design patterna variety of games generated that includes diverse types and

sufficient reduction potentials (concerning dominated alternatives) for this Stadie 14 lists

some key characteristics of the games regarding ¢fairetheoreticsolution, especially in the

extensions.

TABLE 147 GAME TYPE CHARACTERGETIC: REDUCTION BY BOMINANCE

Size

Game

Battle of
Sexes
Chicken
game’

Costa 2A
Costa 2B
Costa 3A
Costa 3B

Hawlf-Dove
gamé

Pri son
Dilemma’

Stacke
Leadership

Throwing
Fingers

2
2
2
(1
(1
(1
(1
2
(1
2

2

2

2y i
2y il
1Pl
1Pl
1P

1P
2y

1Pl
2P

2P

3
2

3

(3
(1
(1
(3

3

3

2P

3)pmi

3P
1y
1P
3P

3P

4

(3
(2
(4
(4

(3
(1
(4

(4
(3
(3

4

3P
32
4P

3),(3 4™

3P
1y

4)|0,m)[1];

4P,
3y

3P,

5

3
(1
(5

(4
(3
(3

5

4P

4P
3),(3 4™

3P
1y

5)P,m)[1];

4P
32l

4P

% pareto efficiency of an alternativeimplies that no other alternativédParetedominatesia In other words, no
alternative exists that would make one player better off without making the opponent player worse off concerning
payoffs (utility). For more details compare for examipdgton-Brown and Shohart2008, p.10).
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Legend®
O = reduction tad row player anc columnplayer alternatives;

Superscripted:
*) game type is symmetrig
Elimination of dominated strategies pypure/ by m) mixed dominating strategies;

Levek[K] -reasoning;

The resulting payoff matrices for the set of games are showpendix B having the basic
game in the first two rows and columns (equivalent to a game complexity pf2? &nd the
extersions in rows andolumns three to five (equivalent to a game complexity of 3 by 3 to

5 by 5). A game of complexity 4 by 4 thus alwaymtainsthe basic game, expandby athird
andafourth alternative for each player, according to the pattaatedabove.lt should be noted

that the original interpretation of a game type as a specific strategic conflict situation between
two players may not apply to their extended versions.

5.3.3Time Limitation

The time limitation is measured in number of EIPs, as prapws€hapter3. In the simulation,

the range varies betweeri 3400EIPs, in steps ahreeEIPs. The lower bound is related to the
absolute minimum number of EIPs for all heuristics in games of lowest comypfexi
Apparently, zero EIPs is the trivial case with no decision at all, independent of complexity and
game typeRegardless of the trivial cas@etminimum is expectei occurin a Randonchoice.

Here, a decision is available aftaxeEIP, and the pragttion system needwo EIPsto complete

the task. This number is constant for all variations of task complexities and gamasdom
choice is per definitiorthe replacementlecisionfor all heuristics in case of effective time
limitation. Thus,a limit of one respectively two EIPs leads to the same decision for all hesristic

andthreeEIPs seem adequate as a lower bound.

3% Example (1x19": Game can be reduced to a single NEghilibrium by pure dominating alternatives in a single

step of reasoning (i.e. one round elimination of doreihaternatives).

37In symmetric games the role of the players is interchangeable without changing the payoff structure of the game.
% The relation between complexity, i.e., the number of alternatives per player, and expected number of EIPs is
positive fa any heuristic excefRandomwhere it is constant).
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The upper bound is derived from analyzing the maximum number of EIPs comparing the
performance of all heuristics in all games of ghcomplexity D2 at 5 by 5 Stackelberg's
Leadershipi 913 EIPs). An increase of a single EIP does not affect the performance of the

heuristics and is hen@aguivalent to the case of unlimited decisione.

Sincea singleEIP forms an atomic unit, limation increases discretely. A step width of three
EIPs proved to be sufficient to discriminate the heuristics' performance adequately and delivers a

good time performance of the simulation at the samefime

5.4Random Variablesin Simulation

Each heuristic hm at least one of three random elements in its production system that affect
performance.As mentioned earlier, under effective time limitation the heuristics provide a
random decision between the (remaining) alternatives as ultimate action. This behdefored

by the design of their production systems. It occurs until a single alternative is determined for
choice and time limit is still effective. The point in time the {jselection of an alternative
occurs varies with the heuristics and the probiask.\When the time limit is no longer effective,

all heuristics, except for random, no longer rely on a random selection of an alternative.

The second random variable is the point within the payoff matrix at which the acquirement of
information starts.£en t hough the heuristicsd production
the starting point is not determined. 't coul
chosen as starting point with same probability. The value of this propabitius depending on

the task complexity.

Finally, the strategic heuristics, except E&; exclusively contain a third random variable in their
production systemsd design: the starting focu

o p p o n e wnff iHssannedfigst. The two focus options are chosen with same probability.

The random variables affect the heuristicsd p
with time limitation. This fact influences the simulation setup regarding theeuof runs per

parameter constellation. An overview of the time limits for which the random variables need to

be evaluated within the simulation range ofi[3400] EIPs is given ifable 15 for the set of

heurigics.

% This step width, in turn, is a specific example of trading accupeed in the proceeding.
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TABLE 157 EVALUATION OF RANDOM VARIABLES BY TIME LIMITS

Heuristic Starting focus Starting point Random choice
Random - - [37 1400] EIPs
Altruism - [571 1400] EIPs [3T 4] EIPs
Optimism - [47 1400] EIPs [3] EIPs
Pessinsm - [47 1400] EIPs [371 4] EIPs
Naive - [57 1400] EIPs [3T 4] EIPs

L2 - [37 1400] EIPs [371 1400] EIPs
D1 [371 1400] EIPs [371 1400] EIPs [371 1400] EIPs
D2 [371 1400] EIPs [371 1400] EIPs [371 1400] EIPs
Equilibrium [371 1400] EIPs [371 1400] BPs [371 1400] EIPs

The non-strategicheuristics, with the exception &andom are based on random decisions only

for very small time limits, regardless of game type and complexity level. After the heuhiatie
determined a first payoff celithe coresponding alternative is selected until a better one is
identified. At this point, only the starting point for which an alternative is selected is important
until the entire set of alternatives has been processed. For the strategic heuristics, tloe iofluen

the three ratiom variables carot be predicted as easily as for thenstrategicones. The
starting focus is selected among the first actions of the production systems. The influence of the
other two variables varies depending on the game type amglexity, until the production
systems end their process&mce the end point is difficult to calculate and thus not knewn

ante the influence of the random variables is evaluated for the entire simulation range of the time

limit.

5.5 Simulation Procedue

The simulation approach is depictedHigure5. |1t compri ses the parts 0
and o6anal ysi sbo. The parts are processed one

rectangles in ta middle ofFigure5).

The procedure for each part is depicted in more detail as a flow chart (large rounded rectangles

above and below the main process). In the simulation part, every heuristic is appliedyto ever

decision task. The overlapping effects of the random variables on Goal 2 to Goal 4 of the

heuristicsd performanceAlneetdhrtece bvearti aakd re sidn tra
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on discrete uniform distributions with respective numbers of pessiliernatives. Their

statistical inference makes an analytically computation of their effects difficult.

A stochastic simulation helps to evaluate the influence of those probabilistic elements
numerically, reducing the complexity of the studied systBamschke and Drexl 2005, p23;
Robert and Casella 2010, 62). A parameter constellation is thusn for as many times as
necessary to determine a convergence regarding the influence of the random Vri&tues.
every parameter constellation the mean of the results (obtained from the simulation data of th

final run when convergence is determined) are taken for analysis.

For a single run of one such decision task, the simulation procedure is depictgar@®b (large

rounded rectangles above the main processhoét si mul ati on approach)
production systems r e-polvingspeooessest The garpels that serve &8s p r c
decision tasks in the simulation are implemented in their nefona as matrices. Each game
represents a single parametenstellation of player type, game type, complexity, and time limit.

The parameters of the simulation are presentediainle 16. While task processing, the EIP
sequence of the production system is recorddidr the time limit is reached or the heuristic
production system completes the task, the EIP sequence and the resulting alternative choice are

stored along with the game parameters.

In the calculation part, arlyeuristic's choice ipairwisematched with thehoices of each of the

other heuristics from the given set and for each game parameter combifbgguayff of the
heuristics is determinetbr eachgame In the next stepthe values of a single heuristic are
summarizedas average over all games andsed. In the final part, the results are analyzed to
determine successful patterns from the EIP sequence and the performance of the heuristics. From

the performance results a ranking of the heuristics is created.

“° The performances for each goal and for every run of the simulation can be interpreted as ms@iperiment.
According to the Law of |l arge numbers, the performance
numbers of runs. Cauchyds conver gemr B ddteemsne convergencs,e d o n
two meanf corsecutivesimulation rungd hd need tosatisfy the requiremerd & s -,with- 18t pThe

minimum number of runs is 7. This value ensures that for two randomly chosen alternatives (i.e. starting focus), each

with a probabiliy 0.5, the probability to choose the same alternative 7 times in a rawh@ 6 xR is
- ]'[8'[ p
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FIGUREST SIMULATION PROCEDURE
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In total 16,776 games with unique parameters are stddi€@bnsidering the application of the

nine heuristics to these games, a data set resulting from 150,984 games is provided for analysis.

“! Half of the game types given ifiable 16 have symmetric payoff matrices (HaMlove, Chicken, Pi soner 6 s
Dilemma, Battle of Sexes, and Throwing Fingers). In this case, the player type hence need not to be considered.
Those five game types are studied in four levels of complexities (&m@8l constellations). Four game types are

only played in a tsk complexity of 2 by 2 (Costa 2A, Costa 2B, Costa 3A, and Costa 3B). Since they are
asymmetric, those four game types must consider both player types fefgal const el | ati ons) .
Leadership is the only game type that is asymmetric and dtudidfour levels of complexity (equab 8
constellations). Those 20+8+8=36 constellations face certain time limits. With a step size of thre&iifse 4

limits are realized. In total, 3666=16,776 parameter constellations are studied.
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TABLE 167 SIMULATION SETUP

Heuristics Game type Player Task Time limit
type complexity [step size]
Random Hawk-Dove row 2 by 2 3 to 1400
Altruism Chicken column 3by3 [3]
Optimism Prisoner sbo 4 by 4
Pessimism Battle of Sexes 5by5
Naive Throwing Fingers
Equilibrium St ackel ber
D1 Leadership
D2 Costa 2A
L2 Costa 2B
Costa 3A
Costa 3B

5.6 Technical Implementationof Simulation

The technical implementatiorof the simulationrequires a development and execution
environment that provides specific properties regarding inmelity, capability, and availability.
Proper data handling, analysis functionalities, and presentational abilities are rdlevant
Besides this, a professional introduction, as well as a large community with many support and
tutorial sites, is undouetly of great help, too. Finally, handling knowledge, experiences,
availability, and product price are essential arguments to consider. Several development

environments meet those requirements.

In the endMatlabis chosen, offering all of the opportungiabove. The software is knowmnthe
author of this treatisklom undergraduate studies and provided via an available campus account,
evoking no additional costs. Based on matrix operations, it is optimized for-atttiliutive
purposes, atundin the context of this research. These features ni&dab a powerful tool,

already applied in many scientific projects and especially useful in the case of this study.

The simulation is executed iNlatlab (version R2014)p using the softwarewn syntax for
progamming all modules of the simulation and the analysis program. It is further used to
generate diagrams and ethfigures to visualize result¥he heuristics production systems are
programmed as staralone modules that are encapsulated by a call progedibat procedure

traverses all parameter constellations. The results are stored in tabular form, which allows the
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variousMatlab functions to calculate the realized payoffs and perform analyses. Both calculation

and analysis are programmed as independexiules.

57TExpectations about Heuristicso Performance

In the present context,ehristics are understood agroblemsolving strategies. They are
interpreted as processas proposed in thereparationtime concep{Chapter3). Following this
information processing approach, a set of rules define the heuristgs'of procesding
containing structured operations to solve problem taBks.application of the rules results in a
sequence of operations characteristiceath heuristicThe sequence's length depends on the
complexity of the given task and the time availaBleus, differences in performance are highly

expectable within the given set of heuristics

The praluction systems implicate that strategic heuristigply substantially higher numbers of
EIPs during their process comparedntm strategicheuristics. Higher complexities of problem
tasks promote this tendency due to the growing amount of informatadlalale to process. Thus,
execution of the process of strategic heuristics generally takes more time than timose of

strategicheuristics.

Under substantial, say effective tirmitation, the process of strategic heuristics is interrupted,

and the corresponding production systemdefine a random choice betweaemaining
alternatives. Ithe set of alternatives could have been further reduatdmore time available

the heur i s tassumEnglysubdptmaloccempares to the case with no time litiaita It is

thus generallyexpectablde hat t he strategic heuristicsd abi
from time limitation. Also, anticipating an equilibrium strateigyas far as it exists at all in a

gamei seems generally complicatadder subh circumstance

In dominancesolvable games, players could figure out their best alternative by eliminating
dominated alternativ&suntil only one for each player remains. Choosing a dominated alternative
in such games causes inevitable losses in payakgardless of the opponent's decision. Thus,

especially in dominanesolvable games choice has a substantial impact on the resulting payoff.

Since identifying dominated alternatives is a somewhat effortful procedure, payoff generation is

42 A standard mihod in game theory to solve thgsueis ‘iterated elimination of dominated strategies'. For a formal
description of this method see for exampég/ton-Brown and Shoharf2008, p. 20), where also a definition of the
term 'dominance’ is proded.
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also likely tosuffer from time limitation. With the available processing time increasing, at least
short before the time limiis no longereffective, the strategic heuristics should be generally
better in payoff acquisition compared non-strategicheuristics, sincehey generate a strategic
decision. However, as long as the procedure of eliminating dominated alternatives is running, a
forced decision might be suboptimal. Of course, this issue depends on the game task and its

concrete payoff structure.

It is expectedHhat non-strategicheuristics will make a quicker selection than strategic heuristics
under comparable time pressure conditions as they have less information to process. However,
the early termination of their production systems should also have an ingracAlso, non
strategicheuristics cannot generally comprehensively evaluate the given informatiohhset.
recommended choice could thus be suboptimal in terms of payout generation compared to a

possible equilibrium selection.
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6 Evaluation of the Simulation Results

This chapter presents in the first of two sections the data analysis approach for the simulation
data. The approach follows the performance evaluation concept developed in Sectidme
secondsecton presents the simulation results that
Some of the results are considered in the following chapter, which presents successful EIP

sequence patterns from the simulation.

6.1 Analysis of Simulation Data

The heuris i cs 6 performance is analyzed twofold re
goak: first, for each heuristic isolated, the fulfilment of each goal is examined by absolute

values. Second, the heuristics are compared, resulting in a ranking faetfiermance.

The individual examination consideabsolutevaluesrepresenng the arithmetic mean of the

heuristids performancdor all game typegor a particular constellation dime limitation, level

of complexity andgoal The arithmetic mean degis the dependent variable. Time limitation,

level of complexity and goals depict the independent variabl@seach parameter value of the

two independent variables O6complexityd and 0¢d
arithmetic mean isnly dependent on the discretely varying time limitation. A comparison of the
resulting graphs helps to evaluate the influence of complexity and goals. This way, the

complexity of data presentation is reduced, supporting the comprehension.

For interpretingdata of Goal 3 (Generated payofif) has proven helpful t@onduct a linear
regression. fie graphsre supplemented kayfirstdegreepolynomiaf™ with a form shown irEq.

(1), employing the rathod of LeasSquars (abbr.: IS}**:

©nen (1)

with ® as predictor data of Goal ,3) | N a4 as coefficients of the linear function/fitting

parameters anghas time limit data.

43 Although response data of the heuristics partly suggest higher, nonlinear polyfitimiglthe linear version is
chosen to show the underlying overall gradient as the tendency of the developing performance.

* The calculations are performed bypteing the LeasBquaresFitting tool of Matlab which also provides
introductions to Eqg1) to (4) in its documentation.
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The LS follows the Gaussian principt# regression by minimizing the sum of squares of the
residuals obbservedlata and predictor dat&q. (2)).

Q onm 4 ® no n @

with ‘Q : sum of squares of residuaks, hw N 8 , @ : @h time limit, & : corresponding
heuristic performance (regardi@pal 3) and¢ : number of response dgtaints.
Following the general minimum conditioBg. (2) is differentiated for each parametgr andr)
and set equal to zeréfter solving the system of equations for each paramdtegdtimator for
the coefficientsof the linear modekHand nHican then be calculated BEys.(3) and(4):
¢eB ww B wB w

B o B (3

nHu

Uu P O

b <
& (4)

with nHcalculated bynsertingthe value ofiHof (3) in (4).

As mentioned above, the second interest is in comparinge heur i sti cso6é6 perfo
other. For the comparative analysislative numbers giving the rank of each heuristic gual

are studiedThe ranks inGoal 3 (Generated payoffpllow equally weighed resuts from each

heuristic playing only once against each other heuristic from the. s, in the implicitly

simulated population of players, each bound to one heuristidyheir i st i csd share
distribuied That could be a stark simplification of realityassune that players use one ingstic

only. Despite that, other authousea similarapproachin their simulatios. Johnson and Payne

(1985, p400)f or exampl e relate the r esuwlittheBRandom heur
heuristicA | | outcomes are interpreted as (fohnsdnat i ve
and Payne 1985, 897) They give noexplicit assumptions concerning the distribution of
heuristic proportions withirtheir studiedpopulation. However, the sifation presented here is

not aiming at reproducing a realistic population of player behakiathermore, a lower bound

is not regarded as necessheye since all results are comparable.
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The influence of time limits on the ranking is investigated mitfour ranges of particular

interest. As will be emphasizedh the following sectiona dransitiord phase and #&onstand
phasedefinethe behavior over time. The transition, in turn, is again categbinte three stages

of equal length, namely thé&r | §rdi ddndé bat ed st age, emdingh t he
simultaneously withthe transition phase, as illustrated higure 6. The minimum time limit
represents the lower bounthe beginning of the saturatistag of the slowest heuristigyhich

has prova to beD2, defines the upper bound for all heuristithe bounddrame the range of

the transition phase for the set of heuristics. Baigmentatiorof time limits is applied toall

levels of complexity.

FIGURE6T PHASES AND STAGESOHEURI STI CS06 NMIERFORMA

Begin of 1/3 Transition 2/3 Transition G{F0dzNY GAZ2YENRH&EAY
Simulation PhaseD2 PhaseD2 of D Simulation
aSI NI & AYARREIS af 4SS aoz2yail yd
aaGlr3se adl 3s¢ éfl-ﬂéé aal 3s¢
\ 'Time
' ) ) Y i Limit
ACNFYaAaAUAZY a/zyauryqaps
PhaseD% Phaseb H £

The ranks of the heuristics regarding the three supplemermjoais are presented in form of a
two-dimensional figure. The first two goaselocatal on the Cartesian coortition systemrlhe
coler shadedrom green over yellow to redlustrate decliningranks(light green = highest rank
numbered 616& admdved ar k am édamingne ¢hirdegdal (668gdre 17
andfollowing). Each of the axes represents guoal with the ranks as the dimension, starting
with the highest rankumberedvith '1'. This presentation form neglects a tremendous amount of
information on the actual interaction of heuristics. Howevtrs is tradedin for clarity and

comprehensibility. The so derived results can finally be interpreted.

As the examined time limitation range is divided equally into three parts angdotteare
weighted equally, the ranks of the heuristics are determined layleding the arithmetic mean of
goalfulfillment for each of theime stages witleq. (5):
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o T OF
€ )
with ¢f : mean ofgoald , € : number of measuremesyier stage and j : measured variable

for goald at time limit of (2 [step width] * stage number.

In the next step, the mearalues of all heuristis for each stage are ordel The heurist
associated with the highest value of all mealoginsrank number one and so on.the case of
equal values, the corresponding heuristibtainthe same rank. Theubsequenheuristics then

arerankedwith the number increased by the number of equathked predecesscts

6.2 Resultsfrom Simulation

The following figures presented here show the results of the heuristics regarding the three
predefinedgoak overincreasingevels of time limitation in the number of EIPs and for specific

complexities'® Therankings are displaydd Figure13 (p. 81) and following.

One similarity of t hesthioaghout aigbak and éll cpnplexities isma n c e
their twostage form. Whexas the first part shows a significant change ofjfed s me as ur e me |
value, the second shows static behavior. This behavior is expectable, when interpreting the
beginning as a transition or adaptation phase, which later results in saturation oy virfuraté

period of constancy. It seems quite evident that only in the first period the time limit is effective

in the sense that it affects tjeal achievements of the heuristics. The subsequent phase reflects
gameplay without time limitation. The tung points, where one phase changes into the other, are

characteristic for the heuristics and alter with complexity. Dehtvior isexpectable.

6.2.1Goal 27 Reduce Number of Alternatives

This goalreflects the effectiveness oémovingirrelevant alternatigs from consideration. Even
though the underlying mechanisinsor | abel i ng an adarbe diversd, this e as

term in its global meaning has the same implications throughout the various heuristics. The

5 Take two heuristics for example which sharekréive because of their means. Téebsequenheuristic would

then earn rank (5+2 =) seven.

“% |t should be notethat the heuristics' performance is determined for discrete time limits, but is plotted as a line for
easier visualization and hence for bettomprehension.
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different mechanisms are hence ttritical factor for the diversity of results ithe set of

heuristics.

A noticeable similarity between all heuristitsexceptRandomi is the effective influence of
time and complexity on the ability to reduce the set of alternativgare 7 shows this relation
for the set of heuristicdpr different levels of complexity. Whereas time limitation reveals a
negative influence, complexity showss positive one Apparently, the number of reduced
alternatives heavily degmds on the numbeof alternatives availablat the beginning. This

numberincreases with the level of complexity.

FIGURE71 GOAL 2 REDUCTION OF ALTERNATIVES
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The constant value oRandomis already mentionedin the catext of developing the
corresponding production system (Sectib®) andnow expectably confirmed by simulatioim
the following, the emphasis is on a complexity level of 2 by 2 alternaftres heuristicspass
through the adaptation process at time limits betwEerand 8 EIPs reducing the set of
alternatives to one (Altruist, Optimist, Pessimist, Naive, and L2fsgee 7). With about48
EIPsthe heuristicdD1, D2, and Equilibrium require noticeably more EIP$0 reduce the set of

67



alternatives to a minimum. That minimum is well above the one of the other five heuliditics
increasingcomplexity,the differences in terms of effectivity between the two groupease. Of
the three slowly adopting heuristicB)2 requires the most EIPs to minimize the set of
alternatives. The five heuristics that adopt comparably fast are in the folloefmged to as
‘early adopgrs. These early adoptersomprise allnonstrateic types of the heuristic set
complementedy the strategic heuristic2. Complementary to the group of early adoptdms, t
remainingstrategic heuristicare referred to as 'late adoptermsgarding their ability to reduce the
set of alternativesAmong the group of early adopterthe heuristicOptimist showsthe best
performance throughout all levels of complexity in its ability to effectively (regarding gpanti

and velocity) reducthe set of alternatives in a gaif@so comparé&igurel3).

Another remarkabldinding concernsthe adaptation phase of the heuristics. Two different
behaviors can be identified. A weakly monotonaiecrease of the numbeaf remaining
alternatives characterizes the first one. Ttagrcase structure hints to the discrete nature of the
heuristicsd6 adaption process. It i's generall
which can be calledbscillating The oscillating behavior is altogethelecreasing yet not
monotonouly. Again, theobservedbehaviors match well the adopter classification. €ady
adoptersshow a steady and tHate adopters show an oscillatipgrformance behavioThe

oscillationin turn isquite similarwithin the three strategic heuristics.

The oscillding performance graph of the late adopters, especially strong in the early stages of the
games, is caused by the random variables that affect their production systems. In tsagarly

of a game the production systems begin with randomly choosing theirsg focus It could

either lie on the own payoff or the other player's pay®fiis focus choice initializeshé
subsequenglimination process of dominated alternatividditionally, the starting point within

the payoff matrix as well as choice betmeremaining alternativas random. Wenthe focus

has changed once armhe full round of eliminating dominated strategies is competieel
influence of the randomly chosen starting focus is leveled. The behavior of the performance
graphs then convergdswards the staircase form. However the influence of the other two

random variables is still visible.
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6.2.2Goal 37 Maximize Generated Payoff

This goal represents the effectiveness of a heuristic concerning the resulting payoff it creates
when playing againstter heuristics. Therefore each heuristiche given set is matched with

any other, including itself, for any time limitation at any complexity and in any game type, as
illustrated in the following schemg&igure8).

FIGURE8 1T GENERATING DATABASEFOR ESTIMATING PAYOHR-
Set ofHeuristics GameTypes Complexity Player type  Time Limit Goal

Heuristicl Type 1 2Xx2 FOW
Heuristic'Q < < < column [3:3:120Q [3]
Heuristic9 Type 10 5x5

The performance of the heuristics against each other is very heterogenic. The shape of the

performance curve golatile, if not oscillating For an overview seéigure9.
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Focussing on a complexity level Bfby 2first, one can roughly differentiate three kinds of paths

in heuristic behaviorThey differ inthe level of payoff and begight after a phase of substantial
interference. The heuristigltruist generates the smallest payoféfy light grayline). Random
PessimistOptimist andNaivegenerate medium payoffsinally, L2, D1, D2, and Equilibrium

create the highest payoff valueéd/ithin each of the highepayoff levels, theresults of the
heuristicsvary a lot, making it difficult to rank therby sight At a complexity of2 by 2, the
payoffs rangefrom about 15 to 28 units. For higher levels ofmgpdexity, this span is much
smaller (about three units and less in total). However, the three paths can still be identified, yet
less clearly. Also, the composition is slightly changing, and the phase of inference at the

beginning lasts longer.

The influerce of time limitation on payoff generatios expected tde noticeableTheir values,
however, change at high frequency, most likely due to heuristics interactions. It is therefore
difficult to recognize or evaluate the influence by analyzing the platsisnform. The shape of

the plots differs greatly from the expected {pltase formNeither the transition nor the constant
phase can be distinguishedaasckly as in case of Goal 2 or Goal®he time limit where both

phases medthenceforth referredtassaturation point remairs unclear

The unsteadiness of the heuristics' performanm@ancerninggrowing time limitation is caused

by the random variables that affect the produ
interactions a random choice between remaining alternatives, as well as randomly chosen
starting focus and starting points within the payoff maffilxefirst variable is assumed to have
the most significant impaain theoscillating shapewith the Randomheuristic being the ain
contributor regarding amplitude and frequency. BesithesRandombheuristic, the strategic
heuristicsinclude thiselement of random choide their procedureas ultimate action when time
expires.For strategic heuristicthis behavior isthus expecté to be observedhroughout the
transition phasebut not in the constant phaséowever, this impact is difficult to observe due to
interferences with the impact of tiandomheuristic. To better evaluate this assumption the
influence of the heuristiRandomis excluded from the performance calculations by discarding

playing against th®andonmheuristic(Figure 10).*’

“"This figure still contains the results for tRandonheuristic as own graph.
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The curve form stillreveals arobservableoscillation. Here, theother tworeasos additionally
take effect While in thetransition phasehe oscillation results from the interference of both
reasons, in theconstant phase ¢hslightly moderate oscillation (regarding amplitude and
compared to the interference effect of both reasmneXclusivelybasedon the alsaandomly

chosen starting focus and starting point of observéfiom analogy to the case &andom

choice, all heuristics are affected again since all heuristics play against each other. The amplitude
of the oscillation is in this contex determined by the interference with the three strategic

heuristics.

FIGURE107 GOAL 3 GENERATED PAYOFFWITHOUT RANDOM
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The graphs depicted Fgure10 are still confusing dei to interfering oscillationFFurthermore, it
be

limitation, making it difficultt o

can hardly det er mi n e decre@abkeeot itceease with growimgetime i s t i
be the

are transformedybthemethod of LS and fitted to a linear model with EQ.

descri perfor mance. He n (

8 Sectiorb.4 introduces the tergistartingfocusa nd 6st arting pointd
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In analogy to the examination &oal 2 andGoal 4 it proved useful to divide each curve in its
transition phase and its constant phase and transfmimpbases individuallyAssuming that the
saturation point is identicab the one in case d@boal2 and 4 it is furtherapplied to determine

the dataset that belongs to each of the two phases.

The combined reswdtaredepicted inFigure11. Both phases are of a linear character and hence
are markedly distinguishable throughout all heuristics and for all levels of complexity. Since they
share the saturation point, the two phases connect through a vertical liacbehehmark, the
payoff curve of theequilibrium heuristic exclusivelyplaying against itself is added to the set of
performance curves (blackashedine).
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The bipartite shape isstill noticeable, revealing the compelling influence of time limitatiGime
outcome of the transition phasesultsfrom the ongoing reduction of the set of alternatives and
the random choice at the moment the time expirepeB&ing on the combination of several
gametask parameters (seéable 16), especiallythe degree of complexity, this has different

implications for the generated outcome.
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6.2.3Goal 47 Minimize Number of Applied EIPs

This goalreflects the efficiency withwhich a decision is generatethetfewer EIPs arapplied
during a heuristic6bs prThe mvepbaseshape ofithe hemrstice e f f
performance, transition and saturati@alsonoticeablehere(Figure12). SolelyRandomshows

a static behavioagaini this time on a low leveldue to minimal use of EIPs

FIGURE127 GOAL 4 APPLIED EIPS
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The graphs of thaon-stratege heuristics along witth.2 grow linearly at the beginning until they
reach the saturation poirg. At theseooints, the slope is changing abruptly to zero. An obvious
explanation i s o fprbdeation dystemahich dpplya lcestainramattofi EPs 6
for a certain complexity and game type. While thenber of available EIPs (symbolizing an
effective time limit)is smaller than this amourdll availableEIPsareused to proceed, with the
last one always reserved for trespective last actidhof a heuristicA number of EIPqual to

“91n case of nosstrategic heuristicgpgether withL2, the last actionis choosing the currently best alternative with
the last EIP available. The other strategic heuristics randomly choose one alternative among the remaining in that
case.
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or larger than the number of EIPs needed to end the procedure regularly (i.e., no random choice)
symbolizes an ineffective time limitation.h& heuristis proceduresapply EIPs until its

completion, but no morafterward.

The linearity of the slopshall be discusseith more detailnow. If the non-strategich e ur i st i cs
behavior is sensitive to the game tgygex ami ned her e, one would expe
to apply variable amounts of EIP$he slope oftte curve would hence change over time since it

Is estimated as a mean for the heuristic's performance throughout all game types at a certain
complexity. A change foslope cannot be detectethis leads toa remarkable conclusiorthe
non-strategic heuristcs including L2 are not sensitiveto game typs in terms of EIP
requirements® The relation to the garse complexity is evident, suggesting quadratic
relationshipbetween the number of EIPs and the number of alternatives, given a fixed time limit.

That rdation results from the number of elements in a payoff matrix whicreases
guadraticallywith growing level of complexity The number of elements directly affects the
heuristic® information gathering. The linear form within the transition phasiatsto aperfect

correlation It underlineghe influence of time limitation oGoal4.

The other three strategic heuristics show this initial behavior, too. However, the transition slope is
not constant, but changes at least once (and becoming smaller) ibeéarehes the saturation
phaseln opposition tanon-strategicheuristics, the various game types induce such behavior. The
strategic heuristics need different amounts of EIPs for their procedihissis because of the
game t vy p e sroctuetsEvefytnre a metristic fully processed least one game types it
performancegraphchanges to a smaller slopBuch behavior is perceivedtil the heuristics
complete allgame typesand thegraphultimately changes into the constant phase. This result
now implies two conclusiondirst, the set of game types is heterogeneous enough to cause
different amounts of EIPs per strategic heurisB@cond, the procedures of the strategic
heuristics are sensiti® game typs. Again, the linear slope of the fh@mance curves in the
transition phase leads to the conclusion that time limitation and fulfilme@bai4 is (almost)

perfectly correlatedDrops in the slopeare caused bthe payoff structures of the variogame

types.

0 This result is limited to the set of game typearained here. Nonetheless, the set contains a broad variety of types,
as can be seen irable14. Hence, the generality of this result carelgpected

74



The graphs of theonstraegic heuristics stay close together throughout all levels of complexity
compared to the block of strategic heuristics. Nonetheless, the distance between the heuristic with
the lowest number ofpplied EIPs and the one with the highest when reached theatatu

phase is nearly doubling with increasing level of complexXitgrewith,the degree of inference
successively decreases. The heuristics further change ranks in betweerltiittt and
Optimist losing andL2 winning ranks. In case of the stratedjeuristics, the development is
entirely different. Whereas the ranks within the three heuristics stajtewsd, the distance
between highest and lowest numbeappliedEIPs is tripling in the first step, less than doubling

in the second and less thab fimes in the third.

At Goal 4 one can once again observe the oscillating forms of the strategic heDfisid&and
Equilibrium. It is clearly visible only for higher complexities (starting with 3 by 3). However, for
a complexity of 2 by 2 the effeotcurs on a smaller scale. The oscillastexs at the end ahe
early period of the transition phase and sBavmore or less gradugansitionto the constant
phase. The underlying slope is slowly approximating zero. @aemgreached this phaseie
number ofEIPsis oscillating within a small range. Again the reason for this behavior can be
found by taking the game typescombination with the random variablegéo account. For nen
symmetric game types, a dominated alternative sometimes exisjsstoone player's set of
payoff. Thus, thestarting focus and the starting poisbmetimes determine how fast the
procedure terminates and hence how many ElIPsse@ in total. Tha randomchoicescan be

discovered in thescillatingbehavior of the her i st i c 6 sgrgpler f or manc e

The production system oD2 includestwo rounds of checking for iterated dominance by
definitioni regardles®f results from rounene (which for example has shown that there is no
dominated strategy in the game). The maxintewel of reasoning of the games examined in this
study is two, with the elimination procedure solelyoncentratingon pure strategies. Hence,
applying D2, similar to Equilibrium, always meanseliminating the maximum number of
alternativesy employing agametheoreticsolution conceptHowever the production system of
D2 is, unlike theEquilibrium heuristic,inflexible in its termination criteria. The constiniarger
amountof appliedEIPs during the saturation phasempared td1 and Equilibrium illustrates

this predetermination.
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6.24Ef f ecti veness and Efficiency in the Heurist

The detailed analysis of the heuristiperformancesfor eachgoalis now summarized regarding
effectiveness and efficien@s proposed in Sectidnl The earlier introduced classification of
heuristics seems helpful again tine following considerationGoak 1 to 3 contribute to the
effediveness aspeaif the performancewhereasGoal 4 symbolizes the efficiency as asgl

earlier.In the following the sensitivity of the heuristie performancetowards a reduction of

time limitsis examined. The argumentation focreasing théime limit is analogus

Goal 1 (Propose a decisiois)fulfilled by all heuristis by defintion already for very smatime

limits which in the followingare characterized as reasonable. With this, a decreasneglimit

has no effect on t he he@Gaalilslt is thsscharactefizedcdsi v e n e
nondiscriminatory among the @ set of heuristicandnot further considered when comparing

the heuristicso6 performances.

RegardingGoal 2 (Reduce the set of alternatival)heuristics show dependency towards time
limitation. With decreasing time lingt(the time that can be used é&xecute the production
system of a heuristic), the fulfilment @oal 2 decreases, tod.he set of heuristics can be
grouped according to their performance at GaalN@n-strategicheuristics,together withL2,
reduce the set of alternativisster tharthe remaining strategic heuristic§his reduction speed
makes them more effective under decreasing time limits. Howevegrowing complexity

generallyseems to increase this dependency.

Goal 3 (Maximize certain payof§howsintenseoscillationamong allheuristics in their transition
phases. It is thus hard to determine how a heuristic's payoff generation is developing over
changing time limitation. As suggested earleamducting a linear regression on the data helps to
ascertain the impact's tendendfe slope of the resulting firstegree polynomial expresstee

tendency A regression is conductdor both phases anfdr every heuristic individually

In thetransition phaséhe performancgraphsof the heuristicshowdissimilariies regarding its
sensitivity to a decreasing time limit. Most of the heuristics face a declining payoff owigbert
such conditionsOnly the heuristicAltruist and Randomimprove their output witla decreasing
time limit over alllevelsof complexity Optimist(3 by 3)andPessimis{2 by 2) improve their
payoffs for one level of complexityiowever, the payoff generated in the early stages of a game

strongly depends on the randomness of choice. Increasing the outcome with lesser strict time
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limits reflects the heuristis 6 abi |l ity to reduce the i Thisl uence

is a property that is more pronounced in strategic heuristics.

All'in all, the heuristics' ability to adapt to increasing time limitation is individually different and
dependent on sk variables as well as random variablesisTheterogenic behaviaonhibits a

general statemerdn the influence of time limitation on effectiveness regarddwgal 3. Also,

with this examination of the individual heuristics and their adaptability, nothiegid about the
heuristics' performance when compared to each other. This estimate is discussed in Subsections

6.2.7to 0, where the heuristics are ranked, enapteasonable recommendations.

Goal 4 Minimize Effort) is directly relatedo the number of EIPs the proceeding of a heuristic
applies Since the number of EIPs measure the time limitation in this simulation, the consumption
and hence the effort directlynks to the time limit. As presented earlier, all heuristics show a
direct relation to the time limit during their transition phase. It is thus not surprising that a
reduction of the time limit affects a reduction of teplied EIPs. All heuristics becomenore
efficient when thevailabletime shortens® Nonetheless, the two groups of heuristics mentioned
aboveshow significant differeces.The non-strategicheuristics including.2 reach their constant
phasecomparativelyearly and the remaining stratedieuristics lateThe latter arghusat least

equal or more sensitive to a reduction of time limitation as will be sim@mwnin more detail.

Assume that a time limit is given which applies only to the group of late adopter hedfistics
Assumealsothatan extentof reductionis giventhat leaves a time limit equal to or greater than
zero® after reductionlf the extentof the reduction is too small to reach the heuristics' transition
phase, compression of the time limit will not affect the early adogterdtics. Alternatively, if

the reduction isubstantibenough, an effect can be observed. Either way, it has in every case an
effect on the remainintate adopteheuristics. This inequality can be generalifedlarger time

limits (reaching the constéphase of thate adoptenswithout further assumptions.

This consideration determined the qualitative influence of time limitation on every heuristic's
effectiveness and efficiencylable 17 provides a summaryf nonstrategic and strategic

*1 Recall that a time limit can only cause an effect on theopmeince of a heuristic when the heuristic is still in its
transition phasdncreasing or decreasitigetime limit in the constant phase does not affect the performance.

%2 Recall that the group of late adopters is formedtyD2, andEquilibrium, whereas all other heuristics form the
group of early adopters, following the notion introducedubsction6.2.1

>3 A time limitationthat issmaller than zer&IPs / zero seconds not defined.
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heuristics. The results f@oak 1 to 3could be combined with variousombinations of weights
to derive an overall result for effectivenes®wever, there is no knowargumentation inhe

literature that favorsnegoal ower anotherHence an equal weighting of goals is suggested.

TABLE 177 INFLUENCE OF DECREASNG TIME LIMIT AND INCREASING
COMPLEXITY ON EFFECTVENESS AND EFFICIENCY OF HEURISTICS

Criteria Yoo lo Yo Yo Yo Yo Yo Yo Yo Effectivenesde Vo Yo Yo Yo Yo Yo Yo Yo Yo Efficiency
Goal ?dG1G3 G1 G2 Y21 %% Y2 Y2 Y2 G2 Y2 Yo Yo Yo Yo Vo G4
Complexity all all all Gal 22 33 44 55 all

Heuristics

@ nonstrat /0 0 ¥
heuristics

Altruist 0
Random T
Optimist

Pessimist

Naive

OO O o oo

@ strat.
heuristics

L2
D1
D2
Equilibrium

o O o o

Summaizing Table 17 leads to general findirsg of the influence of time limitation and
compl exity on hesuwhéreas effecivénespg tendd to lbe meghtionpacted,
the opposite isrue for efficiency forall heuristics. Lookingat each heuristic individuallysome
perform more robust undekecreasingime limits (Altruist and Randon). The effectiveness of
those heuristics shows an invariant sensitifitgan oveGoals1i 3). No clear tendency for one

of the two groupsnonstrategicand strategic) is observed either.
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6.25Compari son of the Heuristicsbd Performance

Based on the heuristics 6 sarankinglistdsterminredf@oad2i ng t h
to Goal 4and for each time limit? Appendix C providesoneto-one comparisons of the

heuristics and their performanf@ all goak. As mentioned irSection5.2, the observation of the

time |l imitationbs infl uemeaendimyodhdlcafidé@odoest amt &

Theh e u r irank dece@mestover time limitationare projected onto these four categories

This provides a perspectivetha gi ves a good overview of the he

changing time limitFigure17 and following depict the results.

The diagramdisplay the ranks ofGoal 2 (Reduce alternativesh thehorizontalaxis and of
Goal 3 (Generate payoftn thevertical axis.Ranks ofGoal 4 (Applied EIPsare represented by
shades of grawssociated witla color map. All diagrams additionally contain two orthogonal
lines parallel teeachaxis, intersecting in pointefto vhb . Those lines represent the median
ranks ofGoal 2 and 3. The median rank Gbal 4 is gray,with decreasing rank numbegwhich

are similar tdbetter ranks) towardgyht grayand increasing towardfark gray.The median lines
form four padr ant s, hel ping to visualize the inte
Heuristics in the lower left quadrant are performing better than the median fagdadtt? and 3,
whereas those in the upper right quadrant perform worse than the mdukaoth€r quadrants'
interpretation is straightforward. should be notetiere that a heuristic's ranking trajectory must
not be viewed isolated. All heuristics influence the rankinth their developments over time.

Hence, it is just a relational shifiithin the set of heuristics.

6.2.6General Consideration

At the very beginning of the early stage, the heuristics perfuite similarthroughout allgoak.

The graphs of the heuristicverlapmuch here, and the rankings reflect more or less marginal
variancesconcerninggoal fulfillment, with Goal 4 (Figure 12) showing the least differences and
Goal2 (Figure7) andGoal 3 (Figure11) following. Thenonstrategicheuristics then often reach
their satuation phase around half the time of the eahgseof (the benchmarkip2, a little later

for a complexity level o2 by 2and a little earlier for a complexity level 6fby 5 In the midde

stage of theime performance, thproduction systemsf the nonstrategicheuristicshavealready

*¥ Recall that Goal 1 (RecommendChoice) is not discriminatory.
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finished. A change of ranks in tha&te and constant phase is thus exclusively resulting from the

strategic heuristicsdéd ongoing consolidation p

This consolidation process reveals significeimte differences throughout thgroup of strategic
heuristics. WhereaB1 and Equilibrium conclude their procedusen the outgoingniddle and
beginning late stag®?2 ends by definition (of the stages) on thening point from the outgoing

late stage to #beginning constant phase dhds by fadastslongest of the set of heuristics.

Regardingime duration of procedures, ttadready introduced groupiraf the set oheuristics in
early adopters and late @gutersis valid here. However, since fully processiB@ requires
markedly more time than f@1 andEquilibrium, the group of late adopters needs to be split into
two (group 1:D1 + Equilibrium; group 2:D2) and discussed separatefhe groups maintain
their structurethroughout all levels of complexity. Of course, witleiach grougifferences exist
on a smaller scale and those differences vary with growing complexityHtveever thetime
differences between the groups are markedly higher comparttde differences observed
within each group: wh increasing level of complexity, thearly adopterend its procedures
about three times (2tby 2 up to six times (&b by 5 earlier tlan D2,

The time span between the two groups finishing their proesdrises with the level of
complexity. The early adopterdave significant advantages in the tinreeededto finish the
procedures,even thoughthe impact on effectiveness and efficiency is diver®& and
Equilibrium barely needhalf the time ofD2 for low complexities. In opposin to the early
adoptersthe relation then increases from about Y2(ay 2 3 by 3 up to alydut I (
meaning that the time the procedures of the strategic heuristics need cemwignggrowing
complexity.

It is worth noticing here that fathe interpretation of the heuristié@sverall performance at each
time stage the results in Goal 4 (Applied EIPlsly a minor role. The evaluation of one stage
basedon the assumption that the effective time limit lies irs thiage, toowith all heuristics
evolving untilthis very point in timelf some heuristics comparably scorésatal 2and 3,Goal 4

serves as a means to evaluate the heuristics efficiency and hence as a reasticelféetor.
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6.2.7Ranking in the Early Stage

The rankings of the early stage are presented for all levels of complekityure 13, beginning
with 2 by 2in the upper left corner and ending wihby 5in the lower right. This ordeis
retairedfor theforthcoming illustrations of all other stages.

Looking at the performance of the heuristics in absdletms, this stageis by far the most

dynamic,asonecanobservean Figurel3.

FIGURE 137 RANKING IN THE EARLY STAGE
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As mentioned earlier, it thus seems hardly adequate to trangfonme h e wlynansct i c s 6
performance under varying time limitationto a single ranking. On theontrary,at the very
beginning ofthe heuristis @oroduction systemsill decisionspredominantly relyon chance:
Randomand all strategic heuristics select a random decision as the initial choice. Theoother
strategicheuristics usually chose tlstartalternativeof their proceduresHeuristics' pocedures
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determine the starting point of observation (within the payoff matrix) by chance and without any
pre-knowledge about the payoff matrikhus,an interpretation ofhe rankingsis of limited use

At about halfof the time of the early stage, the fi s t reasonabl e results
proceduresan beobtained forinterpretaition With increasing time limits in the second half of

the early stage, the heuristi cs®®Hopeverfitseemsanc e
to be acceptableehne to concentrate on the mgagrformance of the heuristics within the early

stage. Thixoncentration keegthe evaluationrmanageable concerning size and accuracy.

The Optimistheuristic,an early adopterstarts strongly with rank 1 in reducing altermes, rank
4 in generatingpayoff andrank 3in appliedEIPs for a complexity level df by 2 However with

growing level of complexity, it subsequently loses rankganeratingpayoffs (rank 2 a2 by 2to

rank7 at5 by 5.

Other thanOptimist the heairistic L2 remainslocaedin the lower left quadrant for all levels of
complexity The heuristic shows very good payoff generation (rank 2 to rank 3) and good
reduction of alternatives as well as moderate EIP consumption (ranks 4.aktdcbnplexity
levels higher 2 by 2PessimisandNaivehave very goodanksfor all goals, making them a good

choice in such conditions.

Altruist shows a very googerformance in reducing alternativasd EIP consumptiofranks 2
and3) at all levels of complexityHoweve, thepayoffgeneration is poor (rank 9).

The strategic heuristics are frequently located around the payoff median in both of Hs&deght
guadrants with just marginal differences in ranks between tG@encerninghe fulfillment of the
other twogoak, the strategic heuristics show an even weaker performaocepyingrankswell
above the mediafranks 6 to 8 for Goal 2 and ranks 7 to 9 for Goal 4)

Summarizing the relative performances, thptimist heuristic seems recommendable the
smallestievel of complexity at ararlytime stage. For complexities 8fby 3and higherNaive

andPessimistop the ranking

% Indeed, when concentrating on one particular time limit or span within the second half of the early stage, the
results differ slightly from the computed mean. In that case, an own analysis for this very time limit iseadechm
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6.2.8Ranking in the Middle Stage

Figure 14 depicts the rankings of the heuristmisservedat this stge. In themiddle stage, the
results are quitéke the early stage Concerning Goal 4, no differences ocdrandomperforms

best followed by the othemon-strategicheuristics and, with some distance, by the strategic
heuristics. Howeve,.2 markedly impoves its rankings regarding Goal 2 and Gaoalts non
strategic heuristics approach their maximum alternative reduction (with one alternative
remaining), letting them share rank 1 together WwRhAt complexity levels higher 2 by [¥aive

and Pessimistimprove their payoff generation, displacing the strategic heuristics from their
ranks. They are thus to favor under such conditions, even thdlgtclose to their performance

and at an advantader lowestcomplexities

FIGURE147 RANKING IN THE MIDDLE STAGE
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6.2.9Ranking in the Late Stage

Figure 15 illustrates the rankings correspondittgthe late stage. In this stagjee rankings are

again quite similar to the ones of the twages analyzed before. Concerning Goal 4, no

differences occurAs expected, thstrategic heuristics still require the most EIPs for processing

thar production systems, resulting in ranks 7 to 9. For the other two g@athroughout

occupies bestankings in the lower left quadranfhe heuristic is accompanied MNaive at

complexity levels higher than 2 by 2 andPgssimisat levels 3 by 3 and 5 by 5

FIGURE157 RANKING IN THE LATE STAGE
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In terms of payoff genation, the other strategic heuristics occupy at least one of the first four

ranks throughout all levels of complexity. If the focus of optimization is on payoff generation

only, Equilibrium, Naive and Pessimistshall be selected, depending on the complebavel.

Naiveis to favor for complexityevels of 4 by 4 and higher. However, of the strategic heuristics
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L2 is recommendedor all levels of complexityregardingalternative reduction angayoff

generation

6.2.10Ranking in the Constant Stage

At this stagetime limitation is no longer effective. The rankings of this stage thus illugtrate

case ofdecisionmaking under no time limitation. Even though the level of complexity is

varying, without any effective time limit, no time pressure exibtais the heustics complete

their proceenhgs. The performance is hence expedtedbe similar to the ondescribed in the

literature (seeCostaGomes et al(2001, p.1194). Figure 16 illustrates thecorresponding

rankings.

After finishing task processing with their production systemsntirestrategicheuristics (except

Random)

still

remai n

ranked Nhiveionte aganrshosvs ao f 0 a

comparably strong payoff generation for complexity levels 3 by 3 and higher.strategic

heuristicsperform quite wellon this goal, too At least one of the three strategic heurisiids

D2 andEquilibrium can be found among the top four ranked hé&assL2 is throughout ranked

among the top thred. n

combi

nat.i

on wi t h a

shar ed

fi

locatedin the lower left quadrarfor all levels of complexityHowever,the strategic heuristics

traditionally share low rankat Goal4, whereRandomachievesvithout anycompetitionrank 1.

rst

Overall, L2 and Naive (at least for higher levels of complexity) are recommended to use for task

processing within this stage of time limitation.

Goal 3 - Payoff

~

FIGURE167 RANKING IN THE CONSTANT STAGE
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Interestingly not the group of late adopters, & Naive and Pessimisdominatethe ranking
concerning payoff generation for higher levels of complexity. This could not be expected from a
normative point of view, wheran equilibrium choice should optimize ones payoff. However, the
different game types in combination with equally weighting the influence of each heuristic on the
calculated payoff mean seems to be a disadvantage for the strategic heuristics. Additionally
when looking at the generated payoffs, the differences between values of top ranked heuristics
and the ones of the strategic heuristics are comparably small. Considering these points, the results
presented here are remarkable, but not contradictorgtegtilibrium model of game theory and

in good compliance to findings @ostaGomes et al(2001, p.1209)

6.2.11Selected Trajectories

To better illustrate the ewdion of theranks,the chartof Figure13to Figure 16 are sorted in a

new orderThey form group ofsame levels of complexitie§iGurel7to Figure20). Each of the

figures containghe ranking for one complexitevel of all four stages, beginning with the early
stage in the upper left corner and ending with the constant phase in the lowdt fajlaws a
discusson of selected ranking trajectoriggppendix Cprovides a comprehensive overview of all

trajectories in tabular form.

Non-strategicheuristics are generally fast to identify an alternative to choose whiaghilarso
effectively reducing the set of remaining alternatives to an absolute minimupma(ternative).
They thus occupy the first ranks right from the beginning with the heu@gticnistdominating

the early time stage. Due to their production systemhich require only a small share of EIPs of
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what the strategic heuristics (excé@) need, thenon-strategicheuristics also dominate the ranks
of Goal 4. In terms of generatingayoff, they in most cases perform worse than the strategic

heuristics. Fequent exceptions aRessimisandNaivewhich occupy one of the top five ranks.

Among the set of heuristick2 ( t h e freasoniad straBegic heuristic that best responses to
Naive occupies a special position. Regardless of time limitation and déveomplexity this
heuristic always performs very well in terms of Goal 2 and Goal3. It reduces the set of
alternatives as fast as most mdnstrategicheuristics and its payoff generation is frequently
among the highest value3his heuristic is therefe recommended for all time pressure

conditions.

The development of ranks for tlsther threestrategic heuristics different from the one df2.

For Goal 2 and Goal 4, no changes in the ranks occu¥ighre 17 to Figure 20 the strategic

heuristics are thus consequently locatethe two right sided quadrantsth shades ofed The
three strategic heuristics are incapable of completely catching up on performanceneersu
strategicheuristics.That is also partly true for Goal Bowever, asvailabletime increasg they
can increase theipayoff generationgo improve their ranls by at least one positiorilhis

behavior il lustrates Iistitasladetadoptére gi ¢ heuri sti cs:

Despite such differences between the heuristics, two characteristics have been identified which
al | of them share. First, gshowsadibceepancy with respecdb r e s
to time between Goa2 andGoal 3. The ranksof Goal 3 changéefore the ones dkoal 2 This
outcome surprises singe case of the strategic heuristit® performance for Goali8 expected

to bedirectly linked to the performander Goal 2 Thus, this point is to be discussed in more
detail in the followingby examining whether this phenomenon coincides with absolute numbers
Revisiting Figure 7 reveals a declining number of alternatives for the strategic heuiiisttbe

middle stage Here, tle nonstrategicheuristics have reached thewmnstantphase already. The

point of intersection, if it existat all, between th@erformance graphs dtrategic anchon
strategicheuristicsis located in the latephase of theniddle stage.Beginning withthe moment

of intersection, the strategic heuristics perform better thandhstrategis. This point in time is
decisive for the rankings sintlee mean performance of a particular stage decides on the rankings
at this stage. The later this moment oscat this stage, the smaller the time span where strategic
heuristics perform better than tmenstrategis. Thus, the advantageous performance of the

strategic heuristicdoes not become effective before ke stageconcerning improved ranks
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FIGURE177 RANKING AT A COMPLEXITY LEVEL OF2 BY 2
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FIGURE187 RANKING AT A COMPLEXITY LEVEL OF3 BY 3
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FIGURE197 RANKING AT A COMPLEXITY LEVEL OF4 BY 4
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FIGURE207 RANKING AT A COMPLEXITY LEVEL OF5 BY 5
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On the other hand, when examining timéddle stage ofGoal 3in Figure 9 one observesa
tendentially increasing paff for the strategic heuristicéon-strategicheuristics do not behave
homogenously here. WitRandom Altruist, Optimist andPessimistfour out of five heuristics
alreadyhave lower ranks thathe strategic heuristiaghich latereven continue to déoe. Naive

is the prominent exception whigares the top rankith L2 from theearlyto theconstanistage

for all but one level of complexity (i.e2 by 2. So, the strategic heuristics behave as initially
expected with a drop in remaining alternasivend a simultaneous growth in the payoff. The
influence of the other heuristics' performance is still notable. With the reduction of dominated
alternatives in the middle stage, the strategic heur@sticp e r f o betteathaa raost iofsthe
nonstrategicheuristics (excegtlaive. Figure10 clarifies this relation for a complexity level &f

by 2 The influence oRandomon the payoff of the set of heuristics is neglected in this picture.
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A

Thenonstrategic heuristc s 6 p er f or ndatericraesnfthemiddié stagdsuccessively

with the strategic heuristics reducitigeir set of alternatives (drthus increasintheir payoff).

And second, the ranks do not change much with the time stages. The respe&svéhean
heuristics occupy at the early stages are frequently similar to the ones they occupy at the other
time stages. Some changes occur within the group of strategic heuristics regarding Goal 2 and
Goal 3. Some changes occur within the first five rankmnding Goal 3 over time between

Naive Pessimiseand the strategic heuristics. Despite that the ranks are stable. Again, the diverse
time sensitivity of the heuristicsod productio
of the late adopters foequently produce performance values at Goal 2 and Goal 3 better than the
ones of the others is a second cause. A diff
calculation of the payoff generation might have changed the results. Howeverteinsation is

not further studied here.

I n this chapter the simulation data has been
under varying time pressure conditions. Three goals reflect effectivity as well as efficiency of the
choice and the proces o f choice generation. The heuri st
absolute terms and compared to each other in a ranking. The heuristics show remarkable
differences in their ability to reduce the set of alternatives, to generate payoff and to precess th
decision task with as few EIPs as possible. Whilenthiestrategicheuristics reduce the set of
alternatives the fastest, the strategic heuristics achieve good payoff values. A special position
occupies the heuristic2 which combines the advantagesbatth groups. Its features, as well as

the ones of other behavioral patterns that proved successful under time pressure conditions, are
the subject of the following chapter.
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7 Successful Heuristic Patterns

This chapter deals with heuristic patterns tha wagarded as successful under varying time
pressure conditions. The discussion ai ms at
conditions under which they are successful in the light of the preparation time model and its
predictions (c.f. ChapteB). The discussion is based on the results from Chdptethere he
performance of selected heuristics over varying time limitation and compleagydetermined

The ®t of heuristicgs regarded as commonly used in the human decisiaking processThe
heuristics haveshown a significant sensitivity to both complexity and time limitation in strategic
normatform games.From an application perspective, it therefore ns®eappropriate and

reasonabléo design the time pressure based on these two factors

An evaluation framework to measure the heurispesformancean the decision processas set
up. This concepboffers the possibility of comparing the performance @f tieuristics regarding
their effectiveness and efficiencfhus,one o f t hi sscould eemét:iicderif§ig g o al
successful behavioral patterns under time pressure conditions as benchmarks to compare with

other heuristicé peiofmakingtAnces and human deci

Some simplifications define thillowing overall consideration. The heuristics, as well as the
games, represent a small selection compared to the richness of variations present in literature. All
findings of this research and their validatiare hence limited to this set of games and heuristics.
Those canot claim universalityHowever,the selection of games and heuristecbasedn their
frequentnesand generalityConsidering these limitations, tregplicability of the concept of

prepaationtime in game theory can be assumed

Anot her simplification deals with the evaluat
Table 14, the set of games applied in tisisidy shows a variety of fon and level of reasoning.

Still, for presentatioal reasons the performance is calculated as the mean over all games per
level of complexity. That way a manageable overview is generated out of thdatadetfrom

the simulation.

For the same reasonsgetlexamination of the influence of time limit is reduced to four stages,
with the performance meanof each stage determining the ranRWVith 466 time-limit

% For results se@ppendix C A digital version of the comprehensive simulation dagcan be obtainedn request
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measurements many more combinations ekt awaita moredetailed studyFor example, the
majority of heuristics already finishggoceduresnd reachs the eventless constant phasthe

early stage.Examining time limits of this stage is thus likdly revealmore interestingresults

and relations The performanceof the heuristicsfor one particur gametype or level of

reasoningand fora particulartime limit thusmight be relevant in furthestudies’’

As already mentioned iSection6.1, the heuristicdperformance for Goal 3result from playing
against each other. Here, a heurissiecnatche with each heuristic from the set, including itself.
The sum then is uniformlyeightedby the number of heuristics. In doing so, amlicitly
assumes that the set of heuristics is evenly repeemtthesimulated populationf decision
makers and thus in the performance evaluation. This assumption might be a limitation qf reality

strongly influencing the heuristicsd outcome

On the other hand, the experimentally deripedbability distribution of heuristics as a solution
concept fodecisionmakingis still a controversial and lively part of scientific discussithdhe
assumption made here is thus to be sa®ran adequate firstssessmentwith too few solid
argumentresented in literaterstanding against it. The need for further experimental studies,
applying the latest technical developments in process tracing, combined with an adequate data

analysis concept is quite apparent here

Considering those simplifications as reasonable anquade, the results from the simulation can

now be discussed. The focus lies on the heuristics' performance under time pressure and its
relation to the implications of thergparationtime concept introduced in ChapteB. For
heuristicbased decisiemaking under time pressure, this concept predicts that choices deviate
from those made without time pressure. This effect can be related to the heuristics' ability to
minimize the set of alternatives and to generagoff. It thus can be directly linked to the
second and the third performance goal. Theparationtime conceptfurther implies that the
number of EIPs required for executing a heuristic's production system decreases under time
pressure conditions. Threduction affects the heuristics' efficiency and thus links to the fourth

performance goal. Both implications of theeparatiortime conceptire addressed alongside the

" performance data will be provided by the author on request, enabling specific detgatign by choice for
further research projects.

%8 The studies o€amerer et a(2004 andCostaGomes and Crawfor2006), for example, offer two fundamentally
different approahes to examine decisignaking by heuristics in a strategic context. Critical studies concerning this
topic are among otheBettman(1979 andHahn et al(2010.
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di scussion of the influence of ti mectpftimessur e
pressure is at this point discussed by evaluating the impact of its components time limitation and

complexity.

At first, concentrahg on the time sensitivity of the heuristics performance, they shewwitar
adaptation behaviowith slight varations, supportingthe predictions from the ngparationtime
concept: i n the heur tranditioncphase ancea corstantphese be gr ap f
determinedIn the transition phase, the time limit is effective in the way that the heuristinstare
able to finish their proceduregher than with a random decisiofit the point of saturation the
transition phase changes over to the constant phaske constant phaséme pressures no
longer effectivel the number ofppliedEIPs, as well athe number of remaining alternatives, is
not changing anymore, even though the time limit increabksvever, because of the
interactivity, thepayoff for each heuristic differs with time untihe last heuristic reaches its
constant phase. As exqted fron the peparatiortime model, the concrete point of saturatiema
characteristic of the heuristics. It directlgpend on the level of complexity.

Despite similarities in the shape of the adaptation protessieuristics can be categoriZeodm

a perbrmancebasedpoint of view camcerning different aspects. The basic categorization of the
set followsCostaGomes et al(2001) who definedRandom Altruist, Optimist Pessimistand
Naive as non-strategicheuristicsand L2, D1, D2 and Equilibrium as strategicheuristics All
discrepanciebetweent he heur i st baresbasedon diffeemcesanntip®duction
systems and t he.Theddferences id thecpooduptioresysiemnsy complexity are
clarified and operationalized by simulatidrne non-strategicheuristics apply simple information
search and gatheg steps, not focussing on the opponéset of choices. Compared to the
strategic heuristics this simplicity pag# with respect tadhe amount of EIPsecessaryo finish

the procedure and a faster reduction of the number of alternatives.

The nonstrategic heuristicsOptimist Pessimistand Naiveeventend to bealmostinvariant to
time limitation regarding their effectivenesehey show adistinct ability to developa reliable
choice in a short time This decision speed leads tocamparativelygood performance in
generating payoftinder comparatively short time limit&lthough Randomis even faster, its
choiceis not basel on any informationThe use of even little information seems advantageous
here, regarding payoff generation and thus effectigerAltruist is comparably fast, but the

chosen alternatives lead to poor payoffs.
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The complexity of theh eur i st i ¢cs 0 pis, mdwncd strang argumesdt erphais

why the strategic heuristics need so much more EABs$ndicated orseveralother occasiong,2

again s in an intermediate positonpgp onent 6 s p a jsasedo formmafdecisioma2t i o n
thus can be defineds strategiqsimilar to CostaGomes et al(2001, p.1195). However, t
behavesonstrategicin its demand for EIPs, making it more efficient than the other strategic

heuristics.

Goal 4 (Applied EIPs)llustrates very well theimea s pe ct of the heuristi
Figure1?). Here,one can identify twgroups with different time requirements. Tinen-strategic
heuristics,together withL2, can be labeled as 'early adoptefie strategic heuristidd1, D2,
andEquilibrium follow with a markedime difference They are hence labeled 'tte adopters'.

Within this group,D2 again needsignificantly more timei r egar dl ess of t he
complexity. The game tasksappliedin this paperrequire a level of reasoning ofvo at the
maximunt®, meaning that # normally optimal strategy might require two rounds of iterated
eliminating of dominated alternativ8s The mean level of reasoning of all game tasks is lower
than two. However, theolution concepiof D2 is rigid in the sense that regardless of the
particular game type always two rounds of iterated elimination of dominated alternatives are
processed. It is thus performing worse thather heuristicsconceming effectiveness and
efficiency®’

The complexityof game task$iasa substantial impact here, withe early adopterscreasing

their time demand almost quadratic with the level and linear with the growing number of
elements in a payoff matrix. Thate adoptershow a noticeably bigger factor at this point. This
circumstance hints to th&rongerdependency orthe context variable® game t yped and
i nf or marparen todhearly adopter heuristic8Vhereas thearly adoptergenerally seem

to be game type invariant, thate adoptershow specific sensitivityThe reasons for this can be

found again in the properties of the production systems:strategicheuristics check each cell

of the payoff matrix with the same frequency (usually ont2)again is behaving as ron

strategicheuristic here, even though it is checking a certain anwfurglls more than once. The

9 A maximum level of reasoning of two for game types is sufficient for this study. S&cfiprovided an overview
of applied sedction criteria for game types.

%0 Section5.2 provided a detailed discussion of this gaimeoretical solution concept.

®1 Because of its processing tinm@2 is selected as reference heuristic in the analystioseaf this study, framing
the scene with determining the examined time stages.
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late adopteheuristics do not show that congruence, with the frequency principally depending on
the concrete elimination processis not surprising that the context varia@ayoff informatiord

that links to the game typalso has a remarkable influence on the number of EIPs heuristics
require during their procedure. Except fBandom the complete set of heuristics shows
sensitivity here. The number of remaining alternatives in the constant phase is a good indicator
for theinfluence This number is changing with the degree of complexity, even though it should
be the same or at least directly related to this level. Time dependence is noticeable yet until the

constant phase is reached.

Concentrating orGoal 3 (Generated paff), the influence of task and context variables is also
clearly observable. Since the payoff is determifoedll heuristics by playing against each other,
especially at early stag@ereseveral heuristiceely onrandomdecisionmaking the effectie
payoff isinfluenced bychance.The impact of the element of chance decreases with increasing
processing time of the heuristitprimarily when the late adopters can develggisionsbased

on higher levels of reasoninghis behavior is in reasonableropliance with the implications of

the preparatiortime concept

Surprisingly, the decisions proposdxy NaiveandL?2 are even more effective than the ones of the
late adopters, considering the mean payoff acquired from playing all game Tyjos& two
heuristics perform very welfor all goak, with L2 generally being advantageolw&ince Naive
identifies the alternative optimally respondiffgto a random choice antl2 identifiesthe best
alternative to respondn aNaivechoice,L2 reaclesthe second levieof reasoningaccording to
the CHmodel fromCamerer et a(2004)%® Effectively, L2 does not employ the normative game
theoretic solution concept eliminating domnated alternativethat is based on the assumption
of rational opponentdJsingL2, one simply assumes thaetopponent is ratiorglbounded’, at

leastnon-strategic

With the behavioral pattermescribed above 2 is a remarkable exceptidnom the graip of
strategic heuristicslt does not rely on theomparativelyEIP-intensive search for dominated

strategies. That significantiyeducests EIP demandowardsscalesthat arecomparable to the

%2 Naiveis thus of a firstevelof-reasoning type, following the classification systenCafmere(2003.

63 Compare the explatiorsin footnote6, p.13.

% The game theoretic terdbounded rationalifyrefers to a player's limited ability to generate a strategic decision.
Also, see the description in the glossal$)(
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ones ofnonstrategicheuristics. Sincé&.2 has a stratgic character, it regularlyperforms better
thanthe nonstrategicheuristics regarding payoffenerating. Its ability to reduce alternatives in
comparativelyless time is in turn similar to theon-strategicand thus definitely advantageous to

the strategic @uristics.

Whether the success b2 within this set of heuristics is heavily influenced by the played games,

by thestructureof the set of heuristic or other variableglifficult to determine and necessary to
beinvestigate in furtherstudies explicitly not limited to simulationCostaGomes et al(2001,

p. 1219, footnote 58eport simiar tendencies for this heuristic, although the strategic heuristics

in their studyperform better compared to the results in the constant phase here. From the current
point of view,L2 is recommendablfor almost the whole parameter set studied h@renthough

someuncertainty remains.

With this, one can finalljconcludet he ti me pressure sensigivity
regarding effectiveness and efficiendyable 17 providesan overview bthe influenceof time

limitation and complexity. Some heuristics naturgligrform more robust undex decreasing

time limit than othersvith respect teeffectiveness. This fact does not necessarily depend on the
adopter character of the heuristic. However, this charatc can be a supportive argument.
Especially thegroup of late adopteréaces decreasingffectivenessunder increasingime

limitation. A growing complexity even scales this effect. The reason probably can be found in the
complexity of their produatin systems and thus in th@omparativelyintense need for EIPs.

Another strategic heuristid,2, performs surprisingly well under time pressure and is thus

recommendable from the given set of heuristics.

Concluding the second part of this treatise, tineliigs can now be summarized. Decision
makersdéd behavior in tasks wunder \vtlroughiasegoft i me
common heuristics. Prodeatian fsystengsgevelopedn Partelumere st i c S «
applied to thestrategic deision-makingtasks. Time pressure was modegeda function of time

limitation and task complexityThe performanceof the heuristics measured in terms of

effectiveness and efficiencwas determined.

It wasshown that the approach produces results awith CostaGomes et al. (2001) and others
for the extreme case of no time limitation. The simulation gerceratsonabl®utcomes for the

heur i st i c sspstromgyrdépendingeomttes o d u c t | oprogressios tndemtime
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limitation. The heustics presemd significant differences in their general performance.
Surprisingly,noneof the established sophisticated heuristics tops the overall ranks, but one which
combines norsophistic and sophistic elements in its procedure. Even in task emeints of

high complexity, where sophisticated heuristics are assumedrpasshe non-strategicones
markedly, some others perfoech comparatively strongtoo. Hereby, especially under time
pressure, the sophisticated heuristics o€ unconditionallyrecommendedrom a normative

point of view. Altogether, the results back up the presumptions girdparationtime concept

and further support the applicability of both model and metHadvever, the results await their
experimental validation. They thu#nd consideration in the hypotheses formulation in the
following of part this treatise. In Part Ill, a decisioraking experiment is conducted to study the

predictions of the preparation time model under more realistic conditions.
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Part | I : e i1ime PXEearsi
Nor mFad r Ba me s

The third part of this treatise provides the description of an online decrsa&img experiment.

Main objective is to evaluate the predictions from the preparation time model, elaborated in the
two preceding parts of thtreatise. The predictions are formulated as hypotheses which are tested
in the experiment. In this context, behavioral patterns in deemBking processes when
executing normaform games under various time pressure conditions are identified. htherfu
evaluated on how time pressure, as a function of time limitation and task complexity, influences

effectiveness and efficiency of cognitive processes.

Mouse tracking is used to obtain process data. For this purpose, a detailed discussion of mouse
tracking along with other relevant process tracing techniques (PTMs) is given in CBapter
Improvements in mouse tracking are described that result from comparison of relevant PTMs. In
the same chapter a metricdeveloped that allows for interpreting behavioral data, observed by

mouse tracking, as cognitive operations (EIPS).

The following three chapters are dedicated to the online experiment. Method and design are
explained in Chapted. This chapter also provides some general issues regarding experiment and
data analysis. Findings are presented in the following Chaptong with results of hypothesis

testing and classiigg behavior.

In the subsequent Chaptkt results are discussed, concentratimgthe experimental objectives,
hypothesesand classifying behaviolt also provides a reflection on identified cognition tyjes

the light of the earlier introduced model of preparation time.

8 Tracing the Cognitive Process

In this chapter, techniques are introduced in brief that allow inferring on the cognitive process

from observed behavior and discussing mouse tracking in metal.dMouse tracking is

compared to other relevant techniques in substantial categories. The comparison shall reveal

potential improvements for mouse tracking regarding implementable functionalities. Examined

categories refer to the purpose of this experit. On this technological base, a metric is

developed that enables interpreting the observed behavior as a cognitive process, applying the
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concept of EIPs. This metric is further used for analyzing the experimentally derived behavior

data.

8.1 Purpose ofProcess Tracing Methods

TheProcess Tracing MethedPTMs)comprise numerous techniques designed and developed to
gather and provide appropriate data to examine cognitive pescedsch trigger human
behavior.Following early attempts oFord et al.(1989) and Woods (1993) to structure this
comparatively young field of researclKiihberger et al.(2011, p.3) recertly offered a
comprehensive introductido the field ofPTMs The authors include a compilation of numerous
studies, presenting experiences and implementations of severatjteshamd give a@onvincing
categorization of the methods discussed. In thigepatheir categorization is borrowed. The

methods are classified regarding their intention of helping to examine

1 information gathering and acquisition,
1 information evaluation and integraticand

1 physiologi@l and neurological aspects
of a cognitive proess.

PTMs partly fulfill more than one purpose, making their classification less strict. That in turn
principally broadens the range of applications for a single method. On the other hand, the number
of potential techniques for a particular applicatioar@ases with this, too. Choosing one out of

the pool of potentials is thus inevitables long aghe research concept does not focus on a

specific method from the beginnifiy.

In general, PTMelaed literature frequently addresses two significant pooftsconcens.
Consequently, one needs to consider these potential flaws prior to selecting a method in the
context of a research project:

% Even in that case, comparing relevant techniques about performance and fitting could generate stimuli for the
selected one and its experimental application. That in turn potentially leadartbea developmet of the method

itself. The development has often been influenced by technical evolution, generating new instruments which are
frequently adopted by several proctising methods. That triggered similar changes in design and development of
the techniquge. The availability of personal computers in combination with growing data storages is a prominent
example. These technologies strongly influence experimental designs with regard to gathering, storing and analyzing
process data. They offer new opportusitie data richness and precision.
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1. Onemajor issue is to assess the potential influence of the technique on the cognitive process.
That implies boththe accuracy of data regarding its ability to reflaecthe underlying cognitive

process as well as minimizing distortions as reportedusso et al(1989) The results of this

reflections especially influence the experimental design, which needs to consider possilities

i dentify quality and guan(Rudsoet a.f198% @geOhThi§isour c
critical point is part of theealated discussion of relevant process tracing methods within this

study.

2. Kuhberger et al(2011)mention the general flaw in h e  m ewtorkirngdneohanissiwhich

equally limits their applicability: PTMs are bound to information given within an examination.
They cannot supervise braimternal data such as knowledge and experienceudés and
influence largely remain unclegpp. 12 £.)*° Kaplan et al.(1993, p265) dedicae an entire

study to this issue in the context of judging people from specific presented characteristics under
time pressure.They found evidence for thexistence ofbraininternal representatisn of

information

The challenge to determirend evaluatethe braininternal data and its influence aecision
makingin a particular task generally exists in every human decisiakingstudy. A promising

way is to formulate decision situations knowlegggitral, such that they most likely do not
belong to the(many) experience horizenof people’’ Thus, the absence of that kind of
experience could be primarily assumed. Also, the ability to deal with that kind of problems by
methodology would remain and would not be affected. In case of the current research, th
approach is an option, as will be shown later when decision tasks are defined. The uncontrollable
internal data are hence of minor importance in the followalgction process

Aspects said to be relevant when selecting a techrégnebe formulatedconsidering these
points ofcriticism. These aspects build a framework that is employed in a second step to evaluate

possible methods from a comparative point of view.

Thegoalof such a selection is to choose a method that serves the restgaativesvell for:

% It needs to be added here, that especially neurologicaigd process tracing methods mainly evolve towards
visualizing and analyzing brain activity. This method can be used to determine whether an examined activity is
connected to an external or an internal stimulus.

67 Consider that the neutral formulation might not be possible in every case, depending on the research concept.
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1. generating proper data to examine relevant characteristics of the underlyin§’model

2. offering a sufficient cosberefit perspective in an application,

3. being accepted as a method in scientific application context or at least offering strong
argumerd for its acceptancend

4. providing sufficiently documented application experiences and refesxpazimens in
the literature that prove an adequate level of elaborateness and enables comparison of

results.

Especially thesecondaspect is a decisive faxtwhen research is bound to a given pool of
(monetary and technical) resourcdhis schemeof aspects forms the basis of the following

evaluation and comparison of relevant methods.

8.2 Discussion of Relevant PTM

This evaluatiorshall identify potential impvements for mouse tracking from other PTM. The
author focuses on adequate functionalities he can implement in mouse trabsusg tracking

is compared with three popular techniques that nominally have the potential to substitute it for the
given experinental purposeeye tracking, verbal protocols and functional Magnetic Resonance
Imaging (MRI).%° Since researchers partly develop methods for different application areas, their
performances are assumed to differ, given the particular intention of teenpnesearchA
descriptionof the techniques identifiecegarding general functionalityvorking mechanism as

well as traditional fields of application subject of the following four subsections. The fifth

presents the results of the comparison.

® This point also comprises proper means to minimize distortions of the PTM on the beleawiating to the first

point of criticism mentioned above. It is further necessary to note that no technique is ready to be applied from
scratch. In evergase, researchers needudher adjustt regarding their particular approach.

% The PTMs are setted because they apply to norftam games and are capable of tracing relevant information
about the decisiemaking process. Moreover, they are used in relevant studies, showing their potential in-decision
making research. Other PTMs, studied in aiprielary consideratioffior this treatise, missed at least one of the two
criteria and are hence omitted. A good overview and thorough introduction to the latest process tracing methods in
use, as well as advantages and limitations, stfer compilation oSchulteMecklenbeck et a(2011H.
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8.2.1Inform ation Board and Mouse Tracking

Purpose

The process tracing methdthformation Boar@ belongs to the class of information gathering

and processing tools that t r adecsionmakibg) Fayné s 6 be
initially presents itin an infamation search contexHe also coins the technical term of this
method(Payne 1976, [870).

Functionality and Points ofCriticism

In his work, Payne describes a method to examine subjects' information gathering procedures in a
predefined experimental information setup. This setup contains a board on which information is
presentedhiddenin different envelpes. A subject then is asked to fulfill specific tasks, based on
the processing of the information stated in those envelopes. The information gathering in this
context is restricted to a single envelope that is allowed to be opened and watched atlagime. T
way Payne recorded time and order the information is monitored and draw conclusions about the
underlying information processing and thus on the cognitive process(Rsgifie 1976, pp. 370

ff.). He later improved his approagtith a digital version henamedMouselab Based on the
sameprocedurethe software sation employed agraphical user interface (GUI) corresponding

with aPC as information board and a mousengsit device. Mouse movement proves to be an
accurate mean for measuring information processing, comparable to the functionality of the eye
trackertechniqgug(Willemsen and Johnson 2011,38). With some modification this software is
made interneteady firming under the current titldouselabWeb Other software solutions,
principally based on the same idase MouseTrackefFreeman and Ambady 2018hd with he
generally broadegoak to support behaviorakperimentz-Tree(Fischbacher 2007)

This technique principally faces éwpants of criticism ashoted in Kiihberger et al(2011, p. 4)

First, text form is the dominant presatibn dyle of the experimeit task. This form is said to

limit the way of information gathering. Second, the information given in the experiment is
selected and prstructured, maybe unintendedly leading and influencing the cognitive process.
Both points of criticism are substantiahd need to be considered by the experimenter. The
technical evolution of the information board method offers the possibility of presenting other
content forms than text. However, arguing with an average person's horizon of experience, a text

is a commorform of information, which thus finds its utilization in daily liteecisionmaking
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Especially digits also have its representation in the beaia,study ofDamarla and Jug2013,

p. 2624)revealed Text alone as input information hence seems appropriate.

Nutt (1998)studiesthe framing effecin strategic environment3his effect describes thmpact

of information pre-structuringon decisioamaking’® Following the evidence preated, the

framing effect needs to be considered. Hence, task and content shall have a neutral expression to
minimize the effect. This indication is especially relevant for the information structuring and

implicates the presentation, too.

In conclusion, te information board method shows poor performance when the experimental
intention is to examine the information gathering process insémseof a free and creative
cognitive act. If it is acceptable or even favorable for experimental information tddrendesd

and structured a priori, the opposite is true. In that case, the method performs with an excellent

ability to control and assess all experiment related information.
8.2.2Eye Tracking

Purpose

This technique tracks eye movengwnf experimental subjecte/hile they solve predefined
decisionmakingtasks. Measurements of the pupizesometimes accompany this metHodThe
underlying and widely accepted idea is that eye movement and pupil size are highly correlated to
a person's attention and thus to formation processing. Google Scholar lists about 486,000
search results when asking for "eye track* decision proo€ssevealing a broad application
base. This technique predominantly finds application in information gathering and processing
research vih predefined information location, rather than active information search tasks,

because of technical constraints.

© For a detailed description of the framing effect in decisimking seelversky and Kahnemaf1981) andNutt

(1998) or in the present treatBaragrapt®.3.3.4

"L The idea of measuring the pupike to conclude on cognitive processes or at least on cogrétated phenomena

is even oldethan the eye tracking method itself. Imainly neurophysiological approach, yet not strictly medically
describedKahnema et al.(1969 p. 164) examine heart rate, pupillary, and electrical skin resistance charniggs dur

a mental taskin their study, subjects are asked to solve tasks of assumingly different complexity. As a result, the
authors found a direct (functionatklationship between the severity of a task (complexity) and the featured
measurements. They conclude that these features constitute reliable indicators of mental effort. The effective
connection between pupil size and the state of mind is already kmownHess (1965, pp. 53 f.), in which he
referred to the pupil as a 'window to the soul'.

2 Search dates from 27/4/2016.
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Functionality and Points of Criticism

In a basic setup, a subject is asked to fulfill a specific (experimentally induced) task including a
predefined set of information located in the viewing range. Cameras @ottise eyes of a
subject while fulfilling tasks. Eye movement, gaze, and pupil size are recorded and afterward
evaluated. It is often of particular interest for researchers how dapes remain in specific
Greas of interedtand which kind of patterns the eye movements show. The data interpretation
then usuallyis basedon a predefined behavioral model. dnak and partly in img@mentation

and data analysis lisubstantial similarids to the mouse tracking methothe favorable
consequencis that models and implementation experiences could be relevant for both methods.

Technical variations exist in the number of cameras deployed and their placement during the
experiment as well afhie¢ information presentation within the task process. Numerous suppliers
offer such technique includingxperimentand analysis software for convenient use and various
occasions. Following basic market rules, the still growing number of systédikedygo lead to a

drop in pries sooner or later. However, depending on the quality and sophistication of the
systems, a single unit at least costs about 106 @8d is far from being common in digital
devices yef? Despite that, before using an eye trackeis itirgently necessary to adjust the
tracking technique individually to a subject and the visual information of the experiment to
ensure accurate and precise data. Adjustment is this tectngpigerest obstacleyenlimiting

its potentials. Latest devadments in that field suggest apcomingsolution to this problem by

automatic adjustment and wearable camera techffque

For thegoak of this study, eye trackers surely have the potential to deliver relevant data in both
type and accuracy to descrilsecisionmaking under time pressure. Nonetheleggcision
makingin the sense of articulating one's choice would be best implemented by mouBkeusse.

a mouse (or similar input device) remains necessBuythermore, the onlinexperiment
approach wouldoe somewhat tricky to implement, because of a substantial lack of technical
equipment andpossibilities to adjust it. Criticisms regarding presentation form and -pre

structuring of information are similar to mouse tracking.

" The cost of some higand systems is two orders of magnitude above the lowest(t#teits of a Google search

the autlor of this treatise conducted in December 2015).

4 Especially for virtual reality applications, the quality of dynamic orientation components is increasing, which in
turn are relevant for adjusting the environment of a camera. Such an adjustment offerssthitity to examine
spatially free active information search.
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8.2.3Verbal Protocols

Purpose, Functonality, and Points of Criticism

The process tracing method 'verbal protdosteks by asking a subject, either during the process
or afterward, about its inner reflect®of the cognitive process. A subject then formulates the
process with own words oa given set of vocabulary. The experimenter uses so derived
information to infer on the cognitive process of information evaluation and integration. This

technique thubelongs tahe class of information evaluation and integration methods.

Verbal protocts are in use long before the term process tracing became popular. Already in the
beginning of the 20#Htentury cognitive scientists searching for specific processes of thought
employed sefjuestioning. This methodstill finds applicationnowadaysamong ognitive

research irthe decisiormaking context’

Significant points of criticisnrconcernsubjectivity

and unreliability making it almost impossible to reconstruct results of this méthsiett and
Wilson 1977a, p231; Kuhberger et al. 2011, ). The authors furthereport that verbal
protocols explicitly influence the cognitive process. The influence is evident in appsoabere

a participant is asked to describe thoughts while fulfilling tasks. The verbalization surely binds
resources which are no longer available for the cognitive-dalskng process. That
argumentation is in proper compliance with the €Remefit Madel of Beach and Mitchell

(1978) The points of criticism seesubstantial

However, the metholas its berefits in revealing problersolving strategies that directly hint to
the cognitive process adontgomery and Svensofl976, p.283) and Payne (1976, p.366)
among others showRanyard and Svensof2011) offer an integrated approach where verbal
protocols orthink aloud data find application among other process tracing met{muisl17 ff.)

They present a model that indesconverging analysis anidterpretation from each assessed
method. Here, the general princigields, the more information about the cognitive process is
obtained, the richethe interpretatiorcan be. Of course, since each method applied requires its
model for analysis, the irgeation becomes a somewhat complicated task.

Evaluating the potentialof verbal protocols in the actual application environmendexfision

making under time pressure, it is primarily the latter aspect that hinterse here. With the

5 SeeEricsson and Moxleg2011) for an introduction.
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resource competg cognitive tasks of thinking and verbalization, the negative influence of the
method on the underlying problesolving process is evident. This negative influence is tolerable
in decisionmaking environments where time plays a minor role and (parts @f pihocesses
might be solved sequentially rather thanparallel. However, under time limitation conditions
this seems to be a sevareunterargumentVerbal protocols are hence usually rejected as an
adequate methogEricsson and Simon 1980, pp. 215 f.; Russo et al. 1989, pp. 759 ff.; Ranyard
and Svenson 2011, pp. 132 fAn alternative could be pedecision verbal protocols, &anyard

and Svensorf2011, p.125) suggest. They emplokecordings of thedecisioamaking process
which are shown to a participant to support the memory process. That indeed would solve the
resourcecompetitionproblem. The authors do not intend to inform the participants about the
postdecision questionnaireebore completing their tasks in order to generate authentic and initial
data and to avoid "justificatory errorgRanyard ad Svenson 2011, p. 134, note. Tis
procedure, in turn, has its limits in reoccurring or repeated tasks, wherdegogson verbal
protocol potentially leads to impairment and distorijBanyard and Svenson 2011,1@25). Lyle
(2003), among others, describes a possible solution to this dilemma called 'stimulatetiyrecall’

video-documentation and videeased debriefing®

All in all, the effort of implementing verbal protocols does# seem to weigh out the expected
benefit of so generated data. It is thus not considered for technical realization.

8.2.4Functional Magnetic Resonance Imaging

Purpose

Functional Magnetic Resonance ImagifigRl) is a medicaitechniqueamaging method, mainly
employed to visualize physiological functions such as brain activity. This technique also enables
to observedynamic processes within the brain or brain regidns(neurologically induced)
behavioral and decisiemaking research, images obtained in thiy wee usually used to relate
brain activity to simultaneous behaviorhese results are used to infer on the underlying
cognitive processes in process tracing rese@@dricelli and Rusconi 2011)The fMRI is

® This approach increas the technical and organizational efforts significantly. The effort requires a significant
reduction in the number of decision tasks, making this method attractive for studying few, but more complex tasks.
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representative for the class of process tracmgthod which are applied to examine

physiological and neurological aspects.

Functionality and Points of criticism

The functionality of fMRI and points of criticism in a PTM context are reporte@drycelli and
Rusconi(2011) providing most of the following informatiomhefMRI enables the visuiahtion

of changes in blood flow within brain areas, which hint at the current metabolism. The
metabolism is an indicator of neuronal activity. The visualizat®ibasedon the magnetic
characteristics of oxygenated andale/genated blood. Scientists enpret the relative rise of
oxygenated blood concentration as a need for oxygen of the cells within a specified/observed

area. The likely reason for that is an increasing (cognitive) activity. This method is noninvasive.

Noninvasive brain stimulation regas comparatively less experimental participants since
treatment and control group can be identical, enabling -sutibgect examinationsThe
experimental setup is technically quite complex. Howevernteasuremenitself is local and

can be done withifew minutes making it acceptable in time duratiorwomparison tahe other

three presented process tracing methods. Moreover, this method offers the possibility of
providing spatial pictures of anticipated brain activity. Two suyaional research progms,
funded by the US and the Etdore thantwo decades and one decade,dgad to intensified
neurological studies, especially improving imaging technologies and interpretation of brain
activity. Still, the mapping of brain activity to underlying cograti processes is to call

incomplete yet.

One primary reason for this might be intensive intellectual and financial hufrgme and
Venkatraman 2011, 232)"" This fact might also be the reason t@up of researcherand
scientiss able to applicate fMRI being comparativemall The technique is indeed by far the
most expensive one of theur presented process tracing technigitendlingaspects seem to be
further obstaclg, sinceapplying this techniqueequires both neurological education and at least a
technical infruction that surely is not an issue of sdifidy. Another issue is itomparatively

slow dynamic behavior. The visualization process requires some seconds to adapt to the changing

" Some internet sources put the cost of a (néMRI system at up to US 4,000,000 in 2012/2013
(https://www.quora.com/HownuchdoesanfMRI-machinecost queried on 2018/09/28).
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circumstances,because of themeasurement method. That makes its solutsmmewhat

inadequate for examinirdecisionmakingunder time pressure.

In conclusion, employindMRI in process tracing studies seems a promising way to examine
brain activity in a much more comprising manner. Howevemgptdication in the present study
seems inappropriate, because oftdehnical andinancialhurdles as well aghe methodological

limitationsdescribed above

8.2.5A Comparison of Relevant PTM

In the following, the four PTMs are compared concerning purpose, functionalities, applicability
in online experiment, participant's equipment for online experiment and criticism. Those aspects
are complemented by the earlier introduced selection aspects generating proper dagmefibst
(relating proper data generation to technical and financialtgfbeing established and providing
proper documentationfable 18 contains the results of the comparison. Entries which do not
follow immediately from the PTMelated introductions in the preceding sectionsdaseloped

and explained in more detail in the following remarks.

TABLE 187 COMPARISON OF PTM

Aspect Mouse tracking Eye tracking Verbal fMRI
Protocols
Purpose Information Information Information Physiological
gathering and gathering and evaluation and  and neurological
processing processg integration aspects
Applicability Online / Online / Online / Stationary
stationary stationary stationary
Parti ci p PC,GUI input Eye tracking PC, GUI, input  Not applicable
equipment for device(mousé sysem, GUI, device
online exp. input device (microphong
Criticism Pre-structured Pre-structured Subjectivity; Lack of
information; information; impairment and knowledge
text-form text-form distortion in concerning brain
presentation presentation; postrecordings; functionalities;
requires input memory technological
device resource and financial
competitionin obstacles
parallel
recordings
Proper data Yes Yes No Yes
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generation?

Costbenefit 1 2 4 3

rank

Established? Yes Yes Yes Yes

Well Yes Yes Yes Yes, requires

documented? neurological
knowledge

Of all process tracing techniques, eye tracking shows the most similarities to mouse ffacking.
Techniques of other process tracing categories, which potentially substitute mouse traeking he
are verbal protocols arffiRI. The latter is representative for the set of neurological techniques
for evaluating the applicabilitior the current researabbjectives The verbal protocol is a rather
classical technique that had already been usedHdefaye the terndprocess tracingwas coined

and is still in use. Despite its comprehensive history of application, it faces the substantial
criticism of being too sulgctive to be a valid scientifimethod.

The use of mouse movement data to derive thopkjpatterns) from observable behavior is
applied with growing frequency in behavioral studiéllemsen and Johnson 2011,22).” Its
advantages over the also commonly usedteaeking technique are simple but convincing for
specific exgrimental approaches: availability, familiarity, and calibra{@ayne et al. 1988, pp.

28 f.; Willemsen and Johnson 20} p.23). Even though others describe the eye tracking
technique as f({Reutskajh etale2Dly, p24ptheequipnsehtoosts lie at least
about twoorders of magnitudeabove comparable mouse tracking systems. Other than eye
trackers, the mougs the standard 1/0O device of many computdtrss common in handling and
availabilty to most people and thus to potential participants in experiments, too. There is
especially no need to calibrate the <cursoros
experimental setup low in preparation effort and coStdine experiments are gssible with
mouse tracking, eye tracking, and verbal protocsisce the subjects can provide the

experimental equipmentHowever, implementing cameras (eye tracking) and microphones

8 In CostaGomes et al(2001, p. 1195, footnotef Tnouse tracking is even referred
doingeyemovement s.tudies [é]60
"9 SeeWillemsen and Johnsd@010) for a recent introduction and application overview in studies.
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(verbal protocols) in an online experiment with the remote experimantefew possibilities of

technical support for participants is thus less common than mouse usage.

On the other hand, eye trackers directly measure eye fixation and eye movement during a task.
Even though tracking mouse movement was developed in analtigy &ye tracking technique,

its underlyingobjectiveis not necessarily to predict eye fixation. That, of course, would make it

less accurate compared to the eye tracker. However, this circumstance is not a disadvantage as
Russo(1978, 105) states:lwer eas a fi xation is fAa natur al 0
neither correspondowinbwi thetfieodoecPmipstenduingna
Carpente (1976, p. 461favor gaze time (total viewing time of one or more single eye fixations)
instead Gaze times can be interpreted successfully, whereas single fixations are meaningless.
The regularly observed effect of people closing tegas or looking upwards while processing a

task supports this fact. Russo assumes that subjects avoid interruption of the ongoing computing
process through new, but irrelevant stimiuéso 1978p. 101). This assumption corresponds
perfectlyto a single halt of a mouse cursor. The cursor is expected to stand still while the user is
processing information, as severaldies, investigating the relationship between eye gaze and
cursor position, implicatéHuang et al. 2011, 4.229; Huang et al. 2012, p346)

Both procesdracing techniques mouse tracking and eye trackirig focus on obtaining
appropriate data to derive insight#o the cognitive process of information acquisition and
processingWillemsen and Johnson 2011, pp. 3 They, therefore, produce the same type of

datasetthe spatial location of attention over time.

The denanding challenge both techniques face is the interpretation of the obtained data to link
them to the cognitive process. The interpretation could not be based on other than logically
derived and at bestrifiable assumptions about the connection followangrecise model of the
procesgCostaGomes et al. 2001, £196; Kuhberger et al. 2011, 1b; Willemsen and Johnson

2011, p.32). Moreover, there is no doubt about the interacting coexistence of the cognitive and
the motor system dsreeman et al2011, p.59) stated. Due to the simiiies mentioned above
between mouse tracking and eye tracking, methods and approaches of interpretation for either of

the techniques developed so far could work with both of them, too.

®lnthatcont ext Russo falsified the often applied assumpti
p. 104), making its use inappropriate to infer on the cognitive process.
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Polonio et al.(2015) study eye movements in twzerson normaform games using an eye

tracker andclassifyt hei r experiment al subjectsd behavio
information acquisitionTheir interpretation of eye movemepatterns as part of the information
acquisition process follows the idea of underlying strategieselaxesthe restriction of strategy
matching, since they do not focus on specific heuristics. They classify single (eye) wiibves

respect tatheir potetial use in a strategy with a certain level opBistication(Polonio et al.

2015, pp. 93 f.)This perspectivehanging approach is similar to the one proposed in this:study

its interpretation of data is the interpretation of single moves, without the necessity to put it in an

overall picture of @omplete strategy.

Also, studying the relationship between eye gaze and cursor position is an active field of research
so far.Huang et al(2012 p. 134) give a brief introduction toecentstudies.Several studies
concerning information search on websitesntiona strong correlation between eye gaze and
cursor position(Huang et al. 2012, 1.349) This fact isespeciallyvalid when the mouse is
interacting with elements on tleereenby moving andclicking since this is the purpose of an
inputd evi ce. Not s ur prrchonoegtiatgs mudh iorspredidtireg lthd éttention e s e a
from cursor movement and eye gazing in text reading t&ksous mouse move patterns, such

as reading and interactirge reported in this contedluang et al. 2011, pp. 1228; Huang et

al. 2012, p1346) These findings confirm the results of other approaches conducted in decision
making studieswhich assume a reliable link between observdig@bavioral pattes and the
cognitive process. Consequently, metric frameworks developed to operationalize this
connection(CostaGomes et al. 2001, pp. 1204 ff.; Freeman and Ambady 2010, pp. 229 f;
Huang et al. 2012, pp. 1347 ff.; Polonio et al. 2015 92pif.; Devetag et al. 2016, pp. 186 ff.)

Payne et al(1988, pp. 596 f.and CostaGomes et al(2001, pp. 1200 f.gmploy a particular

setup fortheie x per i ment t o d ewardor pesitiadprobler: éhe idf@matioa set i o n /
of a taskis presented in tableofm. Except for the head of the table (containing general
information such as the name of an alternative or attribute), all information is made invisible by
covering the cells' content. dnly becomewisible when the cursor is med over a cell (in some
experimental variationa click on the cell is needed). This method should ensure a high
correlation between attention and mouse position. However, the possibility of positioning the
cursor over a cell, but not paying attentionhe tontentyet is presety not taken into account.

This wuncertainty is generally seen a(ang@ fis ma
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2011, p.187) Both studies record the order of cells visited by the subjects and the time spent in a
cell. Assume a subject halts the cursor in a celldpaivsattention anywhere elsgven though

this case cannot be observed directly the halt duration could be a consideralfDetsinle the

cell, no information is presented. Smmething probabla subject is ding whenexceeding the
expectable reading time tisinking about the contewf the cell just visited, possibly in contextt

the content gathered befdte.

The studief Payne et al(1988, p.562) and CostaGomes et al(2001, pp. 1200 ff.use the
process tracingoftwareMouselabin the version of 1986The system is described in a paper
published byJohnson et al(1989) A software update in 2010 extends both name and
functionality. Firming under its new namdouselabWe%, it features theapabilityto condud
experiments online over the intet. The experiment files aprogrammedn HTML, JS, and
PHP, what makes them easy to modifySame as Mouselab, the latest version supplies the
recording of mouse clicks over time and cell, employing the HTML mouse event handiek

(the event is alick on an HTMLobjec*), onmouseovefthe event is a cursor move to an object;
it responds when the cursor passes the object's bordegnamoluseou(the event is a cursor
move away from an object; it responds when the cursor passes the object's bAfterP001,
with HTML 4.01 another mouse event handler wasoduced onmousemovdt respond to a
position change of the cursor in an objethus it provides the ability to track every single
mouse movement over time and pixels in an object, ragulti increased resolution of the

motion®®

Implementing the mouse event hand@mousemovén MouselabWebexperimentfiles can
enrich the set of process tracing d4taEinally, data of the duration, the clicking and moving in

81 Of course, it is possiblthat a subject leaves the cursor in a cell atetrates the focus between the content and
somewhere else. Some authors from studies about the relationship between pupillary size and concentration regard
this behavior as an action to concentrate on one's Hiess(1965; Kahneman et al. 1969; Wang 2011

82 MouselabWehis published under the GNU General Public License and hence free to modify. For further
instructions see the projéstwebsitehttp://www.mouselabweb.orgvisitedon2 0 1 8/ 06/ 08) and t he de
(Willemsen and Johnson 2011

8 All three abbreviations stand fprogramminglanguages: HTML Hypertex Markup LanguagelS: JavaScript,

andPHP: recursive acronym for PHP: Hypertext Preprocessor

8 The objectterm in HTML has various implications, describing entitiest can beeferened. In the context here,

this explicitly comprises visualizations of information such as table cells and buttons.

% The website http://www.w3schools.com/tags/ref_eventattributes.asp (viewed 2018/06/08) provides an actual and
complete overview on technidaimplementable mouse event handlers in HTML.

8 There is a growing number of process tracing software based on mouse movement. [BeaiidabWeb

scholars usez-Tree of Urs FischbacherHschbacher 20Q7and MouseTracker(Freeman and Ambady 20110
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all objects could be analgd and combined to give a detailed picture of mouse movement
behavior.Huang et al(2012, p.1346)used this enrichedataset o i d e nt ibéhgvioralu b e ct
patterrs they called types of mouse usage. The applied method to identify those patterns is at
least questionable from a process analytical standpoint. The authoes theakdentification

manually since they have not implemented automated data analysis. The movements are judged
and categorized by the experimenters while revising a record of a participant fulfilling an online

text search task. This method is of insuffiti use when having behavior data on a large scale.
Furthermore, it is subjective up to a certain degree and thus negatively impacts the explanatory

power of the derived results.

Johnson and Payr(@985) Payne et al(1988) Johnsa et al.(1993) andCostaGomes et al.
(2001) had to rely on datdahat only provice response timesnd element changeédding
onmousemovéo the trackingsystem dramaticallymproves the database to study cognitive
processes in more detabmpared to théechniqueproposed bylohnson et a[1989) Of course
this advantage can only be realized withc@mprehensive frameworko translatemouse

movemens into EIPs.

With the arguments stated hempuse trackingseems advantageous concerning experimental
costs, applicability and ease of technicaplementation compared to eye tracker 8&I. The
intended functionalities are pretty alike, even though eye tracker and evefMRdrassumingly

offer a moredirectlink to the cognitive process. This advantage can be widely compensated by
proper adjushent when using a mouse tracker. Thus,dbesiveaspect is lastly the availability

of the techniques, making mouse tracking the favored choice for further considemation
experimentAll three methods still face the same challenges in interpretatm®gslanation of
generated data regarding its meaning for the cognitive procéssefore, an interpretation
framework must be developed for the selected PTM that takes into account the underlying

decisionmaking tasks. This is the subject of the follogvsection.

However, none of the latter two mentioned explicitly supports strategic deaisikimg experiments in normérm
and HTML to the knowledge of the author. HenbdguselabWehis meeting the application's needs bdste
different mouse tracking software systems are discussed in more detail in Settioh
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8.3Identifying Elementary Information Processes

8.3.1Elementary Manual Motor Acts

Even though some EIRsavedirect hints in the behavioral data, others must be traced through
interpreting the context. As stated earlier, mouse movement data offeishaset of behavioral
information. In the context of process tracing technigéeseman and Ambad{2010, p.226)

us e t hneotortdgnamic8td comprie any data derived from hand movement. However, to
the knowlelge of the author no precise categorization of such data is published so far. In a
different context, the documtation of HTML lists basic patterns of mouse movement behavior
under the notion od e v eAmasdv(1967, p.108)u s e d t hlamerttaey motor adiso refer

to all humanmotor acs, not limited to the manual oneBhe author of thisreatisefollows this
notonandsu ggests desi gn a ElenegaryrMatual Wetar Acd(EMMASR) s 6
Since they are directly observable, th&8dMAs form the starting point of data interpretation.
The procedure is as follows:

Identify EMMASs in maise movement data.

2. Use properties oEMMASs (like timestamps, duration, relative and absolute position
on screen) for interpretation, set movements in task contextraatea movement
history.

3. Derive EIPs (based on underlying movement) from data intatpet

The programing languagelTML provides a number of mouse event handlers which form
technical categoriesThis framework can be used to categorimevement dataThe event
handler enables automatic recording of mouse movements together with data chefede
interpretation, such as time stamp and duration, relative and absolute position on screen and

direction of movement.

8 The application of mouse tracking as PTM requires interpretisgrved behavior in the context of the underlying
problem taskCostaGomes et al. 2001, {£198; Johnson et al. 2008,364; Willemsen and Johnson 201124;
Schulte Mecklenbeck et al. 2011a,/85).

8 Of course, in this context EMMASs are limited to mouse movement by. hand
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HTML is thus chosen as implementation environment to experifiefihe set ofEMMAS can

then be derived directly from the applied reewevent handlers.

Which kind of mouse event hdlers make sense to be appliéebends mostly on task and
presentation of the task in an experiment. The following contemplation focuses on a payoff

matrix within a strategic game task in norafi@m as presntation form.

A subject reads the information given in the payoff matrix and later on decides for a (pure)
strategy. The time span between the decision task starts and a subject ends the task by
announcing a decisioprovides the relevanhformation abat the mental process of strategic
decisionmaking A designer'sobjective hereis to cause as muchlmouse usages possible
without disturbing or diverting the mental process. Of course, that implies the presence of a more
profound knowledge or a fitting odel of the process which is to be studied itself. Hence, design
related biases are likely problemwhich need to be discussed together with the results of an
experiment.CostaGomes et al(2001)in a strategic anéPayne et al(1988)in a nonstrategic

task environment showed a possible wayptsitively influence themouse movemenof
participantsin their experiments. In both studies, the payoff matrix informasaovered at the
beginning By clicking on a cellthe hidden informatioiis uncoveredlt should be notethatthe
authors of both studies use strict version of that inoéive, coveringthe information again
immediately after the cursor lefihe cell. Other incentives or useful obstacles are conceivable.

HTML in its latest version 5.0 provides as many as seventeen mouse event handlers with nine
alone added in the last ugdaThe version has only been in use since late 2014 and is therefore
too new to be supported by default in any browser at the time the experiment described in this
treatise was conductedIn addition, the new mouse event handlers primarily target the
increasi ngly popul ar ©htfeatugeis aat abmndon o podmétirre gatmesr e .
experiments yefThe focus here is therefore on the HTML 4.01 standard with the event handlers

specified inTable19.

8 The basic idea in applying HTML is to record mouse evemtik them to actions on a weage. The process
tracing method of mouse tracking makes use of it by tracing the interawatf a user with the webpabased
experiment.

% Of course, thaalso works the other way around when designing an experiment and a fixed set of EMMAs needs to
be tested or deployed.
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Spealing of functionality in normaform game task some of the mentioned event handlers are
more qualified for use than othemhe event handlesnmousewheealould only contribute if the

full information intended to be presented does not fit on a singlersdrkis is unlikely in the

above environment (unless the experimenter designs a highly complex task with a very large

number of alternatives).

TABLE 197 MOUSE EVENT HANDLERSACCORDING TO HTML 401 STANDARD

Event handler  Description

onclick Regponds to a mouse click @melement.

ondblclick Respond$o a mouse doublelick onanelement.

onmousedown Regonds to a mouse button pressed down on an element.
onmousemove Responds$o the mouse pointer moving while it is over an eletme
onmouseout Respondso the mouse pointer moving out of an element.
onmouseover Regponds to the mouse pointer hovering over an element.
onmouseup Respondsa releasing a mouse button over an element.

onmousewheel Responds$o the mouse wheel rolighup or down over a frame element.

The underlying motions obnmousedowrand onmouseugn combination are similar to the
motions that trigger thenclickevent handlerA mo us e c | i lalkclicéalongwitha a o
mouse movement causes the elenpamted to by the cursor to be dragged (or at least attempted

to drag it).If there is no drag function intended this event handler is of no use. A mouse down
without a mouse move needs to result in a click unless a subject is willing to hold it dodm and

no more interaction until the experiment stopsislthe same with mouse uphich usually

completes a mouse click. Hence, the mouse click handler can substitute this event.

The last event handler to mention her@mslbiclick It regponds to a doublelick expecting to
trigger a different function compared toa single click. This event could be valuable in

combination with appropriate experimental design, even though it enlarges the set of possible
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actions for a subject and thus would add to the ceriiyl of the task handling. One could
argue that doubtelicking is a natural motion for opening an object concerning (Windbased)
computer applications, whereas single clicks link to selecting objects. Nonetloelelssk can

fully substituteondbldick to implement opening and selecting tasks. A necessary precondition is
a strict separation of tasks in different elements (e.g., clicking a cell in a payoff matrix
corresponds to opening this cell and clicking a strategy button corresponds to sdhasting

strategy).

The remaining event handlers contribute to the information process tracing and hence are
recommended to use. Witthmouseoveand onmouseoutone could easily measure the time a
subjectspendson an element (toeador think about the peented information). Also, one could

control the visibility of a cell's information that way. Of course, onmousemove can substitute

both event handlers. Howenehat requires permanently calculating the absolute position of the

cursor on the screen oveme and comparing this with the absolute positions of the elements.
Hence, by employingpnmouseovertogether with onmouseoyt codi ng ef fort a

calculating time could be decreased.

The event handlesnmousemoveould act as the crucial procesacing element since it offers

the possibility to record information about the whole cursor movement during an experimental
task. The data density one coalchievewith it depends mainly on th#ataspeed of the internet
connection between client and host.wéwer, recording a time/position stamp every two to ten
milliseconds is technically possiblslanor and Gordor§2003) experimentally derivedninimal
human reaction tingeof 100 ms to 200 mslepending on the task and the employed PTM (pp. 90
ff.). The author determined a maximum cursor speed (in pixels per sexfoingd to ten pixels

per milliseconds in a prexperiment? The author measured smaller velocitiestasks where

1 The complexity of task handling in experimental terms is a serious point of criticism concerning the data quality

since it potentially a#cts the mental process of decisioaking. This issue is a major cqtieof the process tracing

technique of verbal protocols, and a disadvantage of mouse movement traGkimogprger et al. 2011; Schulte
Mecklenbeck et al. 201).a

92 Assuming a maximum of ten milliseconds between two measurements and a cursor velocity of ten pixels per
milliseconds the cursor coul d -séljtienpbetiveerattvoomeasogpdnt. Itpx or 3
is most likely that a cursoakes nearly the stigiit line between the two measuripgints. A circle or curvet way

seems almost impossible at this spaddang et al. 2012, d.343. With this assumption, one can interpolate the

cursor track accurately.
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cursor movement precision is relevdhtThe recording frequency of the event handler

onmousemovihusseems to be sufficient to follow the mouse trajectory.

A mouse trajedry general consists of a stream of moving, clicking and halting for a predefined
time span (working as a threshold to separate a stop from movement). Following this, the
deduction ofEMMA s from the abovaliscussed mouseventhandlers results in an elentary

set as shown imable20.

TABLE 207 SET OFEMMAS AND DEFINITION

EMMA HTML mouse Definition
event handler

CLICK  onmouseclick Mouse click (left or right) on a HVIL object.
MOVE onmowsemove Mouse moves at least one pixekinor w-direction.

HALT any Mouse haltj.e.,the duration above a certain (ptefined) threshold

8.3.2Interpretation Metric

Apparently, the set dEMMASs is too small compared to the set of EIPs to ensure aibgect
mapping. Therefore, it is necessary to employ additiomallsemovement data. As suggested
above, the movement in context of the information presented on the screen is esdsiizkidn
into accoun{Payne et al. 1988, p63; CostaGomes et al2001, pp. 1227 f.; Devetag et al. 2016,
p. 190; Polonio et al. 2015, pp. 82 ff.)

CostaGomes et al(2001, p.1210) and Willemsen and Johnso(R011, p.24) proposetwo

testable assumptiorts h a t greatly help to interpret a sul
infor mat i on acquired. T hcowrencé and @ djatehce The darnged i g ms
postulates that information must be visible before one can us&dfiacency postulates that
information gathering ishighly correlatedto information use. This postulatioimplies two

aspects. Firsg subject almost has no personal information such asnoreledge concerning the

particular task thas appliedin decisionmaking.Second, subjects process the information that is

recently acquired. Information is not stdrior long for later use. Bits of information that are no

% Fitts' Law is dealing with the speedcuracy phenomenon in motor system tasks, linking the speed to the size of
and the @tance towards the objedilts 1954, pp. 267 ff.
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longer present in memory are acquired agdiowever, adjacencgoes notaffect the aspect of
knowledge about problesolving methods such as heuristi€ostaGomes et al. 2001, {©210)

Both paradigms finépplication in the analysis of many procésxing studies.

Polonib et al.(2015, p.86), for example, identifywelve eye movement patterns within specific
areas (they call areas of interesf)normalform game payoff mattes They mainly record
movements within a cell henceforth labeled as the infeell movementi and movements
among cell§ henceforth labeld intercell movements. Gathering and analyzing data froseth

two categories, they derivpotential strategic interests of their subjects. It adds to the
interpretation to log the movementsrirane cell to another (intercell movement) and from own
payoff to the opponent's or the other way around (hase#rmovement)The interest lies in the
number of defined movements as well as in the absolute time in which a subject concentrates on
certaininformation (Payne et al. 1988, p62; CostaGomes et al. 2001, £202; Johnson et al.

2008, p.264; Willemsen and Johnson 20112@; Polonio et al. 2015, g4).

In adPrivate Informatiodgamé”, Brocas et al(2014, p. 965)dentify a specific payoff per game
they assume to be highly relevant to distinguish a strategic froon-strategidookup behavio
The authors relate this to the duration and frequency this specific payoff is observed and correlate

that data with selection data.

The current process tracing literatw@ncerning thenformationboard technique provides two
prominent approaches toeasure time and frequency of looking up informatromormatform

games In the first approach,he experimental setugeparates own and opponent's payoff
information into different cells (e.gDevetag et al(2016, p.185)) or in two different tables (e.qg.,
CostaGomes et al(2001, p.1201). One unit of information is presented pefl.cThis way, it is
simple to record which payoik in focus. In separating the payoff information, a subject is
guided to | ook through either oneds own or
design ofCostaGomes et al(2001, p.1201) One could argue that this way deviates from the
orthodox normaform or even favors a certain procedure over anotlmeterms of process
tracing, these arguments are unconvincing because ibs$ important to identify the focus of

attention. And both methods have succeeded.

° In Private Information games, players have incomplete information about their opponents. For example, their
respective utility functions are unknown to theopents. This requires developing expectations abeutinknown
information to infer on théehavior of other players.
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Eye tracking studies predominantly applysecond approach as follawsmong othersPolonio
et al. (2015, p84) separ ated own and opponentds payoff
information in different corners of a celthis way, the payoff information is distant enough to be

distinguished when a subject looks at one or the other.

A third way to identify the focus of information gathering is close to the sepmasgntedere.
This one represents an appropriate adapta mouse movement needs. At this point, it is
essential to discuss the relationship between cursor position on screen and user's attention to

detail.

One widely regards the cursor as an item that helps to focus on particular information on the
screen(Huang et al. 201, p.1225; Huang et al. 2012, p342) The head of the arrow serves as

the point of attraction. So, wherever the cursor pointgé te assumed to be the point of interest.
Huang et al. report a spatial gap between eye focus and cursor positiadingrasks. The size

of the gap usually depends on the type of mouse user, having one type following reading
horizontally, one following vertically and one not using the mouse as reading aid. Not
surprisingly, the distance between cursor and eye foamasiest for the type following reading
horizontally. The reading task, of course, is different from the decision task studied here. The
reading part in a cell is limited to the payoff. So, overall, the reading is not expected to last long
and a cursotha supportgeading the wayduang et al(2012, p.1346)report is not vey likely.

However, marking a point of interest for other than reading, for instance, thinking is what one
could expect instead. If the mouse is in use and not halting immediately after entering the cell,
one could assume that the tip of the cursor pamtke eye focus and hence marking the current
area of interest of a subject. If the cursor halts immediately after entering the cell, the tip most
likely points to an area close to the border of the Ekdlvever, what appears at first glance to be
spectation should be confirmed by repeated observable actions of a stbjéberefore, the

idea of Huan et al. to classify the behavior of mouse users seems to be appropriate and useful,

even though their manual analysis approach is not feasible for acgighifolume of data.

% Since most experimental tasks based on nefatal games contain a payoff matrix that consists of four cells or
more, one could iderfyi a person with just a limited use of the mouse very soon. Nonetheless, there are ways of
enhancing mouse movement through incentives, unlikely to disturb or influence the thinking process.
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Besides, they found that the size of the gap between eye gaze and the mouse pointer depends on
the movement speed, tending to have a smaller gap the faster the cursor is moving. That finding
underlines theeliable connection betweenursor, eye fixationand the point of interest. So,
whenever the cursor is moving, the attention is, too. Following that, the beginning of a cursor
move at the same time marks the end of the attention to the point visited and halted before. This
statemenis confirmed byRusso(1978, p.92).

In summary, a typical mouse trajectory consists of movements interrupted by several cursor
halts.® If an interaction is part of the design, then a halt couldialgaive one or more clickg’

The phases of attention generally correspond with cursor halts. Hence, the duration of the mouse
movement stops as well as the current location sieetedetected. That is of minor technical

complexity regardig its implementatioas will be shown later.

Of course, there are prominent exceptions of a typical mouse trajeCtneyexampleis an
oscillatingmouse movement between the payoff of two not nedgssaljacent cells or within

one cell. In that case, it is most likely that the observer is trying to deal with the information of
both cells or of both players from one cell at the same time. The interpretation again depends on
the moves the subject hadlade before that. The record of movements helps to form a proper
context, open to interpretation. Not surprisingly, the EIPs COMPARE and ADD are becoming

relevant in this context.

Another example of an atypical mouse trajectory is the circle movement thieeattention lies
in the center of the circle. One can interpret the movement here as a means of concentration.
Generally, this could not be spotted in eye tracking studies, since the eyes are focussing on the

information a mouse move would circle.

It should be notedhat the stated exceptions a$cillation and circle movement need a rapid
mouse movement on their turning poifitsThis condition is met when the turning points are left
faster than the halt threshold. If the move reaches that speed,sadettcted, and the recorded

trajectory is no exception anymore.

% The time span characterizing a haltliscussed and definéd Subparagrapf.3.2.3.1

% Clicking while moving is regarded as an untypical behavior since it evokes a dragging effect on the clicked
element, and this is usually not a function implemented in a ndomalgame environment.

% That is the point, where at least one ofdh@ndacoordinates changes direction.
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The HTML event handleonmousemov&acks both mouse movement and hold times within a
cell. It uses the arrowhead to locate it. Hence, tracking the coordinates of the cursor means

trackingthe location of the arrowhead.

Now assume a normébrm payoff matrix such as the one showrFigure21. A subject in an
experiment faces the role of a row player wothin payoffs stated first and opponent's sedpn

separatethy a semicolon and twsurroundingolanks.

The following consideration focus onsmgle,opered cell. Figure 22 contains an example of a
magnified open cell. Two parts are visible that divide the.afde information on own and
opponent's payoff covers one part. The second part represents the surrounding empty area.

The next step is to develop a relationship between the position of the mouse cursor within the cell
and the potential attention. If tlhedy of the pointeis locatedon one of the two payoffs (own or
opponent), it covers this very payoff information. It thus cannot be in focus. So, the size of the
cursor is also vital the taken into account. It primarily depends on the screen soldiigrhas a
common relative size of twenty by twerftye pixels. Even though the standard cursor has-a top
heavy arrow shape, the area it covers couldapproximatedby a rectangle (see thgray

rectangle irfigure2?).

FIGURE217 PAYOFF MATRIX

1;1 2;2 Strategy 1

Finish

3:3 4:4 Strategy 2

Two fundamental assumptions regarding position and size of the cursor help to define the areas

of attention in a cell:

1. If the cursor area (partly) covers payoff information that payoff is naidad, but the
other is and
2. if both pieces of payoff information are completely visible (i.e., not covered), the

nearest information to the tip of the arrowhead is in focus.
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Both assumptions consequently foll owosedibg par a
Coda-Gomes et al(2001, p.1210)in case of information acquisition and processing within a

single cell. Following these assumptions, the area of a cell could be divided into mbnes
attention as shown iRigure22. Areaswith similar hatchingrepresent attention toward the same

piece of information when the mouse pointer stops in there. The area borders are of no spatial
extent, having a dmed width of zergpixel (px). With this, there are no neutral zones in a cell

and hence no indecisive points. The cell from the examptégime 22 above has a size of 100

px in width and 50 px in height, thefarmation has dont size of 12 px. The area of attention

within a cell can be separated in two almost equally sized parts. Depending on the location of the
mousecurso, t he i nt er pplagetl@ksiatoown piece ofgpayoffinfomMmation ar 06

pl ayer | ooks at opponeaThé shareafthectveo partf is jpsaslightly f i n
changing with the payoffds number of digits v
equiprobable frequent&t none of the two pieces of yf information is favored by the design

of information presentation regarding the supposed atteribin this schemaa measuring
methodexists thatinks a cursor's position ina cell&o p e raseationbasd hence can measure

its time length and fequency.

FIGURE227 SINGLE CELL AND GAZEAREAS
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% However,Polonio et al(2015, p.11) remarkedint hei r ey e t r theldvél of gttergianodards eabha t  fi
AOI (area of interest) was [ é] i nf |l ueenecne d[willjyhe awhe s pat |
payoff being significantly longer in focus.
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Decision information is the informatioaboutthes u b j fnal thise in a decision task. The

HTML event handleonclickrecords it. It is mostly expected to emerge as the §itzge of the
decision process. However, experiments under time pressure indicate that people make decisions
at every stage of the cognitive procedhis behavior is gpecially expectablein task
envirormentswheremakingno decision is somehow costly, the subject can revise the initial
decision at any time of the procg&aplin et al. 2011, 2900)

Polonio et al. (2015, p.81) successfully forego choice information when classifying behavioral
patterns in decision making. Howeveanany authors of process tracing studies depend on
decision inform#on to evaluate human behavior regarding the outcome of the process. It is also
used to determine the level of strategic reasoning in their stddiaagtancePayne et al(1988,
p.541) CostaGomes et al.(2001, pp. 1206 ff,) Devetag et al. (2016, p.179). Decision
information thus remains a principal argument in the authieesoningof behavior. That is
surprising since the cited studies are conduatethe spirt of process theory. This approach
explicitly seeks to offer an alternative to the then sestiablished decisiebased behavior
researchin decision theory(Simon 1978, p2; Kiuhberger et al. 2011, B). Even those Wo
compare data with heuristic modeéssume that the final decision in the task relates to the
strategic sophistication or a potential heuristic. That could be a reliable way of operating in some

cases, even though it faces notable points of criticism:

1. The explanatory potential of decision information, in general, is likely to deereith rising
task complexitysince a growing number of alternatives leads to a decreasing probability of

choosing one option over another.

2. Almost all of the heuristicdiscussed earlier in this paper provide a random decision if the

process does not lead to a single final option.

3. The ongoing heuristic process could be obstructed by many different internal and external
factors, such as time pressure or dwindling irsiedeading to an early and per definition random
choice. So, even if a subject begins with a specific heuristic, it is not necessarily finished

properly*®°

190 proper termination of heuristics impliasompleted heuristic procedure
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Of course, an experimental design with repetition of similar tasks could compensate some of the
critical points up to a certain degree, but in that case, learning plays a predominant role. As stated

earlier, the effects of learning are explicitly not subject of this study.

So, it is at least questionable whether a subject chooses an option withyceraie, linking a

single decision to a heuristic or strategy to coreludon oneds b e.hFRowtheo r i s
reasons stated above, decision information should not be the only argument to infer on the
cognitive process. For a comprebge analysis regrding the proposed concept of preparation

time, it is thus considered togetherth other process informatiohis approach is in good

compliancewith a study indecision field theorpf Busemeyer and Townse(t093)

In the following, a systematic link between EIPs frdmble 12 and EMMAS in Table 20 is
presented, serving as an operational basis for interpretation @fibehlhe underlying scamnio

Is a normalform game as stated earlier figure 21, p. 123 The subsequently proposed
connections betwedBMMASs and EIPs are presented in the followiogn, serving as definition
for EIP"Q

EMMAG (context i nf &vVIMAad (cantext inf@&magon)&EIPQ

with @ to @ being EMMASs from the given set dEMMASs (Table 20). The definitons are
introduced with a&consecutive Roman numbédihe context information could be any informatio
to identify the actioni.e., the nmove history as the history of prior movethe cursor location on

the screen athehalt duration.

8.3.2.1MOVE, OPEN, ELIMINATE , CHOOSE (I) & END

With theassumptiongbove moving the cursor to a cell is equivalent to moving the attention and

hence simple regarding a connection:
I MOVE (cursor) = MOVE (attention)

In the beginning, all cells are closed. They can be opened @seblidby click. The cursor must be
anywhere in the area of the cell for opening and clodttggewith,the connection between the
EIP OPEN ancEMMAs is

Il MOVE (cursor in the areaf a closed cell) & CLICK =: OPEN,
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and the corresponding case
[l MOVE (cusor in the area of an open cell) & CLICK £LIMINATE (cell from

consideration).

The EIP CHOOSE can be relevant in different situations, as discussed along with the
development of the heuristics' production systems. In the following, choosing betwieeandif
strategies is called CHOOSE (§hoosingone strategy over anotherusuallypart of the task in

a namakform game. 1 is thusexplicitly considered in the experimental design by deploying
buttons for each of the options. With this, one can ddiIRIOOSE (I) as:

\Y MOVE (cursor in area of a strategy button) & CLICKGHOOSE (I) (option/ strategy)
A mouse click on thénish button terminatethe task. One can formulate the relation as follows:

\% MOVE (cursor in area of finish button) & CLICK £ND (task)

Another criterionto end a taskn time pressure studies could brceeding d@ime limit. The
program stops the working process automatically. Heyesxplicit action of the user is required.
One cannot observe a certain EMMA in this case.

8.3.2.2FOCUS & CHOOSE (l)

The focus of attentiogenerally lies o the arrowhead of the mouse pointer, as elaborated earlier
in this paper. Nevertheless, for the individual case, the validity of this statement highly depends
on the intensity of a subjectrmouse gage That includes both movement (e.g., length and
duration) and limitation to specific functionalities wiouse usager interaction. Some authors
address this individual behavior as 'type of mouse user' or 'mouse use p&tstagsomes et

al. (2001, p.1194)assume thathe type is at least constant over a period of folletask when
identifying their mouse usaggpes Others relax that assumptidsy introducingbehavioral
patternswhich characterize somesectsof the mouse trajectorfHuang et al. 2012, 1.346)
Hereby,the classification of anouse usagéype can be realized by identifying such patterns

within the movement trajectory and detemmg theirfrequency

For theintentions of this reseah, it is necessary to evaluagebjecsd mouse activity. Hence,
distinguishing activity from inactivity is crucialHuang et al.(2012) study mouse behavioral
patterns in reading tasks. Following findings @faypool et al.(2001, p.6), they examined

inactivity as a behavioral patterHuang et al(2012, p.1346)defineinactiveaslack of mouse
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movement over a specified period pi). Their experimental task was different from the one
studied in the current paper. Thuxhavioral pattes are expected to diffdiere However,

linking inactivity to an absence of mouse movement over time seems reasoratitgy tines

could be mnterpreted as part of the cognitive process and hence are of information, especially
when its duration exceeds just a single second. Thus, the circumstances of an infdesstion
halt need to be specified. One applicable definition of inactifiyther used herereads as

follows:
Vi MouselNACTIVITY is the absolute absence of any mouse moves and interactions,
except for the minimum number of moves needed to get access to information.

Definition VI implies that mouse moves decrease towards an absoigigum.*** Almost no
movementccur except the ones to open a closed aalll finally to choose an optio@.ursor
movemenigivesno hintfor any other cognitive actiomhe location of the cursor could be either
in a traceable cell, without any movementsomewhere out of the interactive part of the screen
where the movement is not traced. In that case, the mouse mowdatessts reduced to the one
used byCostaGomes et al(2001)for a strategic and blayne et al(1988)for a non-strategic
task environment. Even though deriving EIPs through the analy&BIbASs seems impossible

then, both studies mentioned above offer alternative opportunities for behavioral data analysis.

The definition is vatl for both, pattern and typd:the cursoleavesthe traceable interactive part

of the screen, it is recorded as inactive. If it is imageable part, the status is depending on its
previous and subsequent moves. If the movement is close to the minimum set of moves, the halt
counts as inactivityThe halt is likely to result from little motivation to use the mouse as an aid to
support thecognitive processA long-lasting thought concerning the piece of information the
mouse cursor currently poinis rather unlikely Prior experimentdeach that inactivity usually
occurswith very few, but very long halts relative to the whole task pracgssne.Herewith,the

halt time is defined relative to the whole task activity and compared to benchmarks resulting from
simulation or empirical valueThe overall individual performancefinally determinesthe

interpretation of this particulgrattern.

191 That minimum set of moves depends on the particular game design. It is generally larger if one can oamly visuali
the content ba single cell at a timecompared to the case where cells can be opened independently.
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Following this definition, every other form of movement represents an actBiyVIA patterns
can describehosemovementsWith this, the connection between EIP aBMMA for active

mouse usageeads as follows:
VIl (current cursor location):#F#0OCUS

Someof the examined heuristics' production systems, mainly the strategic ones, suggest a form of
choice besid the selection of strategietetprocedure requires an implicit first decision for the

focuson either of the two possible payoff information perdpes, own or opponent. As stated

earlier, choiceresuls could be inspectedonsideringthe repeated FOCUS on one of the two

player 6 s payof f . dadulgectfoousses ahnree qpulesngtféenritdpmoceedings

the more substantiatetle assumion abouta subjedd slecisionregarding the focusxpected

patterrs thuss how peri ods of consecuti velnthenrg,lscls i ng o
periods should contain visits of all cells from one choice alternative atAetesttablehypothess

for suchperiods would be:
"O: Th@ focus of attention in periadlies more often oplayerc® s p aaganétf . 0
'O: Thgfocusisequallg pl it on both playersd payoff.o

Oneneed to analyze mouse coordinates with respect to this hypesthesiiowing this, the link

between EIP anEMMA s reads as follows:

VIl (repeated (current cursor location))GHOOSE (1)

8.3.2.3Complex Pattern-based EIPs

The identification of the remaining EIREAD, COMPARE, ADD and STORE based on the
three key elemestdalt duratio@ dnovement patter@sand &ontext informatiod In the
following, the implications of théhreekey elements are discussed in more detail.

8.3.2.3.1Halt Durations and their Interpretation

Every reaction on a stimulus, such as newly presentedmatan, consumes tim@ithin the

cognitive process (for recognition) as well as in itschsymotor extensions (i.e., eleand
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system). During that period of information processing and reaction prelY3rimsually no other

action is recorded. This behavisrequivalent to a halt, or a fixatith

The thresholds introduced in teecceeding paragraplse used to discriminate fixations from
movements and classify fixatiols the base of halt durations. The classification represents the
intent suggested bysh a patternAll of the procesdracing techniques mentioned above employ
time discrete recordings of movementhe measuring accuracy dhe PTM data scan
corresponds with the frequency single data values are recdrdei.technical documentations
speify such frequencies as followfVIRIl: ~2 kHz, eye tracker: ~kHz, and mouse tracker:
~50071 250 Hz.Moran etal. (1983)report a minimal perception time with >=180 ritoffrage
(1999, p.151)determined a minimal average perception time of 325 ms per box view under high
time pressure in his Mouseliasd information board expenent Reutskaja et al(2011,
p.914) report a mean eye fixation duratioh 373 ns for their experimentAccording to these
experimental results, &an requires a rate of at leésHz T h e nfeasWEMeNnt accuracy is
henceat least onerder of magnitudéelow the expected minimum perception timé&yinga

minor role in the intengtation of halts.

Besides recording precision, shtetm halts of different duratiencan be detected very
frequently in a subject's behavior. The classification of fixation and fixation durations vary
markedly for applied process tracing ha@ues the experimental task given to the subjects of
the study(Kleinmuntz and Schkade 1990, pp. £4,fand individual abilities® This fact is not
surprising at alllt canbe interpretedas support for the EIP approach and the processing theory,
as will be shownn the following First, assume that the brain is the starting point of a reaction
with the physiological reaction system being brayehand, in this order. The process tracing

techniques then measure reactions at diffestagesof the reaction systengpatially dosest to

192 For a detailed psychophysical description of an-tagénhand interaction in a reaction task fmun et al.

(2003, p662).

193 Note that the term 'fixation' in this context is used to describe a nonmoving cursor over a specified period. The
points of criticism regarding eye fixation thhtst and Carpent€t976, p.476) report thus do not account heral¢o

see Russo(1978, p.105)).

194 processing speed is commonly linked to the ability of an individual's-&artmemory, as reported Byll and
Johnston(1997, p.5) who anayzed numerous relevant studiégom this can beoncludedthat processing speed
differs among individuals. The individual diversity is confirmed in experiment®dmysereau and Gredd966,

p. 71) for mental calculation skills and §aplan et al(1993, pp. 263 fj.for judgment tasks.
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the brain is the&MRI that measures brain activity. Eye trackiy measures eye moves and
mouse tracking hand moves. With growing distance to the brain, the time delay of the observable
reaction increases, too. Furthermore, different taskske different reaction timebecause

different EIPs are involved.

The commonlyused threshold for eyaxation studies is about 200 ms. The time value is
confirmed byreading experimentss Salthouse and Elli§1980, p.213) report'® Reutskaja et

al. (2011, p.904) use a threshold of 50 ms for fixation times of pictures in their eye tracking
study but give no further explanation on how they choose this le\lor and Gordor§2003,

p.92) suggest a threshold of 100 ms after conducting an experimental study on visuah fixati
times in freeviewing tasks ofgeometric objects and human fac&key findthat this threshold
time is opti mal t o f docd cormomiorra taec tfiivx @Manowcenf fferca
and Gordon 2003, @5). Moreover, some findings suggest that people especially recognize
common single words ofew-numbereddigits as a single pattefi’ Hence, they carbe
processed as one unit of informatiorairsingle ste@sDamarla and JugR013, p.2630)report.

Since the 100 ms threshold is measured for single information units, it should be adequate for the

visual recognition of common single wordsfew-numberedligit patterns, too.

The threshold levels are derivedm measuring either brain activity or eye fixations. Following

the proposed braiayehandsystem, mouse move based studies additionally need to take into
account the time of activating the hand to move and thus have generally larger thresholds. A
studyof VanRullen and Thorp&001b, p665)indicates a duration @bout100 ms and less for

the motor reaction part (of pressing a buttdn).general, the other part of the threshold is
dedcated to the minimum perception tim@ayne et al. 1988, p63) with a duration
comparable to findings of ot h &fron (R97® 623 s tra
determined this time span as being between 120 ms and 240 ms for visual tasks. Adding the two

parts of the threshold leads to a total of about 200 88) ms. As the studied experimental tasks

19 Gonzalez et al(2005, p.10) for example study reaction times for a visual stimulus using the process tracing
method offMRI and scale their findings at around 10 ms.

1% probably not the first to rept, Russo(1978, p.105) confirms a typickeye fixation of about 230 ms

197 salthouse and Elli§1980, p.207) analyze determinants of eye fixations and give a simple but conginci
physiological reason for eye movement and fixations: "In reading and most other visual search activities the eyes
typically move between two and five times per second in order to bring environmental information into the foveal
region of clearest vision" Following that, a pattern in the understanding of the present study is the information,
which is in the foveal region of the most precise vision at the same time.
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are consisting of less demanding readinggasich as cells filled with just a single word or few

figured digits, a lower bound of about 200 ms is preferred here.

Some mouse move based studies claim a second way of determining an applicable threshold. The
studiesfrequently referred to in this ése(Moran et al. 1983; Payne et al. 1988; CdStanes

et al. 2001; Willemsen and Johnson 20&4d)not discriminate between move and inactivity of a
cursor within a cell because tfeir experimental desigf® Instead, they measure the time a
mouse pointer spends within a cell. To determine a threshold, the authors of the studies estimate
the minimal moving time from one cell to another, arguing with Fitts' Law (see fodiGpte

Payne et al(1988, p.563) determineda threshold of less than 100 rfee their setup. That
duration holds for the other mentioned studies in this context too, since they applied the same
standardized softwardpuseLal. The minimal perception time forms the other part of the sum
representing the threshold. The proposed threshold then ad@®ub 80 ms to 200 mis a

duration comparable to eye fixation studies and the one developed above. Note that in
comparison to the proceduresdebed abovethe theoreticky indicated part of moving the

cursor out of a cell substitutes the motor activapart to estimate a reasonable threshold here.

Literature about motor reaction times related to the present study conceptparativelyrare.
However, a threshold of 180 ms to 200 ms suc
including the motoricactivation part is confirmed by different methods and thus seemingly
robust. Besides the neurophysiological argumentation for this level of time and the different
methodology to determine the threshold, the most persuasive argument here is namely the
comparability with other mouse move based studies. The reading tasks proposed in this paper
(EIP READ) hence apply this threshold level.

Using the terminologycdKa hne man 6 s mo dkalhnenarh 2012 o@P)nperteptiomas
well as the EIP READ seems to be executed byfdlse and seeminglgffortlessly working
System ' Findings of Russo(1978, p.100), VanRullen and Thorp€2001a, p655), and
VanRullen and Thorpg2001b, p459) tend to support this suggest. However, Just and
Carpenter(1976, p.476) point out that the act of reading in combination with perception highly

1% Those studies apply versions Mbuselabthat have not embedded the event handiienousmoveor a similar
function, and thus movement within a cell cannot be traced.

Wsee the introduction of Kahn@&inp #46Hde poswldtesitwo syhs ofogni t i o
cognition: a fast and seemingly effortlessly workifgystem éthat is less accurate and a comparably slowly and
effortful workingésystem16 t hat i s. more accurate
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depends on the task. It is thus quite gaesthat the slowly and effortful System Il is applied

when reading, say, a legal contract to understand its implications. In the case here, digits are read
and perceived as patterns. No such contextual constraints like in the example mentioned above
exid. Hereby,the minimum perception time is a pure neurophysiological matter and should not
differ much between subjects of sound mental health.

On the contrary, the EIPs COMPARE, ADD and STORE need cognitive attention and hence
mental resources while prosisg™® i pr operties associated with
(compareKahneman(2012, p.33)). If this hdds and this very part of the cognitive system
Kahneman refers to as System Il process those EIPs they consume resources which in turn takes
time. Some studies deal with estimating duration times for several types of EIPs, intending to
characterize EIPs byheir processing time. That would make identification easy. Their
calculations predominantly rely on eye fixation data from withibject studies or simulatiofr:

However, other studiesuggestthat processing times of those EIPs need to be related to
individual abilities(Bull and Johnston 1997, p9; VanRullenand Thorpe 2001a, pp. 657 f.,
2001b, p456) Hence, the expected halt durations are likely to differ from subject to subject for
the same type of EI P. It is not eventypewf e whe
EIP is constant with diéring tasks or task complexitieflohnson 1990, @42) Thus,
determining the threEIPs mentioned above by solely measuring processing times at least raises
methodological concerns and is not followed in the present research approach. Miadollo

section poposes an alteative.

10 Al three of them use STM to store (STORE) or recall information for the nept ist the process (ADD,
COMPARE). Further insights into the interaction of STM and arithmetic provide the stuBlyllodind Johnston
(1997)for instance.

1 Dansereal(1969 estimates the duration of singlegit additions of university students by 0.8 to 1.1 seconds (s),
reading and comparing of single digits to 0.3 s, giving refe¥dimes for the EIPs ADD, READ and COMPARE (as
reported inJohnson and Payri®85, p.405). He, therefore, employed a mixed approach of eye fixations and verbal
protocols for his model. Theseluas are used as reference within theory building and data analysis in several related
studies §imon 1974; Ericsson and Simon 1980; Johnson and P®8% Payne et al. 1988; Russo et al. 1989;
Bettman et al. 1990; Johnson 1990; Ericsson and Kintsch).1885s0(1978, p.108) deermined the duration of
MOVE in his eye mvement experiment with 0.23 s a simulationJohnson et al1989, p.50) could confirm this
value Johnson(1990, p.18) derived reference times foeweral EIPs from simulatiowhich he emphasizes are
Aimostleg wint H imri or :ADD@P.B4 st RBEAR (erxddingdinfoeatod + motor activity) 1.19 s.;
COMPARE: 0.08 s; ELIMINATION: 1.8 sReutskaja etla (2011, p.923 give a threshold for fixation times in
consumer search tasks with 0.3&Isich might fit in the same category as theer presented EIP COMPARE |l
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8.3.2.3.2Movement Patterns and Context Information

The determination of the EIPs COMPARE, ADD and STORE from the mouse move data stream
can be achieved by primarily identifying relevant mouse movement patterns, supported by
estimating processgy times. This approach has its origin Rayne(1976, p.369) who counts
horizonta and vertical moved? and interprets them as either in&tribute or intealternative
comparisons. Several other studies so far follow this idea, just adapting their interpretation to the
examined taskéPayne et al. 1988; Bettman et al. 1990; Payne et al. 1992;-Gostas et al.

2001) For normatform game tasks, two studies are worth citing here:

CostaGomes et al(2001, pp. 1204 ff.Jledicate aubstantial part of their parto the analysisf

the information acquisition process within their econometric frameworkhey asune that
subjectdully apply particularheuristic (they calléype<) on similar task. This type determines
information acquisitionbehaviorand due @ thatas u b j e c t 0 B thereframewarko the
authorspropose thirteen variableseasurdt o der i ve t he Whepaedverg i mpl i
potential behavior fronype definitions, CostaGomes et al(2001, pp. 1204 ff.jollow a strictly

nor mati ve path. This approach is iIimpressive b
procedure and the numerous assumptions they needafsri f yi ng subijAkaft 6s be

them are plausible.

Some essential process variabl&sstaGomes et al(2001, p.1196) measureconcernpayoff

lookups and the length of lookup sequendesokups are categorized regarding own and
opponent 6s payakup sequenteteyndefinei as nonsecutive lookups of one
pl ay er 0Wihip thiy seduénce, the authasparately measure the number of horizontal

and vertical moves from cell t®ll.

The analysis réts on detailed knowlege of the heuristics' problesolving procedure.
Consequently, one can obtairenchmark levels forprocess variables from the heuristics
performance dat Starting with the normative descriptions of the hduss€ostaGomes et al.
(2001, pp. 1222 ff)count the minimum necessary lookups (own, opponent) and moves
(horizontal, vertical) for each heatic applied in each inspected game task (varying in size from
2 by 2 to 4 by3 and payoff structure). This data offers a criterion to decide whether the number

of lookups and moves a subject has made in an experimental task is enough for a specific

12 Note that a move in that context means a cursor change between cells.
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heurigic. So, if the number is lower than the normatively derived one, a subject has not gathered
all information necessary for a particular heuristic. Hence, this specific heuristic is unlikely to be
employed by the subject. It serves as a lower bound. Howewercannot infer anythirgpecific

from this®®

Concerning the lookup sequenc€sstaGomes et ali2001, pp. 1210 ff.assume that all of tire
inspected heuristics will show adjacent lookup pHitsThose ardlistinguishable from random
lookups since these heuristics primarily focus on one player's psiyafiitaneously whichs

locatedin separatéables.

CostaGomes et al(2001, p.1233)mainly work with averageslime durations are represented

by the assumption that "a type's relevant lapk have longer averagezg times than other
look-ups" The average value shall be apmiate to distinguish between heuristics. For
identifying EIPs, which are said to be connected by mouse moves and to differ in time, this
approach seems somewhat inapplicable. Stlineparts aré¢ as will be shown in the following.

Devetag et al(2016) study eye movement fiarns in normaform game tasksin contrast to
CostaGomes et al(2001) they useda taskdesignwhere bothp | ay e r s éresjpuatgdonf f s
onetable, paired in oneell each(Devetag et al. 2016, pp. 184 ffHor their behavioral analysis,
the authors define areas of interest (AOI) around the payoffs in eaqiDeeéitag et al. 2016,
p.185) They measurdime spent in an AOI (fixation time)number of lo&ups of an AOI
(fixation count),number of returns to an AOI during one trial (number of rassyell asaumber

and types bsaccades (i.e., eye move from one to another AOI)ster analysis identifies

patterns. The authors employed the-@idel ofCamerer et al2004)to classify behawr.

Devetag et al(2016, p.198) report a correlatiorbetweeneye movement patterns of visual
information acquisition and subject choic@is corelation implies that behavior types that
differ in their ability to develop a sophisticated decision use different information acquisition
patterns.If a direct link between patterns and underlying informafwacessingexists, this
correlation hints tahe use oflifferent EIPs or sequences of EIPs within the process

113 This fact becomesvident when accepting that subjects are usually not stringently utilizing a heuristic, if at all
and thus showing unexpected lookups.

14 Note that this follows an assumption arguing that comparisoasisually made pairwise. Even if it is no
regularity, this effect is observed very frequently by several decisiaking studiesSaaty 2008, pp. 95 jf.
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Both studies show that a move from one cell to another can be interprepedtad patterns
regardinginformation acquisitiorandinformation processingOne can conclude on the partenul
pattern by consideringontext information such as theayoff inspected andext cell visited
The remaining EIPs listed iffable 12 can now be derived from EMMAs combined with

movement patterns and context information.

8.3.2.3.3READ, COMPARE, ADD & STORE

READ is per definition used to store information into STM. There is a certain redundancy with
STORE that also saves information in STM. The difference Isetfeei origin of the information

which is to store. Whereas REA&zquiresinformation from outside the cognitive system (i.e.,

from the screen showing payoff matrix), STORE saves nmgtamation resulting from prior
operations (e.g., cumulating a sum, result from a comparison). Nevertheless, both ways lead to
data, which are obtaale in STM for subsequent operations. Obviously, READ offers the
information which is to be processed and hence needs to begin the cognitive information process.
Following this, READ is always a predecessor of ADD, COMPERE, and STA&Ewith,it is

arguable that READ is always part of a sequence of EIPs causing a halt which lasts longer than
the abovealiscussed threshold (about 180 200 ms). With this, the EIP links t&6MMASs

through the following statement:
IX HALT (200 ms +w> halt >= 180 ms) =READ (focussed cell content into STM)

To make a comparison, one needs at least two units of comparable information. Such a
comparison is usually made pairwiseuéso and Dosher 1983° The sequence of visited
information within the mouse move data stream provides the context relevant for interpretation.
If a subject wants toanpare two othe own strategies, one could test for dominance. In this
case, the subject is likely to compare the payofthefwo own strategies for each (at least two)

of the opponent's strategies. However, this approach assumes the somewhatbetierniat of

the subject.

Here, the expected move pattern would exhibit a sequence of horizontal moves between two cells
of two strategies. A halt that lasts longer than the READ threshold follows each move. The focus

15 Also compardootnote114, p.131in this treatise.
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lies predominantly on the own payof¥fertical or diagonal moves to the next pair of cells from

the same two strategies succeed the pairwise comparison.

A subject needs to store the results from each of the pairwise payoff comparisons for all of the
opponent 6s al tTeerprolaabity of ®@gettingnoneSidcMmeiaformation isthus
growing with a rising number of alternatives, but decreasing with growing costs of information
acquisition. Hence, repeated comparisons are likely to occur in the former cadejnmurn
supports the niterpretation of the movement pattern. In case of comparing the opponent's

strategies, one could expect a pattern derived anasbg

Now take the case of searching for the highest payoff, respectively the lowest payoff of a
strategy. The pattern changesnce a subject only inspects a single strategy, probably
systematically. People with a western dominal@ection of reading and writingvould very

likely begin with a systematic inspection of the first cell on the top left and follow to the right
(Abed 1991, p531) However, one can identify such a pattern without strictly obeying this
systematic. Again, the probability to inspect systematic search behavior growsisiith
number of alternative it is generally easier to remember which cell is monitored already and
which remains unseen when applying a systematic information search concept in comparison to
an unstructured search. With a growing number of alternatives, the number ahceises
exponentially In an unstructured search, this also increases the effort to store the information of
the cells already monitoredo avoid high effoid andto spend fewer resourcesubjecs likely

tend to apply a systematic search where the storatpe tdst visited cell and the search direction

Is sufficient. Even if there is no such systenmgtecsubject will look up all cells one after another
before coming to a solution or revisiting another.t&llSo, in that case, identifying the pattern
solely requires a visitation of all cells, one after another and with revisiting just a few
(theoretically zero) cells.Observing a systematic behavior would clearly supportthis
interpretation.Hereby, COMPARE is expected to show two distinctive patterns wigiatl as

follows:

X READ (one cell 6s focussed payof f)
+ MOVE (vertically (resp. horizontally) to next cell of different strategy)

118 Note that a subject needs to store two units of information in her STM: the current maximum (resp. current
minimum) and the payoff from tHast cell visited. Hence, it is unlikely to forget the maximum (minimum), and so
there is no need to go back and revisit cells.
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+ HALT (> HALT greap, Same payoff focus)
+ MOVE (to next cell of one of the inspected strategfesuld be either
horizontaly or vertically or horizontally + vertically
AND repetition with same strategies, but different cells in adjaoere history

=: COMPAREI (two strategiesgearch for dominange

Xl READ (one cell s focussed payoff)

+ MOVE (systematically) to nexinvisited cell (of strategy or of whole matrix)
+ HALT (> HALT greap, Same payoff focus)
AND Repetition in adjacemove history until all cells visited
AND almost no cells revisited in adjacenbve history

=: COMPARE Il (payoffs to identify maximum (rpsminimum))

In analogy to COMPARE the EIP ADD can be described as an operation which needs two units
of information for execution. The first one is the current sum, stored in, &M#ithe second one
is the payoff from the last visited cell. Whereas CONREAIIl (X.II) aims to find the maximum
(resp. minimum) payoff for one play&iithin the whole payoff matrix, ADD is applied in two

cases.

In the first case, a subject might play tAkruism heuristic and hence searches the combined
maximum of own and oppennt 6 s p ay of fthe foeuschahgesvithin g aeli after
reading one playerés focus. Wi t B with b sesterlg me ar
reading and writing educatiastart with readinghe own payoffinformationsince it is the first

entry from left (comparéd=igure 21). Although the reading direction plays a subordinate role in

this interpretation, one might expect it to be considered repeatedly when visitingCoeliext

informationis thus mcessary for its identification

It is worth noting that a mouse move within a cell is occurring more likely when the payoff sums
in the matrix are more homogenous. The more the payoff sums thifegasier it is for a subject

to identify the maximum. i that casea mouse move igxpected to be kept short to save
resourcesHowever, novement pattemsmare expected to shawo reading halts per visited cell

The first haltis shorter (just READ) than the second (READ + ADDne move between the
players'payoff attention areas accompanies both halts Kggee 22, p. 124). Additionally, the
movement trajectory exhibithat this mouse movemehehavioris repeated for all cells of the

payoff matrix.
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In the second case subjedimplicitly or unconsciously) equally weighthe probability of
occurrenceo f an opponent. Ohe besttanmsweisadgnyifiedcbly oaicaatinghe

maximum payoff sum obwn alternatives (see descripti of heuristicNaive Section4.2).

Correspondingnovement trajectees showa more or less systematic search for each of the

A

subjectds alternati v ethe owWdayoffis in Pasliexdivgly. Alsoc el | 6 s

halts are longer than the reading threshold, since adding is combined with information acquisition

here. The movement pattern then shows reading of own payoff in the first visited cell and a

horizontal move to a next cell in the same strategh same focusMovement trajectoes show
that this mouse movement behavior is repeédeda whole strategy and probably for all of a

subj ect 6 df asubjech appligsi heusisti?, thefocuslieson opponent dés pay
alternatives firstsincelL 2 is the best answer fdaive The movement pattern for ADD then can
be derived in analogy to the aforementior@mdcedure Herewith, the two patterns read as
follows:
Xl READ (one cell 6s focussed payof f)
+ MOVE (horizontally in same cell)
+ HALT (> HALT reap, Other payoff focus)
AND repetition with different cells in adjacemibve history
AND repdition with all cells in whole rave history
=: ADD | (payoffs information of one cell)
Xl READ (one cell 6s focussed payof f)
+ MOVE (horizontally (esp. vertically) to next cell of same strategy)
+ HALT (> HALT greap, Same payoff focus)
AND repetition with same strategy, but different cells in adjag®ve history
AND repetition with all strategies in whoteove history
=: ADD Il (payoff informationd one pl ayerdés strategy)
The last EIP to be discussed here is STORE. As mentioned abigvexpiected to occuogether
with ADD and COMPARE operations which need their results to be stored for later use. Since
this is the case when the calculationtgands, STORE finishes the halt process (as last part of the
eyefixation) and usually a mouse mofa@lows. Experimental studies done to determine the time
needed to store information i(seeR&BIoOMI78) for ado wor ki

prominent &ception). As a result, no reference value can be found in literature for the time
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needed to store metaformation of the kind mentioned earli¢dowever, it can be argued that

STORE is always auccessor of READ, ADD and COMMRA since it stores the resalof the

operations COMPARE and ADD. Hence, itcoblce concl uded dftdrADDot he r e
COMPARE f ol | aswessoraldleOWith &is, the connection between EIPEANGEIA S

reads as follows:

X1l (after) ADD or (after) COMPARE =STORE

Definition XII concludes the interpretation metrichd minimum set of EIP$s completely
matched withEMMAS. It can henceforth serve the analysis of mouse movement data regarding a

subjectds strategic behavior.

The matching process works without any decisionrmédion so far. It is worth to mention that
even though thinterpretation matrix does not consider tim®rmation it can principally add to
the analysis.Every decisionhas the potential to be the outcome redsonablenformation
acquisition and prossing. Of course, thisequiresnormalform gameswhere thechoice of
alternatives can be relateh a normativdevel of strategic sophisticatiomn cases whereubject
apply behavioral patterns of a particular strategic level decisions that matéévtiatontribute
to the interpretation of behavior (in analogy@ostaGomes et al(2001). Thosepatterns are

similar to the (part of the) correspondipgpduction systesa

Some of the assumptions presented to match EIPsBMIMAs are not formulated precisedp
far but rather generallThat concernespecially duratioimes and the number aktoccurring
behavioral patterngdowever, with little effort, this uncertaintyanbe solved by parameterizing

the open aspects.

Figure 23 gi ves an overview of t dmaticsion the bager f that i on
definitions (I XIl) given above. EMMAS, depicted in the left of the graphic, are used in specific
combinations to identify EIPs (depicted right). Arrows and logical operations (AND, OR)
represent such combinations. The arrow lalB®ntain the most critical context information,
required to identify the EIP.
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FIGURE2317 SYSTEMATICS OF INTERPRETATION METRIC
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Some of the EIPs require a combination of other EIPs and EMMAs for identification. They thus
revealmore complex patterns of behavior. The pattern complexity is increasing from left to right
within Figure23. The ‘current cursor location' (lower left corner in the graphic) is not an EMMA
in the sense of a manualotor act, but necessary to determine the focus of attention. It is thus
included hereWith this interpretation metric on handt is possible to code the proposed

systematicend hence automate data analysis.

In this chapter, the author selected the PBMMouse tracki ng' as the t
developing the interpretation metric. Both, technique and matacpart of the experimental
approach. They aremployed to acquire information and to interpret it. The results of Ch@pter

offer at the same time a method to describe, explain and determine the influence of time pressure
on the cognitive decisiemaking process (see the first research question of this treatise, Section
1.2).
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9 Experimental Procedure

This chapter is dedicated to the design and execution of an online controlled behavioral

experimentFigure24 illustrates the experimental approach.

FIGURE24T EXPERIMENTAL APPROAGH
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The primaty objectiveof this decisionmaking experiment igo acquirecomprehensive dat®
evaluate the implications of the preparation time model. This requires studgongtive
processs in decisiormakingunder time pressure in general and identifying behavioral patterns
in particular.To gather this kind of information experimentally and link ithite preparation time
mode| several conditions necessarily need to be met. It starts with the analysistdbatep
specifies which kind of data (quality and quantity) is needed to answer the main questions of this
study and in which form the data can be processed. This has practical implications for the
experimental design, including tasks, subjects, incentamed presentation. That in turn

influences the technical implementation of the experimental concept. The design of the
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experiment thus follows consistent and logically sequencing arguments, industngctaired

approach

Henceforth the following scheduieproposed

1. Summaee key questions of thstudy and formulate relating hypotheses.

2. Specify data necessary to anskay questions, including statistichypothesis testg.
3. Derive experimental design fraspecified data

4. Determine technicainplementation fronexperimental design

With this approach the author adapts the general design of (statistical) experiments which
emphasizes the three consecutive steps of planning, execution, and AHalygise limitation
and complexity serve as ingendent task variables. Their influence on the decisiaking

process in strategic taskstie subjectof the ongoingstudy.

9.1 Key Questiors and Hypotheses

The data acquired within the experiment shall answer the remaining research questions of this
treatse. One can specify for this experiment (the bold roman number in parenthesis refers to the

research questions presente&®attionl.2):

1 Whatbehavioral pattesican be observed during the process of decrsiaking and how
can they belassified(ll 1)?

1 What is the quantitative effect of time limitation and task complexity on the effectiveness
and efficiency of the decisiemaking process in a strategic decision environri&hi?

1 How does time pressure affdoehavior on a procesomponemevel and concerning
paterns (V)?
9.1.1Assumptions

The approach to answeriniget fundamental questisns based ofour assumptionghat directly

influence the method of examinationThey arise fran particular processrientedstudiesand

17 The design of experiments is a standard procedure in various fields of science and hence surely belongs to the
standard rep#oire of empirical research. A simple introduction offer, for examytgt (1988 or Fisz (1989), the

first mentionedor use in a production engineering contdsagel and Roth{1995) follow a more probleroentered
orientation in heir introduction with emphasa the field of experimental economics.
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alreadyfind consideration within the earlier introduceceparationtime model (ChapteB). The
results of the preparation time model developed in the simulation part of this treatise also find

corsideration.The assumptions read as follows

1. Decisionmakingunder time pressure in strategic tasks follows a cognitive procassscious
or unconsciousThat proces$inks to observablebehavioras a sequence of motor ackgiller
1960, p.697, Simon and Newell 1971, 446 Kihberger et al. 2011, g).

2. The cognitive process can be sequeramagloying EIPs (as proposed Bghnson and Payne
(1985, p.398) andHuber (1980, p.188) and confirmed byPayne et al(1988) Gertzen(1992)
CostaGomes et al(2001) among others)

3. EIPs can be traced by tB&MA metric as presented Bubsectior8.3.2

4. The performance concemroposedin Section 5.1, is a suitable methodof estimating

effectiveness and efficiency of choice behavior.

Those assumptions are widely confirmedthe related studiemamed abovegr at least seem
reasonable and appropriate in the context of this wike fdlowing testable hypotheseshich

determine theequired datasespedy the fundamental questions.

9.1.2Hypotheses

Relevant hypotheses can be developeded onthe research questisrstated above and in
connection withresultsof the preparation time modelTheir classification is twofold:he first

part of hypotheses deal with the general performance of behavior under time pressure, using the
evaluation concephtroducedin Section5.1. The hypotheses' descriptioae listedin the order

of their contribution tothe fourindividual goals of decision making (cpable13): 1. Propose a
decision, 2. Reduce set of alternatives, 3. Maximize certain payoff, 4. Minimize @fi@tpart

is followed by hypotheses that generalglate to the application of problesolving methods
(PSMs, e.g. heuristics) and to patterns of behaviable 21 provides an overview of the

reviewed hypotheses.

In compliance with standard statistical procedurethe following hypotheses and their
formulations are translated into a form of null hypothé8isand alternative hypothesi®,
referring to a particular population parameter that is in the center of the Tlaniypothesi&O

in this contet is stating theassumingly truestatus quo in behavioral research wheif@adepicts
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the contradictoryideas that follow the preliminary analyses. As the cutoff condition to reject an
"O -hypothesis @}evely, the frequently employed value bf= 0.05 is usedAdditionally, then-
value of the test statistic for the sample distribution is providée process for conducting

statistical hypothesis testing is outlineddppendix E

TABLE 217 HYPOTHESES AND CONTRBUTIONS

Contributiony Goal Heuristics/
Hypot heses?Z 1 2 3 4 patterns
| General ensitivity X X X X
Il Qualitative sensitivity X X X
effectiveness
[l Reduction of &ernatives X
IV Payoff drategic PSM X X
V PayoffnonstrategicPSM X X
VI Qualitative snsitivity X
efficiency
VIl Application of heuristics X
VIl H ecompleteness c X
IX Application of Random X
X Equilibrium choice X

9.1.2.1Hypothesisl: General Sensitivity to Time Pressure

Several decisiomaking studies that contain tane dimension of limiting the task fulfilling
procedure identify a specific reaction in behavi®imilar effects are expectable astrategic

task environment. Espedly with studiesby Sutter et al(2003)andLindner and Suttef2013)

this sensibility is proved for strategic tasks other than nefomai games. Since normé&drm

games are not subject to time pressure investigations yet, the conclusion seems reasonable but
needs an explicit verifiteon. This consideration leads to the first and fundamental hypothesis for

the objectiveof the present research:
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I. Decisionmaking in the strategic task environments of noffoah games is affected by

time pressure'®

Decisionmaking is evaluated by the plermance concept presented $ection5.1**° This
conceptincludesproviding a choiceGoal 1), eliminating alternatives3oal 2), payoff generation
(Goal3), and the sum of EIPSpal4).*®° If the effectiveness of time pressuan be determined
for at least one of the four goalswill prove generalsensitivity at the same time. Hypothesis (I)

can then be formulated to:

General Sensitivify’ can be determined if there is sensitivity to decision making OR sensitivity
to the eimination of alternatives OR sensitivity to the generation of payouts OR sensitivity to the
use of EIPs.

For Goal 1(sensitivity to decisiommaking'?’, Hypothesis | is assessed by examining the

decision rate of participants in a specific task under diffetene pressure conditions. The
decision rate is defined as the proportion of participants who made a decision and is calculated by
dividing the number of decision makers by the total number of participants in the task.

The null hypothesis states thetagquoi no significant change iproportiors of decision

makers within the population is observable. As the alternative, one expects any deviation.
In statistical terminologythe evaluation of Goal 1 asfollows:

The decisiormaking behavior with reggt to Goal’Q for a task with a certain parameter
constellation satisfies @ priori unknown probability distribution with the expected value (mean)

* . Given aparameter constellationith experimental desigto andwith a fixed complexity () a

18 The hypotheses now presented all focus on time pressure conditions igicti@ik environments of normal

form gamesTime pressure is consequently modeled by employing time limitation and compledtguggested in

Part I and described on various other occasions intthitise Both factsi task environment and time pressi

are thus not stated again expl i, butfindlimplicit consideration f ol | owi ng
19 Table13 in Section5.1 provides an overview of the evaluatiomeept in use.

20 Goals 1 to 3 contribute to effectiveness while Goal 4 represents the efficiency aspect.

2L This overall sensitivity originates irrespective of any overlap between the target effects, as each contribution is
independently determined. Nonethed, it is necessary to further examine feasible scenarios wherein the effects
counteract one another.

122 For the other gals, the results of the more specific Hypotheses I, Il angwWiich will be presented in the
following sections)are used.Those lypotheses test whether the influence is positive or negative and examine
quantitative aspects. If sensitivity can be shown in the specific hypothesis, one can conclude on a general sensitivity.
Thus, only for Goal 1 the Hypotheses l.a and I.b will be evedliatthe above stated manner.
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change in the time limit frond to 0 should then significantly change the distribution mean

according to the following hypothesis fGoal"Q, as long as a timeelated sensitivity exists
'0d0 AhQm o A wRQM Ko § testing thecorrespondingull hypothesis
(la) "OdO AbhQm D A ORQM Fhowithd 6 andd  @é &0 O
The similar proceduresiapplied to formulate the hypothesis when evaluating the influence of

complexityd) with changingthe valuefrom @ to :
'0dd MR A whQm iH 6and
() "OdOARQM K A GfQR id dwithd & and— &F &1 o

Note thatthe time limitois not constantor tasks where the complexity is varyirigstead, when
modelng the time pressure an attempt was made to keepdthe me per payof f
e | e m@ o tcdnstant for a particular stage of time limitatféh. This circumstance holds for

all of thefollowing hypothesegven thougtit is not explicitly metioned again.

Aconcl usion for Hypot hesi s | 6Gener al sensi tiv
test results of the contributing hypothegesfer to Figure 25). According to their respective
definitions these contriliing hypotheses are Hypotheses l.a and I.b for Goal 1 as well as
Hypotheses Il, Ill, and VI (cplable21). Similar to Hypothesis Il the Hypotheses IV and V also
contribute to Goal 3. However, while they test quantitative aspégmyoff generation with

respect to using certain heuristic patterns, their sensitivity to time pressure is similar to
Hypothesis Il from a qualitative point of view. It is thus sufficient to consider the test result of
Hypothesis Il to determine the efitiveness of time pressure regarding Goal 3. The evaluation

logic considering the results of the contributing hypotheses can finally be stated as follows:

Hypot hesis | 6General Sensitivityoé = [I.a & I
OR [l Qualitative sensitivity effectiveness] OR [lIl Reduction of alternatives] OR [VI

Qualitative sensitivity efficiency].

123 As will be argued later, the task structure is similar to the simulation appiro&ett 1. The task values of time
limits are determined considering multiple influences. One of them is the intention to keep thatsttet eaithin
the four rounds and among the four stages of time limitation.
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FIGURE25 CONTRIBUTING HYPOTHESES TO HYPOTHESIS I.

Hypothesis |

[Hypothesesl.a&l.b} { Hypothesis Il } [ Hypothesis Il } [ Hypothesis VI }

The first hypothesis on general sensitivity is now ¢ospecified qualitatively and quantitatively

following suggesbns from variousstudieson time pressuréZakay and Wooler 1984, g79;
Payne et al. 1988, p79; Zakay 1993, p®8 f.; Johnson et al. 1993, Jl5; Ariely and Zakay
2001, p.204).

9.1.2.2Hypothesisll : Qualitative Sensitivity of Effectiveness to Time Pressure

The simulatiorresultspresented in thigeatise indicate a genesahegative relationship between
time pressure and strategic decision makkalowing the performance measurement approach
presented inSection5.1, it seems sensible to evaluate performaseparatelyin terms of

effectivenss and efficiency”. Focusingnow on effectivenes$jypothesidl is as follows:
[I. Decisiormaking is negatively affected by time pressure regarding effectiveness.

If any negative effects of time pressure on effectiveness can be identified among Goais I, I,
11, it will demonstrate overall sensitivity. Hypotheses | through Il focus on effectiveness, while
Hypothesis Il specifically evaluates the qualitative impact of time pressure on deuneskimg
effectiveness. The study merges the outcomes of Hypeghiec and 1.d, exploring trdecision

rate along with Hypotheses Il.a and Il.b, investigating the impact on payoff generation, as well
as Hypothesis lll, examining the reduction of alternatiVegure 26 illustrates the appraa of
hypothesis contribution to Hypothesis Il. Following this approach, Hypothesis Il can be restated

as

A negative impact can be identified if decismaking, payoff generatignor alternatives

elimination is affected negatively

Hypothesis Il examine&oal 3, which aims tanaximize payoff, by assessing the percentage of

participants who made a decision (i.e. decision maker) under various time pressures in a given

124 For efficiency, refer to Hypothesis VI.
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task, resulting in a pajf.">> The null hypothesis postulates that no significant altmaiti the

value of the obtained pajff can be observed within the population. Alternativelyuafavorable
deviation is anticipatedn statistical terminologythe generation of payoff with respect to Goal

"Q for a task with a certain parameter constellation satisfiaspaiori unknown probability
distribution with the expected value (mearl). Given a parameter constellatiorwith
experimental desig and with a fixed complexity ¢y a change in lie time limit fromo to

0 should then significantly change the distribution mean according to the following hypothesis

for Goal"Q, as long as a timeelated sensitivity exists

'0d0 AROM o A ORQM Fo § testing thesorrespondingiull hypothesis
(Il.a) 'OdO AR A RO hbowithd 6 andw  @é &0 0
Again, Ais the mean of the undging distribution and® 0. The correspondingypothesiof
complexity reads as follows:

'0d0 AROM v A whRQ Kb dand
(Il.Lb) "OdO AR A OARQMD o dwithw @ and— @£ &1 ©
To the best of h e a knowledlge Oasdefinitive causal link supported by empirical evidence
between increasing complexity and payaftsselopment or the ability to reduce alternatives is
currently unavailable. At preserit,is assumd that complexity affects efficiency similarly to
time limitations.Examining the counterintuitive outcomes unveiled_bydner and Suttef2013,

p.544), who observed that time pressure enhances deaisaiing efficacy, the plausibility of
invalidaing the second hypothesis exists.

FIGURE26 CONTRIBUTING HYPOTHESES TO HYPOTHESIS |l

{ Hypaothesis I }
r Y
{Hypntheseﬂa&.h} E—Iypnth%esll.a&ll.t} { Hypothesis Il }

125 participants who did not make a decision by the task deadline could not generatt.a pay
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9.1.2.3Hypothesislll : Reduction of Alternatives under Time Pressure

TheHypothesedll, 1V, and V are drectly deduced from the simulation results stated in Paift I

this treatise They refer to quantitative effects of time pressure regarding effectiveness and
efficiency. Both terms are addressed in the simulation to measure the performance of the
heuristts The ori entation of the time | imitds inf
heuristic, making this issue an additional indicator for characterizing decskimg behavior

itself. Based on the simulation results, specifically in relatio®tal 2 (reducing alternatives), it

seems reasonable to propose the following broad hypothesis concerning the impact of time

pressure

lll. Effectiveness, regarding the ability to reduce alternatives, is decreasing with severer time

restrictions and increasing witiprowing complexity.

Let A whiQMAD be the mean of the underlying distributiof the realization of Goal 2
(reducing alternativésunder experimentaettingcy and with time limitd and complexity® in

task'QHypothesidl| can then bevaluatedwith:

'0d0 MAQM o A wAQM Mg testing thecorrespondinguull hypothesis
(I1.a) '0dO AFQ o A OAQM Fhowitho o and®d @£ &fordasks 1 and 2.
The corresponding hypothesis regarding complexity reads as

0do AhQ o A @AQM o dand

(I1.b) 'Od0 AbFQ o A wAQM o dwithd G and— Gé &0 ©

9.1.2.4HypothesedV and V: Paydf-Generation under Time Pressure

The following two hypotheses focus on the ability to generate payoftinE#Rsive problem
solving strategies in humadecisionmaking seem to collectively suffer from time pressure
(HypothesislV), while the les€IP-intensive ones perform stable or even better under such
conditions (Hypothesi¥):

IV. For EIP-intensive solution concepts (such as heurisiis D2, and Equilibrium)

effectiveness concerning generating payoff is decreasing.
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Significant for those EHMmMtensive heuristics is theoccurrence of thestrategic EIP
GCOMPARE bthat hintsatthe comparison of adjacent matrix cells of different alternatives. This
pattern isuniquein the solution concept of idéfying dominated alternativeBlo other heuristics
from the examined set ugein their production systemdt is now of particular interest to relate
the numbersof this EIP to the generated payoff. Hypothésisimplies that with growng time
pressure the ratio agjenerated payoff per number @écurringCOMPARE Ii n a pl ayer 6s
sequenceés decreasing. This consideration is hence limitedaiaset of participants where the
number ofthe EIPCOMPARE | isgreater tharzero. Since the payoff plays an essential role in
the effectiveness calculationt seems adequate tansformit into a nonrnegative rangeThis
standard range allows for an int&rbject comparison of the dts (Coombs et al. 1975, B5).
The normalization is realized lputting each player's absolute result per task in context to the
minimal and maximal achievable outcome of this task using the following foiiiaglé5)):

L ©
with 6 as the realized outcome of play&in eachtask, 6 and o as minimum and
maximum payoff of the task arl j as therelative outcome of playeiQThe term6  is a

real number, bounded to the intervaip .

Let A wRQMRH be the mean of the underlying distributiof the realization of Goal 3
(Maximize payoff) per number of B COMPARE | undeexperimental settingo, with time

limit © and complexity® in task ‘Q The asterisk(*) depicts the limitation of theonsidered
dataseto EIP sequencewhere the number of COMPARE | ggeater tharzerq as mentioned

above. One can now test Hypothesiswith:

'OdX o i A oRQM g testing theorrespondinguull hypothesis
(IV.a) 'OdX o0y A oRQM a withd o andw @ é & fordasks 1and2.
The correspondingypothesigegardingcomplexity reads as:

oK o A oRQ i and
(IV.b) OdX wRQM ho A oRQm o g with® @ and— ®£ &0 0O

Hypothess V is formulated in analogy to Hypothesis IV:
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V. For nonEIP-intensive solution concepts (such asnstrategic heuristics andL?2)
effectiveness in terms of generating payoff is at least constant or increasing and they

hence find more application under gnowg time pressure.

The identification of those neBIP-intensive solution concepts is straightforward, using the
complement strategies to the ones of HypothgsidHerewith,all valid datases where theEIP
COMPARE | does not occur in the EIP sequeme incorporateddepicted by a tilde sign (=))

In analogy to Hypothesi¥/, the test definitiofior Hypothesis \Ms:

'OdX oMo A QM fw, testing theorrespondingull hypothesis
(V.a) 'OdX whiomho A oRQ Hhawithed o6 andw  Gé &fordasksl and 2.
The corresponding hypothesis regarding complexity reads as

odX o A oRQm i and

(V.b) 'Od® iR A oo gwithd &and— && &1 0

9.1.2.5HypothesisVI: Qualitative Sensitivity of Efficiency to Time Pressure

Following thesequencef the performace concept presented $ection5.1, Goal 4 Minimize
the number of EIP} contributes to efficiency. A general and intuitiveassumptionabout the
relation to time pressurds that the shorterthe time limit, tie lower the number of EIPs.
Increasing the complexity and thus increasingatimeunt of potential information to gathaould
principally have the opposite effect on the number of EAPBypothesis needs to consider both

aspects:

VI. Efficiency is increasingwith decreasing time limit and decreasing with increasing

complexity.

Efficiency is evaluateds numbers ofapplied EIPs while fulfilling the experimental taskhe
more EIPs are applied, the less efficient is the task fulfilmBetmanding a choice as a
necessary condition secures the comparability betvde¢smset of players at this point. This
condition ensures concordance with the underlyogl hierarchyas presented iSection5.1
The hypothesis is thudimited to the group of subjects whmake a decision. To test this
hypothesis, leA @RQM o be the mean of the underlying distribution of thembers of EIPs
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under experimental settingo, with time limit © and compexity @ in task ‘Q One can test
HypothesisvI with:

'0d0 ARQM o A QM RH§ testing theeorrespondingull hypothesis
(Vl.a) '0dO AbhiQ id A RAQM o withd 6 and®d @€ &fordasks 1 and 2
The corresponding hypothesis regarding complexity reads as
'0d0 AAROM i A wAQMm o 6and
(V1.b) 'OdO ARQP Id A whiQ I d with® @ and— ®€ & o
Especially in this casef testing hypotheses, it is important to objectively examine the influence
of time restrictions and complexity, as they are supposedly readily identifiable fabtoes the

time limit is decreasing and complexity is increasing at the same time, theriépmaking,

reciprocal impact of both can be evaluated dire¢ly.

9.1.2.6HypothesisVII : Application of Heuristics

This hypothesis followgroposalsof Bettman (1979, p.176) emphasizing the general use of
heuristicsi whateverquantity and comprehension of applicationKdike in the concrete case.
Bettman principally questions the use of complete heuristics during the detigidng process
andrecommendgparts to be applied instegBettman 1979, B3). Others, namelyayne et al.
(1988) for a nonstrategicand CostaGomes et al(2001)for a strategic task environmerfind
evidence confirming the application of heuristics. Both lineseasoningassume that at least
parts of heuristicareappliedin the decisiormaking process. Because of their analysis method,
the studies mentioned implicitly postulate that heuristics are pernamenise’?’ The mere
existence can bassumednainly since some people know strategiesletisioamaking from
their education and are thus likely to apply them to problem tasksfaitigenerally comprises

common heuristics, toddowever, Johnson et al(2008, p.270) report from their gambling

126 The alternative direction could be feasilbdef the current method is the expecpedh for the experimental task

(from easy (i.e., low time pressure) to hard (i.e., high time pressure)).

127 CostaGomes et al(2001, p.1204 for example ompare participants' behavior with production systems of
heuristics and give a compliance rate. Since there is at minimum one heuristic per participant showing a rate larger
thanzero percent, the authors infer that every decision maker employs at led&uristic or part of it. With evem

smaller set oheuristicsconsidered in their stugfPayne et al(1988, pp14f) cat egori ze al l parti
in alternativefocussed and attributéocussed.
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experiment that subjects tend &mploy heuristics that differ across individuals and tasks.
Whether the actual frequency @écisionmakingwith the aid of such heuristics or selected parts
among the population is almost one hundred percent in the task context of this experiment shall

be answered when testing the following hypothesis:

VII. Decision makers employ one or more heuristics, or one or more parts of one or more
heuristics while fulfilling a predefined strategic taskregardless of time pressure

conditions!?®

The evaluation of the cwrete frequency is of further interest for researchers in general and
especially in this study. It is thus presented along with a confidence interval in the analysis part of

this paper.

With theinterpretatiormetric presented in Chapt@rit is possible tadentify complete heuristics
as well as significant partef their patterns within th&IP sequenceOf course, the smaller the
parts of thepatterns, the more difficult is a precisepping to theotentialy usedheuristics. It
hence seems appropriate study and interpret the realized EIP sequewcoepletelyin such

cases.

When testing this hypothesis, it is moreovee c e s sar y t o pateof a hearistit he t €
p at t Whemeder one heuristic is lplemployed, also parts areployed. That is intuitive. If

one depérti o @ beuriétigp a t t om rarsdale of a single EIP, this hypothesis will be
confirmedevery time a participant at least moves the mouse once by defiittitmthat case, it

would not be very discriminatory.

A frequently wused alternative is to estimate
behavior andheuristicsbprocedurs (Payne et al. 1988; JohnsamdaPayne 1985; Costaomes et

al. 200). The authors record the number of predefined types of mouse moveEbstimsition is

thus based on plain numbers rather than specific sequences, although edpestalBomes et

al. (2001)also record and interpret the repetition of specific moves to argumentatively strengthen
their classification of behavior.

128 This hypothesis might be falsifiebecause of one or more participants do not employ the set of common
heuristics. However, the minimum set of EIPs (ChaB}és not falsified at the same time, since this model employs
single EIPs rather than heuristics or part of heuristics.

1291 the mouse is moving, at least the EIP MOVE is recorded.
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The simulation part of thigreatiseprovides the required heuristics' data. Since the simulation
comprises data ef66time limits per level of complexity, it is suggested to use representations of
the fourtime stages e a,rolmy @, d | eabhdd & o n sot emah theuristic insteatHowever,

one must determine a measure to verify the use of at least parts of the heuristics during decision
making. The above studies do not provide such a me&Sure.

A properway is to link thedefinition of @art of heuristiqp a t tteecertaid sequences of EIPs

that characterize a pattern. Some of the EIPs already represent such complex patterns themselves.
Namely, COMPARE | and Il and ADD | and Il form information search and processingnsatter

that inducegoalorientation and organized proceeding. They are characteristic for certain
heuristics, even if not discriminating a single one in every case. Of course, other patterns from the
heuristics' production systems are thinkable, too. Saméeadour EIPs mentioned above,
sequences of EIPs would form those patterns. However, théyotiréacking the interpretative

value in identifying systematic information search and proces3inglternatively, they contain

the four EIPs mentioned above thestves, unnecessarily increasing the complexity of a pattern
here.Following this, their interpretive value in the context of the present examination should be

considered criticallyUsingthe identified EIPsippears to bappropriate.

The mere existencef the four EIPspatterrs can further serve asaiterion It would then be
sufficient to record them in the behavioral data stream to evaluate HypotHesi€ The
advantage of using the four EIPs mentionedvabis that they can be applied to almost all
heuristics examined in this studyhe only exception iRandom which itself is rather easy to
identify from the decisiomaking datd>® Now, one carstudyevery decision by checking for the
existence of eithea random choice or of one of the four EIPs mentioned above. With this, a
promising and comprehensible approach is taken to evaluate Hypottiesigh the following

proportiontest:

130 This circumstance is not drawback for these studies, since determining sitBrion is not part of their
concepts.

131 The underlying mouse movement could either belong to irrational and unintended behavior, too. Alternatively, the
information search is slightly unorganized ardhatic in the meaning here and hence is the processing no longer
directly relatable to the recorded EMMASs.

132 Note that the identification of those ElPssissceptibleto unintended random mouse movement and clicking,
even if its rather complex patterns geally minimize, not to say prevent such recordir®yg.the way,the same
problem exists with theoncepts ofhe cited studies whereovement patterns are even lesmplex.

133Whenever a subjeatakesa decision without having included at all informatigimen, it is certain that the choice

is based on chance. That explicitly includes the case a player starts to gather (and process) informatioal®ut
task processing being in progréssany reason.

155



'Odd wh p ptesting thecorrespondinguull hypothesis
(Vil.ayod® who  p o

with N being theproportionof people that use at least parts of the given set of heuristics
experimental settingo among all task®. Note that participants who do not use the mouse
pointer at all are excluded in this consideration since their behavior data provide no analyzable

information.

9.1.2.7HypothesisVIll: Compl et eness of Heuristicso6 Appl i

The following hypothesis links the probability of using at least parts of common heuristics to
time pressure. If this hypothesis holds, it is reasonable to suggest that more time to thirsk about
task couldresult in an increasedorobability to invest some thoughts in problesalving

methodology. One can formulate the corresponding hypothesis as follows:
VIII. Heuristics are likely to be deployed more entirely under less time pressure.

This hypothesisissumes that the more time a participant has to fulfill a task, the more patterns of
one or more heuristics are used and hence can be detected in the datdistrelayithe seventh
hypothesis gains a quantitatimepectwhen considering the time presswgffect. The quantity is
evaluated by the number of the four EiRtterns that are relevant in Hypothegis, too. Similar

to Hypotheses andll, this effect is analyzed via its components time limitation and complexity.

Let A o be again the mean of the underlying distribution of the sum of the four EIPs ADD
I, ADD Il, COMPARE |, and COMPARE Ilin experimental settingo, time limit 6 and
complexity® in task’QOne can test Hypothes#ll with:

'0odO0 A o A wfd hd § testing thecorrespondinguull hypothesis
(VIIl .a) Od0 Ao  Aw g withd o andw ¢ &fordasks 1 and 2.
The corresponding hypothesis regarding complexity reads as
'0d0 Aol o A o o d6and

(VIIl .b) odo M b Aw
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9.1.2.8HypothesislIX: Application of Heuristic Random

As shown inPart I, the Randomheuristic requires very few EIPs to come up with a decision.

This small amount of EIPs makes its use especially beneficial when time pressugé. is
Interpreting Hypothesi¥lll the other way around, a random decision might bedthea st act i o
when a decision is needed at all and time pressure is growing. The related hypothesis is thus:

IX. With increasing time pressure, the deployment of the heuRaticlonis more likely.

This increasingprobability should be directly measurable by stereof random choices among
participants) whRH with experimental setting, time limitd and complexity®d, enabling the
evaluation 6 HypothesisX by:

'odd oMo 1 wh g testing the corresponding null hypothesis
(IX.a) 'Od®) o n omhogwithd o andd @é &fordasks 1 and 2.
The corresponding hypothesis regarding complexity reads as

odh ok n o

(IX.b) 'Od® G H oI G withd &and— &€ &0 o

9.1.2.9HypothesisX: Equilibrium Choice Behavior

Lindner and Suttef2013, p. 544)eport thasubjects in their experiment tend to make more often
equilibium decisionsunder growing time pressure. As mentioned earliggiey explain these
findings by chance, being unable to give a further interpretation of the underlying reasons.
Following the interpretation metricpresented inChapter8 of this treatise the Equilibrium
heuristic is resource intensive, leading to the conclusion that efféetive time limitationthis
heuristic cannot be thoroughly conducted and is hence rarely applied. If this holds, the sflumber
equilibrium choices must decrease.tdbe hypothesis then reads as follows:

X. The proportion of equilibrium choices decreases with growing time pressure.

This hypothesis is related to Hypothe&iswhich discusses the use of strategic heurigéitterns
under increasing time pressure. Nonetheless, the equilibrium decision has a protpagaitity

than zero when the number of alternatives is finite. It is iimp®rtantto separate the chance in
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choice fromdetermination, even when the decision procksssnot follow the model suggested
in this paper. If the equilibriunalternative is chosen by chance, one could exp@coportion

N equivalent to the following ratio:

‘ g

. ™
with € as the number of alternatives per task that would result after playiriggthigbrium
heuristic anck as the number of all altermags per task. This equilibriumatio serves as the
reference value fotthe share of equilibrium choices among participantgy wM O with
experimental settingo, time limit ® and complexity® in the following two-sided hypothesis

test:
"Od® oo N G testing the corresponding null hypothesis
(X.a) "Odd whhb n 4 for all tasks, specified by its time linif&and complexityQ
How the proportionr) of equilibriumdecisions per task is evolving over changing time pressure
conditions can then be tested with:
'Odd oMo 1 wh i§ testing the corresponding null hypothesis
(X.b) 'Od®) o n omhiogwithd o6 andd @§& & fordhe tasks 1 and 2.
The corresponding hypothesis regarding complexity reads as
o4l oo /| oo 6and

(X.c) 'Odd o oo dgwith®d dand— ©E& & o

The set of hypotheses further requires an appropriatbatado be (statistically) validatddis

thus necessary to acquire data with suitable quality and quantity. The level otampefiof the
statistical hypothesitess target determines the latter. The former involves at least two aspects.
On the onehand, this term addresses the test variables' relevance for explaining the results. On
the other hand, it subsumes general issues such as measurability of test variables, careful data
acquisition and minimization of error sources and data noise. Basbd @et of hypotheses and

the subsequembnsiderationsthe data characteristics can now be specified.
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92Experi ment 6s Data Types

Hypotheses | and Il refer directly to behaviour within strategic decision environments,
highlighting the requirement for a suita range of tasks. One potential approach is to utilise
strategic tasks that outline the decision environment. This dissertation realises this by means of a
predefined subset of the class of normal form games. Parameterisation of the task variables 'time
limitation' and ‘complexity’ is required to examine the effects on heuristic perforrffance

Furthermore, context variables, such as the values of payoff matrices, are subject to variation.

The information generated by participants in the study must atihé¢ine requirements dictated

by the chosen analytical approadks stated earlier, EIPs represent a subject's behavior. The
interpretation metric Section 8.3) is used to derive EIPs from observable behavia., (.
EMMAS). TheEMMASs need data according T@ble22. In addition, status information must be
gathered from the elements of the tasks (matrix cells and buttons) as well as the individual mouse

movement path. Witkthis, mouse trajectories and movement histories can be determined.

TABLE 227 EMMAS AND DATA

EMMA  DATA

MOVE  Mouse position coordinates (relative: in the object and absolute: in the frame) p
time, time stamps, object information,

CLICK  Mouse event: click, mouse position coordinates, object inforntatidimestamps
HALT Mouse position coordinates, object information, halt duration: timestamps

To summarizethe behavioral data obtained from mouse movement experiments shoudtkinclu
data on the position of the mouse, time stamps in narrow increments (to track the mouse's path),
and interaction data, such as clicks and movements on interface elements, to reconstruct the

context of information acquisition and processing.

This dataseterves as the foundation for detecting and converting EMMAs into EIPs, whilst
taking their past occurrence into account when making decisions. This crucial conversion allows

for pattern recognitionlThe results help to test Hypothe$€sV, andVII to IX. With the amount

134 Therefore, the performance concepSefttion5.1is applied.

135 Object information mainly contains objek® and object content. The objelf can be used to reconstruct a
mouse pointeros absolute position wit miabouttthe ehostrr a me .
alternatives in case of a button object or about payoff information in case of a matrix cell object.
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of identified EIPs per player and task also Hypoth&8iscan be tested, evaluatirgoal 4.
Adding information about the generated payoff to identified EIPs enables evaluation of
effectiveness regardin@oal 3 and thus contributes to test Hypothe$és and V. Choice

information finally helps to evaluate HypotheZis

This dataset appears adequate to evaluate the collection of hypetitiesedirectly or indirectly

following predetermined transformations

9.3 Experiment Design

A primary purpose of experimentation is to monitor and evaluate all relevant information
associated with this experimefithe information gathering includes the belbawf participants
during a predefined task and potentially influencing soutoesn online experimenhisis more
difficult than in laboratory studiesHowever, measures are advisbg other webbased
experimers to support thi®bjective ensuring cotrol of informationwidely (Musch and Reips
2000, pp. 70 ff)

1 Formulate tasks such that problem task and space of results are suffiaremily k
to the experimenter eante.

9 Directly or indirectlyexamine every action of a subject that is regarded as relevant
and record it for analysis.

1 Make sure that the experimental data can be structured and analyzed qualitatively
as well as quantitativelgspecially with statistical methods.

1 Control environmental influences. If this is impossible, identify and minimize

sources thatompromisehe validity of the experimental data.

Those general recommendations need to be further specified foretitie's purpose. One can
derive several aspects frothe recommendationshich directly influence the experimental
design.Other important sources for desigglevant questions are the experimbased model
and the simulation, the hypotheses and related empets.The so derived aspects are discussed

in the following.Table23 provides an overview based on a rough structural attempt.

160



TABLE 237 ASPECTS OF EXPERIMENAL DESIGN

Technical aspects Content aspects Designaspects
Development and executic Games angayoff structure  Subjects
environment

Input /outputrelations and Task variables time and Incentives
optimization complexity

Datastorage Time display Questionnaire
Datapreparatiorand / Variation oftasksetup
analysis

/ / Supportingaspects

9.3.1Technical Aspects

9.3.1.1Development andExecution Environment

The metricto interpret EMMAS as EIPs developed ifChapter8, requiresmouse tracking as
process tracing technique in a particular technical realization. Foretiligationagain several
technical opportunities existMouselabWeb(Willemsen and Johnson 2011MouseTracker
(Freeman and Ambady 201@Tree(Fischbacher 200@ndORSEHGreiner2004) All of them
represent more or less welstablished opesource software used to develop and conduct
behavioral experimentdMouselabWeband MouseTrackerare directly onceived as process
tracer.The other two focus on more general applicabiyenthoughproviding blueprints for
decisionbased behavioral experiments in thapplicationlibrary. The softwarebased tools-

Tree and MouseTrackerhave implemented softwaspecific programminglanguags and are
principally bound to local networkas long as they are not embedded in a Java application. None

of them offer the flexibility in modification anlequencyin an application at the same time.

In opposition to themMouselabWelnffers both a developmeand anexperimentramework in
HTML and JavaScrip{JS).It is thus easy ttve modified for experimental needs and compatible
to use in standard browseldouselabWelalso provides a technical framework to control the
experimentonling multiplying the number of potential participan@ith this, an experiment is
no longer bound to stationary laboratory PCs. For this resédmselabWelthus seems

advantageous compared to the other three mentioned software tools and further serves as a
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developmenhand experimenframework. The following techoal aspects deal with certain parts

of the data accumulation process.

9.3.1.2Input / Output Relations and Optimization

The experimental concept is about the interaction between a subject and a Personal Computer
(PC). This setup requires a suitablguir/Outputdevice (I/Gdevice)enabling necessaryath
gathering. The firsthoicemedium in use t@articipatein the experiment is a PC with a mouse
asthe inputdeviceand a monitor as the output devidée graphical user interface (GUI) uses

both 1/0O-devices to Bow direct interaction between a user and the Bfdce the technical
implementation is tailored tmouse usagesther input device$ such as touchpatf§i arenot
supportedHTML favors mouse usage by providing a series of exclusive event handlensdhat f

no equivalent for other input devices. Among thesenimousemovehich enables permanently
tracking movement coordinates. The handling concept of touchpads rather relies on discrete
pointing than on permanent input. An equivalent event handler is rtbtugprovided and
movement data not obtainable. Using fingers as pointer leads to another serious problem. The
size of fingertips makes it more difficult to determine the coordinates of the pointing compared to

a mousebasedsolution.This precision in turn, isrequired by thenterpretatiomrmetric.

9.3.1.3Data Storage

Game tasks with different time limits and complexity must be implemented in an experimental
MouselabWeb design. Corresponding files that contain the programmed game tasks must be
connected to a datstorage systerkror such applicationslatabases are preferably applied since
they enable structured data storage with multiple parallel actéssbrowser executing the
experiment thus represents the frend, and the database on a network servertibnxas a
backend regarding the classicarchitecture of clienserver applications. The technical
implementatiorof this concept fothe experiment will be presented in Sectiofy Figure27 (p.

185). At this point, numerous technical solutions exidauselabWelprovides an irbuilt PHR

based SQtinterfacewhich is convenient to apply for tldjectivesof thistechnical approach

136 Touchpads are regarded as another common class of input devices that find application especially in mobile
computing devices such asartphones andablets Other input devices are not expected to occur within the
experiment (where participants provide the experimental equipment). It is thus the only input device besides the
computer mouse that is discussed here.
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9.3.1.4Data Preparation and Analysis

The data collected from the experiment strongly depends on the feedback design22

already sets out the data for accurate analysis of experimental performance. Following this, the
mouse event handlers provide this information in particular. It is therefore important to
implement these event handlers and connect them to the data stream through appropriate
functions. Table 19 (p. 117) lists the identified everthandlers. The followingSection 9.4
discusses further technical issues regarding their implementation when concretizing the

modification ofMouselabWelas frameworlsoftware and the resultirexperimenfiles.

One can principally execute the analysis of the experimental data with any data processing
software that provides capabilities to handle the amount of data and of course the type of data.
Because the informatiocollected is in numbers and string formats, this is not too difficult for
most conventional software progranis.is thus the availability and convenience in use that
determines the choice. For tbéjectivesof this researchiMicrosoft Excel(version 2Q0) and

Matlab in its latest available stable versigmamelyversiors R2014b, R2018b, andR2020a are
applied.

The targeted competition stylencluding rankings and success related incentives (see
Paragrapt.3.3.2for a detailed consideration) might cause an unwanted but for data analysis
necessary to be considered side effect: repeated pl&ange j@articipants want to improve their
rankings because ofambition, prestige or similar reasons. Repeated gasspecially when

facing the same game content, automatickdhd tolearning effects and thus could increase
performance Since repeated play is not a subject of investigation, this (technically feasible)
possibility is not explicitly referenced in the exipeent instructions.For the same reason,
specific participation data such as player name, IP address and time stamp of participation is

recorded to identify repeated attendargech datas then excluded from the analysis

9.3.2Content Aspects

The experimentaapproach considerthe results of Part | and 1l of thiseatise Therefore, the
game tasks used in the simulation are largely adopted for the experithese imply varying
complexity anditne limitation The lattemeeds a revisiosince in simulationt was modeled as
number of EIPsFor the experiment, time limits measure in seco@iker, mostly individual
aspects regarded as being influential in human deemgking, such as the state of emotion,
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mood, and beliefsare not studiedFor simplificaion, those aspectsare assumed to remain

individually constant throughotite experimemivhen applying this setup.

9.3.2.1Games and Payoff Structure

The game types in use here as well as their payoff setdfexedt levels of complexityare
selected analagisly to the simulation part of this research.Appendix B all game types are
depicted with their payoff setsT h e basic g a rawk-Dowed ,eChiakeid r e
Bt ackel ber @6 safhidie sod e e 5 & Dhis Bat is eomptemnented by foRrby 2
games suggested BostaGomes et al(2001, p.1203)

9.3.2.2Task Variables of the Experiment

Time pressurés designed varyingme limitation and complegy of the tasks as results from the
first parts of this treatisshow. Table 24 depicts the selection of parameteffie games in
normakform vary in size betweeB by 2and5 by 5alternatives. Each of the four mbers of
alternatives needs to be played by a subject at least once to gain a comprehensive dataset.

The simulation presented in the second part of tleatise comprises466 time limitation
instancesEIPsareused as time limit paramesefFor practicalreasonsthis is not possible in an
experiment:466 time limit instance would soon exceed any quantitative constraint of both
experimenter and participants. Also, setting a time limit in number of EIPs requires a
simultaneous measure appliedEIPs. Tha in turn, isdifficult to realize in technical terms and
thus difficult to control**’ For this reason, the time limitation is designed classiclftime

measured in seconds

The parameters are determiradlogouslyto the simulative approach. The egwrization of the
heur ipsotesstignd he f our sotna gdedsl adesair d ay st adoptedohere,
leading tofour rounds of different time limits. The corresponding restrictions are henceforth

labeled agsever@ 6 s t r, amaodgrétéanddneffectived respectively.

137 The analysis would messarily be implemented in the freemid to be executed in time. The source code for this is
quite complex and hence of notable size, markedly requiring working memory and processing time. That, in turn,
would make the application slow, imprecise (sirfoe participant is moving too fast for the execution of the script)
and hence inadequate for use.
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Very few studies offer references for time limitatiods discussed in Part | and in good
compliance with othestudie$®, time requirement ifurtherdirectly related tdhe concreteask.
Hence, it is recommendable to eehine the reference time limitations by {@ngeriments.
Among those studies following this method lisndner and Sutte(2013, p. 543, footnote 4)
Without further discussion, they choastheir limit as the timehat 15 % of the participants of
the preexperiments needed to come up with a decision a particular task. This seems

arbitrary™*° and notifferentiatedenough for the current study and is hence not followed.

TABLE 247 TREATMENT VARIABLES: TIME LIMIT AND COMPLEXITY IN THE
THREEEXPERIMENT SETUPS

Task no. Round Complexity Time limit
Thr sl 7 [s]

1 1 2x2 30 30
2 1 2x2 13 19
3 1 2x2 7 9

4 1 2x2 6 8

5 2 3x3 75 75
6 2 3x3 35 56
7 2 3x3 20 13
8 2 3x3 10 9

9 3 4x4 150 150
10 3 4x4 54 104
11 3 4x4 22 24
12 3 4x4 12 8

13 4 5x5 200 200
14 4 5x5 53 120
15 4 5x5 31 26
16 4 5x5 15 7

The approach selected in this treatise follotne concept of timelystagesderived from

simulation. Those are the O6constant phase6 wi

138 Also seeReutskaja et a(2011, p. 916) for argumentation.
139 Note thatLindner and Suttgf2013 are aiming to recognize a qualitative impact of time limitation on decision
making. The underlying cognitive mechanism is not subject to their study.
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with the stages 6 eraprebepting effettive tind linetatidi’a The timé | at e o
limit values for those stages atetermired from preexperimentsAbout 80 subjectstudents of
maaoeconomicsand already partly introduced gametheoreticprinciples, participated in the

pre-experimats. The procedure to determine the time limit values is as follows:

T I'n the &1 &gqudibrisnmthaugsticbusually tereninates. Thus, the mean time of
selected participants from pexperiments, who are instructed to play according to the
Equilibriumheuristic, is taken.

T A time | imit for the 6émiddle staged is der
pre-experiments.

T In the O6ear |l y shoastraegicheupstice fahishnttieinprooedureg. Among
those are the heuristi@ptimist andAltruist. Five participants from prexperiments were
instructed to play one of these two heuristics. The mean time they needed denotes the

time |imit in the O6early stageb.

The complete procedure to determine the time limits was conductex/doy game type and

level of complexity

9.3.2.3Time Display

People who become aware of a time limitation split their concentration between fulfilling their
actual task and monitoring the remaining timeZakay (1993, p.61) reports.In this context he
assumes an underlying cognitive process being responsible since no biological element could be
detected so far that monitors or "senses" time. If the time phase spans about seconds or a few
minutes, the estimation is quite precise. Any larger time phases need clocks to adequately
estimate the remaimg time (Zakay 1993, pp. 61 ff.)In opposiion to seeing and hearing, this
requiresactualconcentration. Moreover, as far as the remaining time is not made visibldye.g.,

a timel)), it appliescognitive resource$o anticipae the time left(Zakay 1993, p65). This

anticipation in turn reduces thhesourcegor the actual problemolving process.

Summarizingthose arguments, not showing the remaining time hasgative impact on the
decisionmaking process. Hence, implementing a time display seems reasonable, even though it

might be found less frequent in comparable real problem situations. Of course, a time display

140 CompareFigure6, p. 64.
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may share attention and hence resources,Smme one requires niime estimation but clear
recognition hergthis factshould be of minor influenceNickens 1981, pp. 36 f.; Payne et al.
1988, pp. 561 J.'*

9.3.3Design Aspects

Designing experiments in behavior research always leave the experimenter with numerous
options, addressing basic choices such as the form of conduct, subjects, and incentives to name a
few of the most prominent aspects. The particular choice then usually is a matter of two general
considerations: effectiveness and efficiency. In other wosdisch experimentmethods serve

best theobjectivesof the current examination under the constraint of economic reasons
Especially the latter fact seems essential enough that available solution concepts, conveniently
embedded in existing structurdsecome atactive and thus are frequently selected (among
others, seé€&snambs and Strassn{8007)andHenrich et al.(2010)for a discussion of selected
aspects) Speaking of the effectiveness, tlegjuireddataseseems the most cogent argument to
choose one option over another. This data set invasdiscussed already fBection9.2. As an
experimental environment, the softwavimuselabWelis selected, oithe one hand linking this
research approach to methods and results of relevant research studies. On the other hand, this
software provides all necessary means to conduch a behavioral experimentn&e the
software is quite flexible to modify, the gantasks and tasks variables can be embedded and
varied as well as the correct data types colle@ebsectior®.3.1addressethe technicalssues.

The reported concretizations are based on a pragmatic aresswecimprovement of design and
embedded parameter ranges by threeegperiment sessions. Those sessions especially helped

to determine time pressure parameters and experimental data that ought to be examined. Other
aspects, mostly of supportive natstech as contents of the introductory part, could be specified

as well.

141 Both aspect$ showing or hiding the remaining time in a tiimited taski have its reasonable implications in
real problem situations. Thus, it would be mefging to examine both vania in the same task environment and
compare results to evakgathe respective impact on decisimaking here. Nonetheless, for the reasons stated above
the author decided to show the remaining time.

167



9.3.3.1Subjects

The selection of subjects principally has a significant influence on the validity range of an
experiment's resultgzindings obtained by examining a homogeneous group ofcipanits in
relation to particular social aspects may not be universal but must be limited to their peer group.
However, many experimental behavioral studies are still confronted with time or financial
constraints and therefore rely on the easily accesarelargely homogeneous subject pool of
university students.That could profoundly influence the representativeness of the results
(Henrich et al. 2010, pp. 83 f§* Again, this fact is not often considered by the authors of the
experimental studies mentioned in this pag@esides employing the own (universiigsed)
subject pool, onlinddased recruiting networks such @RSEEhave been developed to support
organization ofa proper subject pool, as well as experimental scheduling, data pro\adithg

payment for participant&reiner 2004, p63).

This expeiment seeks general findings towardkecisionmaking under time pressure.
Conducting the experiment solely in German could restrict the potential attendees and, therefore,
jeopardize meeting the set objectivel®wever, in order to ensure a diverse cresstion of the
population, efforts are made to recruit participants from a range of online sources for thé study.

IS not possible to determine whether groups are sufficiently large to establish statistical
significance in a reliable manner until the clusion of the experiment. Therefore, it is essential

to assess the general applicability of the results following the experiment, as there is no

information available about the participants beforehand.

MouselabWeboffers the possibility of conducting beharal experiments with a standard
internet browse With a connection to thenternet, the participants could take part from
anywhere. In fact, this potentially expands the number of participants and their diversity
significantly. Even if the number of gacipants is potentiallyhigher than in laboratofipased
experiments, it is a matter of a proper acquisition concept to realize this advantage. Nevertheless,
the particular quantity remains unclearaxe as long as one canrprovide a (realistic) limit

Hereby, the statistical analysis especially the confidence levélis determined eyost, in

142 The authors give a probleoentered introduction into the phenomenon of standard subjects in experimental
behavior science and its potential impacts on various presented results. After analyzing more than a hundred
psychological studies, they conclude that the typioalceptionof human behavior is basically the image of a white
American psychology student's behavidlowever, the authors generally acknowledge the difficulty to find
appropriate, diverse subjects for experiment.
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contrary to common laboratory experiments where the argumentation usually is the other way

around'*®

A subject qualifies to participate in the experiment tinderstands the tasks and interacts with
the experiment environmeri¥lotivation and attitude of a participatdwards the experiment is

not tested. However, one can widely allege them as fundamentally sympathetic, coafident
eager to be productive si@ participation in the experiment is voluntary. The object of the
investigation, as well as compensation arrangements for the parbigipapenses, isxplained

as early as in the introduction part of the experimienthis way the author wants to exde a
disappointment of the expectations regarding the expeririarice, participation is intrinsic
motivated. However, the actual reasons for attending remain unclear for the experimenter.
Moreover, this derivation is in line with the findings @britz (2006, pp. 65 f.) That, in turn,

would reduce theeed for monetary incentives which are discussed in the folloparagraph

Of course, one has to consider approprétgonsto compensate for the accompanying loss of
control in an online experiment. This consideration includes that data analysisendesigned
appropriately to identify undesired behavior atistinguish betweethe variety of players who

meet the requirements as mentioned earlier and those who do not.

One can meet the concerns mentioned above for instance by providing a propectiotmodu
section including a questionnaire to collect social data from the participants and a training session
(seeParagraplf.3.3.9. Individualization of information and consequent data monitoring can
encounterunintended repeated participation (dearagraph9.3.1.9. After identifying those

unusabledataset, one can easily exclude them from consideration.

9.3.3.2Incentives

As for any experimenter who needs to rely on eimgirdata forhis investigation, the declared

objectiveis to

9 attract the highest number possible of subjects,

1 who optimally complete the whole experimeand

143 Even though the scheduled quantity varies in reality, the number of participants in labbastedyexperiments
is principally plannableWith this, the targeted confidence level determines mostly the number of subjects for an
experiment.
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1 whogenerate useful data.

These threbjectivescan be achieved with or at least supportednogntives(Tversky and
Kahneman 1986, ®274) When planning an online experiment, designing participation
incentives for potential volunteers is an essential issue that the experimenter must cbneider.
answerto that questioriundanentaly impacs the acquisitiorand motivationof participants in

the experimentAppropriate means accounted in this stady specified in the following.

Retention Rate

The number oparticipantsand theretentionrate*** in experimentsvhich expect mor¢han one

adion from a participanbeed to be considered separately. Based on experiences, the number of
volunteers in online experiments is expectedé¢creaswith the ongoing procedure. The reasons

for that arevaried but regarded as influenceable up & certain degreby incentives. Inthe
present multround experimentlata is necessary from every stage to draw a proper conclusion

concerninghypothesis testg and classifying behavior

Since these rounds are applied sequentially, with principadiyeasing difficulty from game to
game and from round to round, the interest in completing the experiment might deédiee.
experiment is terminated prematurely, the data for the subsequent tasks are missing for the

evaluation.

The expeences from tw preexperimensessions with tasks comparable in design and difficulty

at HelmutSchmidtUniversity in late 2013 and early 2014 are helpful to evaluate the expectable
retentionrate in the context of the present experiment. In the first sessions, staddracademic

staff were asked via email (universityde mailing list) to participate in a study. No incentives
were given. Of those roughly 3000 potential subjects 114 started the first round. Of those, 86 also
began the second and 49 the third roundalfy, 41 finished the whole procedure. That gives a
total retentionrate of about 386 measured from the beginning to the end with a nmetantion

rate of about 720 from round to round.

In the second session, about 50 undergraduates of a macroecomonnse were advised to

fulfill the tasks as an exercise befamexam. As in the first session, no incentives were given.

144 Theretentionrate in the meaning here is the ratio of the number of participants ending one round of experiment
and the number of participants begirmite same round. The result is a real number from the interval [0,1], with a
ratio of 10 being the optimal case of all participants finishingpund
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Ten students participated and began the first round. Of those, eight ended the whole session
resulting in a mearetentionrate of80 % over the four rounds, losing one subject after the first

and one after the second rourieiven though the second session in particular has too few
participants to evaluate the numbers statistically, two aspects are worth menfiiostingne can

find the highestretentionrate for both sessions between the third and the last round. In other
words, whoever endures up to the third round is likely to keep up. Second, the resonance
regarding this topic seems not overwhelming. Even at a course that altindpals with the

topic 6 g a-ttmemretic decisionma k i, nvgryy few participants could be attracted. This
circumstance emphasizes the question for a proper incentive to at least begin the experimental

session.

In the case o&nonline experimentno or justa few persondiiesto persons or institutions exist

that could motivate participants through a feeling of personal obligdtigh this, e personal
commitment to ending the tasks supposablylower than in the universithased session
Incentives ee thusproposedo compensate for this aspethe net result of those two competing
influential aspects is difficult to evaluate. It is thus the more conservative case expectad,

lower retentionrate for the online experiment than experiencetienuniversitybased case. That,

in turn, has a direct impact on both incentives design and the number of internet sources that need

to be acquired to activate a proper number of participants.

Data Quality

The collected data features are generally detexdrexente through the technical procedure and

the requirements of the experimenter. Their concretization ithéasedon the actions of the
subjects. Defining a data error as an undesirable devixboma (previously defined¥tate or

valug both of theareas stated above are potential reasons for errors. Hence, the experimental
design must be adapted to hotth avoid mistakes antb recognize flaws. While errors in the
technical procedure can be minimized to noise by the experimenter, this possibifitited in

the field of a subject's behavior. Since the participants’' behavior is treated as variable under
investigation, total control is impossible and not appropriate. At this point, the author identifies

the incentive design as a significant factor

Following the other reflections, incentives could support generating appropriate data to a large

extent. Hence, its design for the current experiment neses$ul considerationConcerningan

171



appropriate incentive structure, economic and psychologgakerimenters follow diverse,
sometimes even opposing approaches base@d timdamentally different concept of man.
Economists see monetary incentives, or at least equivalent valuable benefits, as the main
motivation for participating in an experiment acohtinuing retentior(Musch and Reips 2000;
Goritz 2006)*> By contrast, psychologists often assume that stbjare cooperatively and

intrinsically motivated and therefore prefer curiosity as a m@¢@amerer 1995, [%35).

In case ofanonline experimentthe partici@tion olstacle is significantly lower:either location

nor scheduling is aritical problem here. Due to high availability and low costs of the internet,
the remaining relevant factor of effort for a participant is time. This effort, of course, neegls to b
rewarded. By conducting online experiments, one can expect more signfarapte size®f
volunteers. A purely monetary incentive as usually paid in laboratasgd experinmmes could

thus become quite expsive, easily exceeding the author's resedmetiget. Of course, the
payment procedure could be a technical and organizational hur@eéris (2006) remarks but

in time of increasing web payment applications, this seems a minor problem. Another finding of
her is even more worth to considshe reportshat monetary incentives in onliexperimentre

not as convincingly effective as in "offline" studigSoritz examines the effect of monetary
incentives on binding participants and comes to a soberiny.r&€be willingness to participate
when monetary incentives are rewarded is just slightly higher compared to the one without
(+ 2.8%). Theretentionrate is nevertheless increased by%.256ritz 2006, p65). Considering

the expectable benefit of providing monetary incentives in an experiment, tHeeoesit ratio
seems unattractively laiHowever, since it is aupporting element, it should not be ruled out per

Se.

145 To attract a satisfying number of volunteers for their laboratory tests, economic experimenters oféerda
sufficiently high participation incentive. As an incentive, they usually pay an allowance as base fee and a different
successelated part potentially ensuring motivation and adequate behavior (i.e., behaving in good compliance to the
experimenis targets and obeying the rules given by the experime@enych(1993, p.62) reports a 24%-effect of
monetary incentives on the resgpe rate in emaltbased surveysyu and Coopef1983, pp. 39 f). found similar

figures in an earlier survey of studies dealing with questioatasks.Additionally, the relationship, even though

not always linear, is observable between rising amount of incentives and rising resporiée aaitg Cooper 1983;
Church 1993; Singer et al.999. Note that even if tasks are entirely different between studies stated here
(questionnaire/survey) and this r e a tpurmose 6 (behavioral experiment)he preconditions for acquiring
participants arequite alike: all studies need to find a way tttract people to respond in either answering a
questionnaire or taking part in an online experiment. As will be shown later, thestijmieedwhen participating in

the experiment is comparable to usual online surveys. The distinctions in tasks areebardedras irrelevant and

the results of aboveited studies useable here, too.
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Other approaches of increasing participatmmmbersin webbased studies are proposed by
Dillman (2011) who focusses on individuakd requests or calls for entries as an appeal to
altruistic motives. Unfortunately, he gives no evidence of effectiveness or any quantitative effects
here. Again, the expected effort is in no reasonable relation to the benefit. A general call for
participation an experimenter could state in different networks and on websites is less effort

intensive and hence seems advantageous here.

A more promifng alternative to the monetabased incentive located between the psychological
and the economic approach megents the creation of a competitive situation between
participants. Thestrive for prestige and rank positions wheomparingwith others formsi
especially for many game situatioina strong incentivet is thus drequently applied element in
all sots of gamed*® The prospect of openly published performabesed rankings, when
communicated prior thexperimentcan be a simple but effective meanf binding participants.
The publication has another beneficial seffect: Russo et al(1989, p.765) report thatsubjects
generally behave more according to the experimenter's intention whertitims délcey take face
publicity. It should, thezfore, be applied here. Its application seems inherent sinagathe
theoretictasks examined are ofioncooperativeharacteristic. Of course, curiosity still triggers
attendance and might be important throughout the whole experiment. A proper descaption
support this issue in turn but mainly depends on numerous othetohiaftlence aspects on the

intrinsic motivation(Camerer 1995, 35).

Summarizing tk points stated, participatiorgtentionand data quality in the presestperiment

Is supported by creating and comnuating a competition situatiowhere the players earn a
prize depending on their overall performané&@nishing the experimentis also grantedto
strengthen the will to terminaté\ lottery represents this grant, where all subjects who finish the
whole experimentprocedure participate. The prizes are presented as vouchers of different values

for aninternetbased bookstoré’

146 Schell (2008, p.186) for example characterigecompetition as a proper way to satisfy the human urge of
determining vino is most skilled in something

147 The Association of FriermlandSupporterof the Helmut Schmidt UniversityUniversity of the German Armed
Forces Hamburg e. Vas the sponsoring society of the univerkitdly funded the book vouchers

173



9.3.3.3Questionnare

The questionnaire is used to investigate possible correlations between social attributes of the
participants and their performance in the experimigatform is divided into three sections,
asking the participants faomepersonrelateddetails, edud#on and current occupatiofiable

25 provides an overview of directly and indirectly addressed criteria.

TABLE 257 QUESTIONNAIRE CRITERA

Directly asked Technically assessed/
automatically supervised

Username playername) ID (unique)

Age IP address

Sex Browseruseragentinformation

(highest)educationaldegree Expeaimentversion

Educationaprofessior*® Playertype fow/ column)

Education ingametheory (yes/no)

Job

Job status (for soldiers only)
Foreign assignmertin days)

Besides standard interests such as age, sex, and educational details some questions are stated
concerning thep a r t i cekpprences swiih strategic tasks in general and with the solution
concepts of game theony particular Due to its specific characteristic, the experimental tasks are
likely to be new to many of thegarticipans. It is further unclear whether thppssessgenuin®

solution concepts in their problesolving portfolio. Hence, the participanesxperiences with

such tasks are addressed, too by asking for visited courses in game theory during education.
Besides, the questionnaire considers the military background including possible experiences in
foreign assignmentsas one social aspect to bediad Appendix Dprovides a screenshot of the
guestionnaire. In addition to the questionnaire, the experimenter monitors some technical data.
The participant is asked to choose an individual name toekpleriment data to a specifitest

person At the same time, a user's IP address is recorded to identify unintended repeated
participation effectively. For reasons in context with data interpretatioaxgperimentsoftware

also collects browseand operating sysminformation This way, it can be determinedhethera

148| e. current or finishedpprenticeship, training, course of study
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participant employeca mobile device or &C. Furthermorethe online sources from which

participants call the experiment are evaluated by determining the link address.

9.3.3.4Variation of Task Setup

The gpropriate processing of acquired informatisnbasedon two verifiable assumptions as
CostaGomes et al(2001, p.1210)andWillemsen and Johnsq2011, p.24) state*® Those are

0 acurrencéand o djacencyd The former postulates that information must be visible before one
can use it.CostaGomes et al.(2001) hence coverup all data at the beginningof their
experimental design>® A player couldrevealit by clicking on the cover. The experimenter
monitorst he i n f occconarice y megosding this click and the time the information is
visible before the cell covers up again. Adjacency postulates that information gathering ts almos
equal toits use. The experimenter can record adjacency along with occurrence. Bothlgsincip
arelogical and also relevant here. Thaethus considered in the discussion of the experimental
design to ensure the validity of the acquired informatiahthrir interpretation.

The application mentioned above in the studZostaGomes et al2001)is just one omultiple
possibilities here to link information’s visibility to a subject's attention. In the spirit of their study,
the current experiment applies more versions of task presentdgogewith,one can adequately
evaluate the influence of the experimental design. At the beginning of the experiment, the
versions are randomly assigned to the subjects. A single participant sticks to one version during

the whole session. This treatment shall prevent subjects' confusion.

The adjacencyassumption is weaker than tleecurrenceassumption requiring justalmost
equality betweeracquired and processadformation. Indeed, the subjects might use more
information than is stated in the experiment by employing experiences amdedige when
processing the task. The use of supplementary informatidiffisult to control. Some authors
thustry to evaluate this influence by an intensive questioning of the participants prior, post and

even parallel to the task solving proced(eicsson and Moxley 2011Bince this method is

149 Both paradigms already play an essential role in the interpretation metric developed in this trebssei¢s
8.3.9.

150 For comparison of results, they applied a secexuerimental settingn which they let hheir control group play

with uncovered payoff informatiolCostaGomes et al(2001, p.1202 report in this context of certain difficulties to
monitor occurrence with thisettingand hence dised this version for their analysisf information search and
processing patternglowever, they used the decision information obtained from this setting for studying decision
making.

175



likely to have a negative impact on the performance by disturbing the cognitive pibcesst

followed hereBesidesthis method raisesometechnicalconcerns regarding its realization, 100

Another argumentative approach is to minimize the influence by employing tasks that are likely
to be solved by methodology and probisolving skills rather than purely remembeyithe
correct answer. Numerical problems such as the class of ntomalgames indeed are of this
characteristic. Especially when changing the payadfues (by linear transformation for
example), the probability atcognitionfor the concrete problens iexpected to be vetgw. Its

solution is thus relying on the skills as mentioned earlier and the stated information.

Taking those arguments togethieis worth defining different experimental setup$is way,the
influence of the design odecisionmaking can be identified bystudying various forms of

recordingoccurrence.

Besides this, one can generally assume adjacency when fformafjames are in use. The
experimental design supports adjacency by suppressing learning éfifjett® means. First,

game types (represented by different structures of the payoff matrix) are varied. Second, in tasks
of identical game types, the underlying basic payoff matrix is multiplied witbséive integer

In the following, three setups are presented whrehappkdin theexperiment

As stated above, the experiment contains three different setups, in the following referred to as
versionsw, w, and w. A subject playsone of the threeversiors when participating. As
mentioned earlier, an automatedgess randomly assigns subjects to a specific version after
receivingthe questionnaire. With this, each version is played by abouthindeof all subjects.
Experimental tasks, as well as instructions amirmation pagesare versiorspecifially
adapéed.

The main difference between the versions is the way the subjects can technically access the
payoff information.The versionw works in analogy to the version GbstaGomes et al(2001)

and wth a few deviations taJohnson et al(1989) and Willemsen and Johnso(2011) All
information is covered at the beginning. The participantrezralone cell after another. At a

time only a single cell of the payoff matrix che uncovered

The versiongv andw are variationsof this approachThe versionw also starts with hidden

information.However, itrelaxes the policy of strict singulgropened information to a level that

each cell of the payoff matrix can be covered and uncovered independérglywersbn w
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instead starts with uncovered information anthisssimilar to theé o p e nverbianaf €osta
Gomes et al(2001)™* The main difference additionally implemented here is that cells can be

closed and reopened independently.

Nevertheless, two aspects are to be mentioned to support the approaahegs by pointing to

the differencesn comparisorto the discarded approach@bstaGomes et al(2001) first, these
authors use matrix sizes of up to 24ywhereas in this experiment complexitiessaby 5are
reached. Prexperimentsshowthat themouse usagetensifies with growing complexity. The
author asumes that the pointer becomes a critical asset as a viewing and concentration aid when
the number of cells is increasing. This circumstance has a positive effect on both, time spent in
matrix area and duration time per c&kcond,CostaGomes et al(2001) have notasked their
participantdn their introductiorto usethe mouse for information acquisition and processiAg.

a result,subjects reduce mouseovementdo choiceselection and task finishing exclusively in

t he O6o0pen HGostaGones e alt2604,nP02) In this treatise the experimenter
explicitly recommendsnouseusefor information acquisition and processiimgthe introductory

partof the experiment

For all three versionso ecurrencé and O djacency are monitored employing the mouse
movement tracking concept proposed in Pladf lthis paper. Thigppro&h enables comparison

with the approactof CostaGomes et al(2001) by comparing the findings o and w with
thoseof w. Besides, it is possible to test the two refined versions in the context of -a well
established approacfthese results are applied to verify timerpretationconcept mentioned
above.Table 26 provides more details regarding those properties described as well as some

additions.

51 The authorgeportedfrom poor mouse usagi connection with this veion (CostaGomes etl. 2001, p1202
and thus could not study information search and processing whtbeitfootnoté 50, p. 169 of this treatise.
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TABLE 267 COMPARISON OF EXPERMENTAL VERSIONS

VersionY T T T Costa-Gomes

Attribute Z et al.

Gametypes (and Identical betwee T @ ; at a complexity of 2x2 alsc Partly identical

payoff structure) identical to Costasomes et al.

Time limitation Identical tow Generally Identical tow No time limit

shorter tharm

Complexity Identical (natrix size of 2x2 5x5) 2x271 4x2

Task Chose single Eliminate Chose single Chose single
strategy strategies strategy strategy

Payoffmatrix

- shape - quadratic -identical tow - identicaltow -¢& bya

- content -own & -identical tow - identical tow - own &
opponen opponen
payoff payoff
combined in separated in twc
one matrix matrices

Content vsibility

in payoff matrix

- at the beginning - closed - open - closd - closed
-atatime - any cell - any cell - one cell - one cell

9.3.3.5Supporting Aspects

The development othe experimenfrimarily focusses on data generation as stated earlier.
Having enough qualifiedapticipantsis crucial for determining significance of the findings and
thus for thesuccess of this studyt is hence necessary to attract enough volunteers and to bind
them to the experiment for the whole session, if possible. Various forms of incewgves
discussed earlier already. Besides, literature reports of more, mostlyrsdesign aspestto
support the objectives as mentionedearler. Everything that increases motivation and
maintenance withousignificantly changing the intention of this research or decreasing data
quality is highly appreciated and hence considered. \ttiéh'Framing Effect’ and the 'Halo
Effect’, Kahneman mentions two such irten-changing design effecisne needs to consider

when developing an experimgitahneman 2012)

Tversky and Kahneman initially reported the 'Framing Effdttdescribes the influence of a

task's formulation ondecisionmaking (Tversky and Kahneman 1981, pp. 457. fIheir
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description explitly contains the concretely selected information stated together with the task.
The literature suggestpecific prevention means to avoid unintended consequences from this
effect (Tversky and Khneman 1986, pp. 5270 ff.This experiment's design fully covers those
means. They are presented in the following:

1 formulate the objectives of the task as neutrally as possible by avoiding
judgmental attributes,

1 balance the given information to prevéaoring a particular view or attitude, and
finally

1 use anonmonetary payoff unit to avoid associations with real gains and losses
which could evoke risk attitudeelated behavior. In case of this experiment, the
payoff unit is hence declared @®intd This measure also supports that the focus
of the participants lies on the competition, rather thaneaming (or losing)

money.

The termdalo Effecbis primarily coined byNisbett and Wilsor§1977b)for decision behavioral
observationslt describes the attentiagrabbing influence of visual stimuli that causes neglecting
other information given in theootext of a decision task. It ssiggestedo design equally valued
information (regarding their importance) uniformly to avoid such unintended influence. That
affects color, form, and position of tiredividual elements on thexperimens taskwebpags. In

the light of those effects, one can evaluate the other design element proposals as follows.

The interaction aspect is strengthened by the dynamic, brdased see & click concept with
various actions required over the whebgperimentprocess. The halfing is designed as easy as

possible and does undoubtedly meet ordinary internet users' experiences.

In the same spirit, the author implements the following interactive fetdutae display otthe

payoff matrix. One can increase the attractivenesaofse usagby combining visual features

with it. A conventional method is to change the contents or at least the contents style when
interacting with the mouse pointer. In the case of the current experiment, the content is made to
appear bold and bigger ey time the mouse pointentersa matrix cell, supporting the
visualization of the payoffs and stimulating tim®use usagerhen focussing one's interest on a

particular area.
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Introduction part

The introduction is aomparativelyimportant part of theexperiment Its function is manifold

here. At first, it should raise and maintain attention, already beginning with the initial page. One

can achieve this intention by presenting proper contents, such as an -ca&rbsty detail

related to theexperimentor prospect of incentives. Of course, the facts stated on the first page
should inform about what can be expected indkperiment too. It is regardeds helpful to

increase the number of participants and reduce the-teanhynation rate at the same tirbg

merely presenting the expectable duration of @kperimentprocess(Musch and Reips 2000,

p. 19). Also, it could give a motivational aspect, emphasizingadicipandb s cont rthebut i or

whole project.

A guestionnaire succeeds the homepage. On a single screen, the visitors are asked to answer a
couple of questions regarding their person, education, and job. For more details see
Paragrapt®.3.3.3 Instructiondollow in this form. Thg contain an informationgdartand a short

test of understanding.h€ full text of the instructions the participants have to screen before the
experiment beging given inAppendix Dof this treatise The content of the informational part

relates to the information given at the starting page but provides more details. Especially the

experiment proceduiie emphasized here.

Additionally, the last instruction page refeio four facultative seens subsumed under the label
dipsd The tips contain further information about game theory in generabmtite underlying

idea of the fundamental solution concept, without giving a detailed procedure. Moreover, the
participantsare informed about what happens when no action is taken (payoff equals zero) and
that they can solve all tasks with basic arithmetic operations.

A shorttestsucceeds the informational part to guarantee a minimum of understanding. It contains
two questios of comprehension which are equal for all participants. The first question addresses
the payoff generation and the concept of optimality. This question ensures that the subjects
understand which cell entry of the payoff matrix belongs to which playerddéshe subjects

are informed once more that the optimality criterion is equal to the maximization of payoff. The
second question deals with the time constraiiite participants arasked to identify the
remaining time displayed, again layirtge focus on the time limitation of the tasks and

addressing the timeds measuring unit. Two sc
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guestions. After going through this litttest the participants finish thénstruction part, having

visited four obligatoy screens in total.

The instruction is succeeded by a first pause screen where the sohjeaest,and start the
experiment when feeling readlyor the same reason, this pause screen appears after every four
completed taskdt appears a total of fotimes in the experiment.

Another design element regarded as baingcessful in maintainingttention but less frequently
combinable with the general int®n of a scientific experiments the fun factor. People are
generally attracted by games, investinge and sometimes even monetary resources to play.
Thus, having a good time playing would be incentive enough.eXperimenthere cannot fully

adopt a computer game design. However, the experiment design can consider particular aspects.
Schell (2008) discusses twelve determinamtsbe considereth the development and design of
exciting and attractive games. Although his baokiming at computer game developers, many

of the variablegnentionedare generally influencing for games and might be of use in this case,
too. Especially the motivational variables are regarded as particularly relevant in the context of
this study. Amog these, the author identifies the following seven aspects that effectively
influence the experimental desitnvarious degreesfairnes§ d_uck vs. Ability § (Reward and
Feedbac& &implicity vs. ComplexitygdRel evance of d&andd@hdlengesvs. Deci s |
Achievemenh Those factors are raised in the context of computer game design and not for
experiments. They thus need to be regarded as recommendatignghe following discussion

considers the aspects' implementation in more detail.

Fairness

The concept of fairness in this context reflects the equality between the players to be able to
achieve success. The present study guarantees this intention by balancing the payoff structure of
the games so that aparticipantcould generate the same oa payoff, regardless of the game

type combination or playegperspective(row or column) played. The subjects have hence the
same chances to win the rankings. Further, the level of difficulty is rising with each round played.
Since this represents thenoept of theexperimentevery player faces the samhegel of difficulty

when participating and is in so far treated equally.

Whether the tasks are fair in the sense of being individually solvable, needs to remain undecided.
It is the objectiveof the experimentto examine the subjects’ problesalving ability under time
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pressure. Of course, one can expect that people perform differently here. Hence, tihevedsks'

of difficulty is not a valid aspect regarding fairness.

Luck and Ability

One can use thenfluence of this aspect for classifying games. On one side of the scale reside
games where the outcome heavily depending on chancehe other side represents games
where skills and knowledge aceitical. In between, there are games of virtually anykhble
variation. Most classic games show elements of both in varying combinations since this is
uniqudy attractve to people. In theexperiment the payoff is also determined by both. On one
hand, the player faces the hdodpredictable, mainly unforesable opponent's behavior and on

the other can influence the outcome by its own choice. Jdmsetheoreticcharacteristigs also
relevantt or t he as pReatevance 6f Playér$ Recididisohall (2608, p.181)further
mentions the point thabWw-risk decisions are associated with low income and high risks with
high income. This riskelated payoff can be found in tlexperiment too. Nonetheless, this
function is reduced to choice (where a subject can generate positive and sometimes negative

payoffs) and no choice (with a payoff equal to zero) and is hence very limited.

Feedback and Reward

Brehmer (1992, p.234) for example mentioned that feedbadklay could have a negative
influence on participants performanc. consequence of immediate feedback is a potential
change in behavior when the outcome in orsk @ not satisfactory allellers et al.(1992,

p. 331)find for anonstrategi¢ risky decisioamaking context. That, in turn, supports the critical
suggestion that no immediate feedback potentially means no change of behavior through learning
effects. The study afostaGomes et al2001, p.1198)explicitly addressethe feedbackaspect

The authorspurposelyabandon direct feedback, arguing with the intention to minimize the
influence of learning effects on the results. They design their experimeat laboratory
environment and hencetain the clinical control about the subjects to compensate the missing of
positive impacts on motivation. The motivation is monitored and influenced by both interaction
with experimental staff and the prospect ofpant after the end of trexperimentHereby,the

experimenters keep their termination rate at a moderate level.

As mentioned already, the intended onlioen of the currenexperimentllows no such clinical

control and thus needs to rely on alternatimeans.Immediate feedback is technically not
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possible here (see footndl&87). For the reasons stated above, it is not preferred in this context.
Therefore, alternative methods are employed to inform panitspaf their goal achievement
after the experimental sessibfi. Already mentioned in the introduction, participants are notified
that performance results will be published in the form of a ranking after a brief data analysis
period™3. This presentation meth is also used for distributing incentives.

The reward is both materially and immaterially organizddiscussed irParagraphd.3.3.2

Besides bookstore vouchers, partly distributed via a lottery, a rardpngsents the performance

in both ranks and absoluteimbes of success. The procedure of determining the ranks is made
transparently by the explanation in the introduction. This transparency also adds to the aspects of

drairneséand®Relevance of PlayeBecisiora

The experimental setup also includes a possibility for participants to give feedback to the
experimenter during the whole process. Bxperimenteiprovides contact information (email
address and social media links) in the footer of the expetsnwebpages. This statement is
combined witha request to contact the experimeniar case of problemsrequests, and

suggestions in conterf the experiment.

Options concerning Manipulation and Countermeasures

Besides raising the attractiveness ofdhéne experiment for potentighlrticipans, one needs to
consider the security issue with great caution. Since private information and monetary values are
handled, the online activity could principally come into the focus of bogus intentions. Thus,
speific measures need tocounter vulnerability. Of course, the thtdavel requires a realistic

evaluation.

This experimentprincipally faces manipulation thresa since it is online available and offers
valuable monetary vouchers. However, it handles miatures which are moreover unknown to a
potential user before trexperimentAlso, the range of online distribution is limited to a handful

of websites and some social communities. A manipulation out of economic reasons seems thus

152 Note that the experimental session describeithis treatise is comparably short, just lasting minutes rather than
hours which for exampl€ostaGomes et al(2001) assess for their experiment. The motivation is thus more likely

to remain without further external control throughout the experimpntakess However, the influence of incentives

is still regarded as very héip to increase thestentionrate.

153 The length of the period is not further concretized in the introduction. It took the author about two weeks to
generate the feedbaokormation of therankings.
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not very likely. Also, tle data collected in thexperimentprocedure is too specific to be
attractive for any commercial use on the one hand. On the other, the private data is not specific
enough for fraudntended use. Following this argumentation, the level ofitteatseemdow to

moderate.

Nonetheless, the experiment provides specific security measures. At first, the IP of any user is
monitored, making repeated participation transparent. If someone intends to manipulate or
illegally collect data from the experiment, the utter either faces a password secured barrier to
the databaseserver in the backnd. Alternatively, a data phishing approach could try to collect
data in time by providing a website similar to the experiment site with malicious intention.
However, no suclphishing site was observed during #veperimentprocess. Of course, well

versed people could overcome those technical obstacles to access the private data.

The vouchers are handed out after evaluation of the test datambyl eonversation with the
winner. The server has not stored coupon data associated with the experimental data. It is
therefore impossible to steal the data in this way

9.4 Technical Implementation ofthe Experiment

A set of design aspects has been identified and discussed in the predoos. Shese issues
find application in a particulaexperimentenvironment. As stated earlidvlouselabWelbuilds
the technical framework. It employs the process tratehique mouse trackin@Kiuihberger et
al. 2011, p4). The software in its recent version is a digital toolkit developedrtzyJE Johnson
and Martijn C. Willemsen that supports the design of decisiaking experimentéWillemsen
and Johnson 2011, pp. 26 ffl) records a subjegenerated mouse event data strelat helps

to examine the underlying cognitive procesdéeisionmaking

After determining the developmesrivironment withMouselabWehit seems appropriate to use
the intendedexperimental approaclas a template for further discussion of the technical

implementation. This way, every a priori identified aspgecbnsidered ira logicalstructure

Tools of Experimentation

Access to the experiment is manadpgdinks that are presented in different social networks and
embedded in certain websites. Addiadly, links arespread by specifianiversity-based mailing

lists. The links can be analyzed regarding their calling origins. Technically, this is realized by
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creating an experimental homepage for each starting point where a link is embeddsallifidne
homepage further sends its ID via cookiéso the next page where it is stored using HTML

form elements.

As a programming language, HTML is used throughout the experiment design, allowing the use
of standard web browserdavaScript realizes interactiom&tween players and gamd3HP

scripts allow the transfer of collected information from the browser to the central data Ebever.
server provides a SQtlatabase for each variation of the task setup $sdparagrapi.3.2.3.3

for further considerationslrigure27 shows the corresponding file architecture.

The introductory pages are conventionally linked together by buttons that contain the uniform
resource locator (RL = web address) of theuccessopage. Questionnaire andformation
pages provide form elements and JavaScript functions to either store data for later migration to a

server or to interact with subject

FIGURE277FILE ARCHITECTUREOF THE EXPERIMENT

Timer:| 28 sec | |

Online experiment

extract
i by script

Server Data table

% This requires the (implicitpermissionof the partigbants to use cookies throughout the experiment process. All
subjects are informed about the use of cookies in the footnote on the homepage.
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As mentioned earlierMouselabWeln its basic version does not provide all functionalities
necessary to track mouse movement behavior comprehensively. The task files it creates are thus
serving as templates which need to be anbd. A program henceforth callédsomaticgame
taskdesigned™°> adds missing functionalitie¥his softwareapplicationis exclusively developed

for this experimentand employs€Excelas frontend and VBA as backnd. Figure 28 gives an

impression of the frarend depicting parametentryfields.**®

FIGURE287 AUTOMATIC GAME TASK DESIGNER: FRONTEND

Experiment Analysis

Game (strategies|players |timeftask |other variables|  |No. |random time limit? Sheet Exp- |time limits
ins V[D|P|R| S| Wi|files | game type files|2x2 3x3 4x4 5x5
Battle of 5 2 150 1) 1] 3] 2| 4] 2| 4|nein ja 4130 75 150 200
13 35 54 53
row view 0 0 0 0| of0 eate 7 20 22 31
0 0 0 0| 0/0 experiment 6 10 12 15
0 0 0 0] 0[O0

random number

file 1 19
column 0 0 0 o| oflo file 2 66|
view 0 0 0 o oo file 3 14|

0 0 0 0f 0/0 reset all file 4 98
contents

feedback

The frontend enables the experimenter to fully determine tasks variables for a gdrgarae
type, as well as some content and organizational variabiése 27 presents the modification

range of the program.

The automatic game task desigrerpports the experimental design favored and appligllisn
research. It enables task designs that utilize a given set of game types, including their related
payoff matricesTask setup variationgdifferent from the one presented here atsobe realized

with the automatic game task designéfter determiniig the task design with its various
parameters, the corresponding experiraefiles are coded automatically and are readyo¢o

usd in the experiment proposed here.

Employing this program has at ledltee significant advantagestst, all files are othe same

design and same quality. If the setup changes, it can quickly be realizeddgamalltasKiles,

155 Further documentation of treatomaticgametaskdesigner(in German) is available with the software and part of
the overall documentation of the experiment.
1% Thedocumentation of thautomatic game task desigrismwritten inGerman.
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making thespeedof creation and adaption the second advantage. Finally, modification of the
MouselabWelfiles, as well as the enhanced ones,aagparent and hence replicable. With slight
modifications, other setups with comparablgectivesare easy to implement and fast to use for

experimentation

TABLE 2717 MODIFICATION RANGE OF AUTOMATIC GAME TASK DESIGNER

Parameter Value

Game type Random or one of the set: Prisoner's
Dilemma, Chicken Game, Throwing Finger:
Stackelberg's Leadership, Hallove Game,
Battle of Sexes

Number of strategies 215

Number of players 1i 2

Time limit yes/ no

Time limit value positive ationd
Number of tasks per round positive ratural
Number of rounds positive ratural

Specifications of rational
Dilemma and HawdDove Game

The sixteen task files per experimental session are granfzetbur in a predefined order, it

each group forming one round out of four. A subsequent pause page separates the first three
rounds; a final page follows the last round. All pages are linked together by calling the URL of
the nextpage when the current task ends a subject clicks agpticularé s u bbuttoh When

arriving on the final page, a JavaScript module creates and displayque code with which the
enduring players can take part in a lottery. Those codes are a combination of random numbers
and the time stamp of the momeéie player endethe last task. The player/codembination is

stored via a fornfile into a separate table within the server database.

Besides introductory files, pause and final fil@sd automatically generated task files, others are
coded that contaifunctionalities for interaction and controlling the data stream to the central
experimenserver. Those interaction files are embedded into all task files and serve as a library of
functions. This centralization of contents ke#pe allocating task files1 a reasonable size and

thus betters the overall time performance of the application.
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The experimentfiles contain several form elements (especially the questionnaire) and mouse
event triggered functions that call the interaction files codethiaScpt. The interaction files
contain form elements to gather and store .daktds data ismigratedin a further stego the
database. Here, every single task started by a subject is automatically assigned an own ID.
Herewith, experimental data link to correspding players. Together with the information from

the questionnaire, a comprehensive analysis of a single subject's performance is possible.

A universityowned server hosts adixperimentfiles mentioned as well as a S@atabase to

store the experimentth.

This chapter introduced the design and the execution of the degisking experiment that
acquires behavioral data to study cognitive processes in strategic tasks. Results of this
experiment, especially the classification of behavioral patternsprasented in the following

chapter.
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10 Resultsfrom Experimentation

This chapter is dedicated to comprehensively illustrate the data gathered from the experiment,
online conductedluring the period Oaber6 to Nowemberll in 2014. The focus lies on data

analysis helping to answer the central research questions raisglbipterl.2

(1 What behavioral pattemsin the cognitive processes can be distinguished and how can

they be classified?

(IV) How does tine pressure affect behavior on a proesmsiponent level and concerning

patterns?

Nonetheless, other interesting facts are stated and put in context to those research questions. The
chapter is organizedhttedold, at first considerin@spectf data acquition before going into

detailed data mining in the secosekctionwith evaluating the proposed set of hypothebeshe

foll owing third s e cmakiogns clagsiied, basediop thenchasabteristiesc i s |

analyzed in hypothesis testing.
10.1Data Acquisition and Description

10.1.1Attendance andRetention

The experimentwas conducted throughout the entire month oOctober 2014, wh
announcements actively spreathrting October 6.Participants should be acquired from the
following sourcesuniversitybased mailing lists, online magazines, social media, interngnfor
and online search engineghe relative success okachsourceis listed in Figure 29 for A)

visitors™’ andB) players®®

Universities where thauthor of this treatise had personal contact who might be able to access the
student mailing lists were selected to participate in the experiraétit. that intention,five
Germanuniversitieswere contacted, asking for access to a proper mailing listognthose,
HelmutSchmidtUniversity in Hamburg ah GeorgAugustUniversity in Goétingen positively
respon@d Others formulatgdoubts concerning data safety aspects or generally fedlavstrict

and denying policy in cases of external research quesiienrequests. The former two might

Ypersonswho i sited the | anding page of the experimentds web
18 v/isitors who filled out the questionnaiemd afterwardstaredthe experiment are called players.
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share that idea. However, due to persar@mitactsto both institutions, the proceedingas
officially legitimated.

1]

Besi des uni versities, t he online magazi ne
Tod ay 0) tbefpbssibility df listing linkso behavioral experimentSpecift criterig such

as scientific background arsgverafformal aspectsneeded to be met before the experiment was
listed in their online contenParticipants are said to be frequent remdethe magazine with a
personal interest in the topic of psychology inraadsense. The magazine thus attractariety

of people practicing scientisténcluded The magazine'svebste listed the experimerfor the
period of its conduct

FIGURE297 SOURCES OF AYVISITORSAND B) PLAYERS

A) Visitors B) Players

m Univ. Mailing List
m Online Magazines
1 Search Engine

m Social Media

mi-net Forums

HIHT M HT MTn

Of the ample opportunities of social media, Facebook and Twitkene used to spread
information about the experiment. A dozen friends ghéne link and helpd to connect to a

potentially exénsive community. Of course, also own contactk part inthe experiment and

thus contributd to the number of participants. The Twittemsed hashtags in use read
"#16Spielel4Min" ("16 gamesl 4 mi nut es 0) and fA#Zei tdruckEXGr¢
Expei me nNooe)of the hashtaded to reactions within the Twitter community. Looking at

the numbers, Facebook indeeds more successful in attracting participants. Nonetheless, this
attempt expated the appoach. Itoffered another way to stay connectem fgotential or actual
participants to share informati@boutthe experiment.
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Internet forumswere contacted variously, in most cases by pointing to potential gains in the
lottery after finishing theexperiment,offering adeab This strategy hatirnedout to be less
succeskll since most othe forums that inform users about buying dealsl ha intention to
support noncommercial incentives (three out of five). Thus, forums that focus on information
sharing remaiad Among those three were contacted. YOoihe of them hditerms of use that
allows publishing such requests. In total, forums contribwtery little to the number of

participants.

Finally, the web address of tlegperimentould be found by search engines. After its first week
online it reachéd its top rank three on the first page of the Google listing when looking for the
word combination "Zeitdruck Experiment Online” (English: "time pressure experiment online")
andwasthus at least in the Germapeaking internetlearly visibleamong website with such

rare content. This circumstance surely supmabtihe fact that at least a handful of participants

wereattracted this way.

The experiment website and its webpages were organized as foflaalissource links pointed

to the landing page withgtintroduction and a button to participate in the experiment. The button
linked the landing page with the questionnaire page. By submitting the questionnaire per click on
another button visitors were forwarded to the instruction page. Here, a buttoe laditibrs to

the starting page of the experimerigom that point on, visitors were called players.

Participation and retention were determined by tracking the web link activities among the
webpages of the experiment website. This way it was possiBledall that all sources provide

an individual starting page linfexceptfor the ones thatverespread via email to the university
based mailing liststhe links wereembedded on websites and in sociadm. Google URL
Shortenerservice creatd all embelded links. This proceeding offed access to thé&oogle
Analyticsservice in its basidreeversion. Here, the dateme stamp, numbers, operating system
and even the countiyased location obage viewscould be examined for any linkThe
experiment's gestionnaire page already colkedthis kind of information, excegor the country

of origin. Here, the visitors were also already divided into three groups. Each group was

appointed one of the three experiment version® w . SinceGoogle Andytics did not provide

159 For more information see Appendix D Experimental Pages.
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the calling IPs, thepage viewtimestampsvere a sufficiently deterministic measure to link the

information fromGoogle Analyticsvith individual data from the experiment.

The webpags trace subjects' behavior begimg with the gedionnaire in the experimental
proceduresHowever, it was possible to determine how many participafitthe website while
on the questionnairpageby comparing differences betweaaomber of page viewandnumber

of playes.

The number®f participaton and retentiorare shown infable 28. Thesourcelinks were called
225 times in total. It is quite notable that well over a third of the persons who answered the
guestionnairéeft the websitevhile being on theénstructionalpage(97/271).

TABLE 287 FIGURES OF PARTICIPAION AND RETENTION

Participants % 72 T— T T
Calls: n.a. n.a. n.a. n.a.
- link 225

- mailing list n.a.

Questionnaire 271 91 78 102
- link 203 62 65 76
- mailing list 68 29 13 26
Start round 1 100 174 64 45 65
Start round 2 68 119 41 35 43
Start round 3 64 111 36 33 42
Start round 4 61 107 35 32 40

End experiment 60 105 34 32 39
About theirmotivation to leave at this stagew things can be said. Nevertheless, one aspect

noteworthy: the rate to leave before starting the experiment was higher digirighours®
(32/64 = 50%) compared today hours (76/207 = 3%). The table also informsbaut the
pl ayer soé r e toend dftheoexperfmentOf thase Wwho started the experimental part
about 60% keptup until the end (105/174). Among the three versionsxgeriment no

significart differencesn dropping ratesouldbe determined®

0 The access location of the visitors was tracked by their IP address. Almost all visitors accessed the experiment
website from within Cenér | Europe. Only one visitoro6s | PFaedadhr ess wa
time zone, the following is determined for this studight hours: 10 prii 6 am, day hours: 6 ain10 pm.

*! HypothesisOd® # . N i 0againstOd® / . 1N { ,Owere testedThe mean of dropping rate

among the four rounds of experiment from experiment versionith (HAD pllo andQ Qs ; . The
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The net processing time of 16 tasks (4 rounds of 4 games) across all game variatians ha
maximum of 14 minutes. Adding the duration of the instructions andsetfen breakisetween
roundsgavethe total experiment time a subject spenmt the website. A command of the gdi
initiated the start of the next round. The maximum duratias thus not determined a priori.
Nonetheless, the intensive, task fulfilling phase of tkgeamentwas significantly shorter than

the maximum attention spabostaGomes et al(2001,p. 1199, footnote 14presuimed to be
about 1.5 to 2 hours

10.1.2Participants

Participants who answed the questionaire gave personal information in the following
categories: sex, agksvel of education, training igame theory, current job status and asafa
they were soldiers, days oforeign assignmest®>. Besides, the web form of the questionnaire
additionally recordd information about the browser in use to derive the device applietthdor
experiment®® This device informationvasespecially relevarto interpret the mouse movement

data correctly®

While statementsoncerningage and number afssignmentiays (A  § are metric, the other
criteriaare measuredn a nominal scal@.able29 gives an overiew of the participants' answers.
Note that analysis only considers the information of the 174 people whedstetexperiment.
Among thosewereten players who used mobile devices that worked by finger touching and not
by mouse pointingFinger touchig data was excluded from the mouse movement analyjtsss.

74 tasksthe players with mobile devicesorked on represent about 3.% of all tasks played
which are 1936 in total. The number of tasks fulfilled with mouse pointer seksufficient for
movementdata analysis. Despite that, ttesks of theen playerswith mobile devicesffered

valuable decision information, including chosen alternative and processing times.

corresponding)-values of the>-distribution with degrees of freedoi@ ¢ are between 0.56 and 0.82. Thi@,
cannot be rejected in any of the test cases.

162 Before they embark on their mission, German soldiers ameettao make quick and reliable decisions in
challenging mission scenarios undimandingcircumstances. Whether this also has a provable influence on their
strategic decisioimaking behavior under time pressure is to be determined by queryingtidmy.

163 Table25 gives a complete overview of information criteria gathered from the questionnaire.

14 For detailed information, also sParagrapl®.3.1.2in thistreatis.
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TABLE 297 DEMOGRAFIC CHARACTERSTICS OF PARTICIPAN'S

Participants 73 T T T
Sex (m/f) 100/74 29/35 27/18 44/21
Age

-A 24.6 234 264 246
- median 24 23 26 24

- 4.7 4.6 4.9 4.4

Level of educatiot®

-HS 3 - 1 2

- eHS 1 - - 1
-mR 4 1 1 2

- Abitur 36 14 9 13

- Studes 130 49 34 47
Educationin gametheory 16/ 5/ 5/ 6/
(y/n) 163 59 45 59
Current job

- student /apprentice 78 26 21 31

- soldier 48 24 8 16
(of those: currently 47) 24) () (16)
student)

- otheremployees 48 14 16 18
Foreign assignment 3/171/ -/64/  3/42] -165/
(y/n/lA ) 105 - 105 -

According to the gathered data, the average participas®24 years old, either a student or a
graduated employee, with no experience in game thaody decisiormaking during foreign
assignmentsAbout one quarter more méiman women participatkin the experiment (100:74).

The age spans between 17 and 46 years, with a median of 24 and a standard deviation of 4.7
years. As indicated in the description of the average participant, a vast number of partig@gants

of a highereducational level (Aevels or graduated from high school/university: D66 of 174

185 The subjects were asked to state their current or intended level of education, leading to the fact that students
mainly name university / high school degree in this category. The data further depicted educational degrees from
German education systers far as such comparison is permissible at all, an English expression is given with the
following list (Abbreviation inTable 29 degree (German) degree (English): HS / Hauptschulabschluss / Basic
Secondary Schad Leaving Certificate; eHS / erweiterter Hauptschlussabschluss / Extended Basic Secondary School
Qualification; mR / mittlere Reife / Secondary School Leg\W@rertificate; Abitur / A level
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participants). As&dfor their current job, most piekl Gstudendor éapprenticé® to describe their
status (78) followed bysoldiebandthe (both 48). Since the maig list of HelmutSchmidt
University wasused which is one of two universities of the German Federal Armed Fdiees,
majority of participatingsoldierswere students at the same time (47). With this, the number of
students in totalvas125, represenmntg the majority of all participants.

One needs to consider tldgasewhen analyzing the performance of the three job groups. Of the
soldiers three clained experiencefrom foreign assignmentsvith 35, 100 and 180 days
respectively abroad Their numberwas very small within the group of participants and
insufficient for deriving significant results. Howevespme interesting aspedse considered in
the analysis pariAltogether, the group of participants sesiquite homogeneous regarding their
schoolingexperience. Whether sex, age, and jold &asignificant impact omlecisionmaking
undertime pressuras subject of the data evaluation in the next sectibmus, groupsvere
formed using the mentioned categories, and their degree of heterogeneity examined

Among the sexes, thetentionrate measuredetween answering the questionnaire and starting
the experimental part diffedabout 126 (male 66% / female 54%). Feedback from participants
that could shed light on this issugas infrequent, not to sayirggular. Up to the end of the
experimentonly one participant answad the feedback request presented in the footer of the
webpags. The second day the experiment smanline, this inquirer reports of difficulties
understanding some termini used within ieoductory part. Her concerns lead to an immediate
adjustment of the affectedebpags, improving the quality of that pattdowever, she did not
terminatethe experiment because dhe describedproblems. The reasons for differenae
retentionrate this remaimdunclear No specific hints for a proper explanatimerefound in the
current set of gathered information. Howewetentionrates in the experimental part shemwno

significant differences between male and female subj&cts

The word OG6apprenticed servetsecadqisn i chuszubitdendenmisrépeesento n f or
people who absolve the German dualistic educational system of institutionalized job training that also includes extra
occupational specific schooling.

¥7'0: fiMeans of nmetiter anes f @ mét e dretains a ladhen-vdliebffagnoe nt o .
sidedd-Test with degrees of freedo @is 0.92. Recall, thé& tiw u
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10.1.3General Data Statstics

The statistical analysis of experimental data is described in the following. Here, commonly

known analysis methodkat are applied tthe hypotheses from Subsecti@d.2aregiven®®

Without further limtations, the data streams of tinelividual participants arsuggeste@ssumed

to be independent. That is especially the case when participants independently fulfill their tasks,
without communicating with each other. Since the experimwas conducted olne,
independence in the sense that particpentividually faced the tasks without knowledge of the
moves of other participants and without influencing the behavior of otteer be widely

assumed.

Let the taskvariablesbe time limitation® , complexityc , game typéQ , and the experimental
design versiorw with the subscripts determining their realization in t&3knd experimental
design versiorQ The integerQs running from 1 to 16 an®is an integer runnig from 1 to 3.
Whereas time limitatiorvaries with "Qcomplexity is constant for every four incrementsQf
forming one round of taskeach with four rounds in total. The response data then is formed by
the experimental mouse movement data strdarmontains information about mouse pointer
coordinategogether withtime stamps, provided by recorded mouse events such as clicked or
hovered elements. This information, in turnugedto measurEMMASs and mouse movement
history. By applying the interpration metricto this informationthe primarily focussed ElP=e
determined Also, the performance evaluation concept presemesimulation(Section5.1) is
adapted. Choice data complement this measuns. proceeding is applied in the following to
eval uate t he p-amakingpatterpsand thesréated leypgothas@d$® results are in

a next step used to classify behavior.

10.2Data Evaluation

This sectiondetails the outcomes of the hypothesis testessng the experimentally collected
data. Please segpendix Efor a description of the test proceduSebsctions10.2.1t0 10.2.12
discuss the antigated hypotheses put forth imil&ection9.1.2 Additionally, Figure23 gives an
overview. Per the evaluation concept, Hypotheses | and Il combine the results of various

hypotheses (please refer. teigure 25 and Figure 26, respectively). The evaluation of these

%8 The underlying mathematiese described ifisz (1989 andBronstein et al(2012 for example.
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hypotheses will be presented after the results of all contributing hypotheses haemdlgead
Section10.2.8discusses Hypothesis | andt8ection10.2.4presents Hypothesis. Il

In additionto these hypothesgesther behavioral aspects that were identified in the context of
decision making but were not anticipated by the resultshefpreparation time modelre
presented irsubsection10.2.13

The sample size of the test statistics is determined by the number of experimental tasks. Relevant
tasks for the hypotheses' test procedure are explicitly spbedite hypothesis testing, only tasks

that record mouse pointer movement to a certain extent are considered. Three main reasons are
identified as to why this requirement is not met. One factor to consider is the use of input devices,
such as touchpads, eththan a mouse pointer, which affects 10 out of 174 players and 74 out of
1,936 datasets. In such cases, the subjdslsavioral data stream yields no movement
information. A second factor to consider is early termination of the task by the subject; this
results in minimal mouse movements and occurs in 10 out of 1,936 datasets. A third analysis is
that some subjects neglect to use a mouse for reasoning tasks. It is only used for selection,
resulting in the inability to detect any mouse movement insidpdieff cells. This issue is more

commonly observed in experiment version as opposed td or w.

When testing Hypothesi¥, all datasets including those with inadequate mouse usagee
utilized for analysis. The results of each hypothesis test within the compalisiaget introduce

the specific participant groups

The following sibsectiors present and discuss all hypotheses while highlighting their differences
across the experiment versions. To ensure a structured analysis, the research examines the
influence of tak variables, namely time limit and complexity, separately in a twofold approach.

For all hypotheses, either proportions or means of examined aspects are provided. Additionally,
the results of each experiment version are plotted in a dedicated frameisiihet dalues
obtained for each experimental version are linked with lines to depict the transition from one time
pressure condition to the next. Decisimaking values without any time pressure are represented

by dashed lines for comparative analysis.tmother hand, values from decisioraking under

time pressure conditions are represented by solid lines. Vertical dashed grey lines section data
according to categories of the underlying perspective: in the case of displaying the impact of

complexity, he initial section on the leftand side includes data from all four complexity levels.
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The time constraint imeffectivein this section. The time limit becomes stricter as you progress

to the right, with each section containing data from one compléxrgl when focusing on the

impact of time constraint. The available time to complete a task decreases from left to right
within each section. The figures denote time restrictions and are designated "ineffective",
"moderate”, "strong" and "severe", akin ttee simulation description in this treati$8. The
correspondingr-value tablesindicae the precise limit in secondéppendix F contains all
versions of the hypothesis tests, alongside these tables andtegthelata These include, in
particular, the data analysing the social aspects, the results of which are briefly presented together

with the results of the hypotheses discussed.

10.2.1Evaluation of Hypothess l.a and I.b

Hypotheses l.a and I.b address whethmetpressure has an impact on decismaking ability
(Goal 1) The test results contribute to Hypothesis | (Subsedtdi.§. Hypotheses l.a and I.b
are assessed Isgrutinizingthe proportion of participants in the populatiwho made a decision
(i.e. the decisiorrate'”® during a specific task under different time pressure conditions, in
comparison to those who did not decide until the task time elapsecull hypothesis states the
status quad’ no significant change iproportiors of decision makers within the population is
observable. As the alternative, one expects any deviation. For evaluaticatadket are
examined, including those of insufficiembuse usagdhe experimental versiak provides 664

dataset, w 578 andw 724. Plots are given iRigure 30 and Figure 31 whereasTable 60 and

Table61 (Appendix B contain the correspondingvalues from the tests.

Influence of time limitation

Deviation from reference values tends to increase when there is a stsawgie time limitation,
as indicated byigure 30. Even though the amount varies with the level of complexity, one can

spot particular significander such cases.

Then-values extreme enough to rejédt build aconsiderablaminority among all cases {lout
of 36 cases for akbxperiment versics). Especiallyo i for complexity levels two and five is to

name here, showing a significant impact of time limitation on the decision rate. This fact is

189 Compare designation Paragrap!®.3.2.2
10 Refer to Paragraph1.2.1
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illustrated by the correspondingtios (Figure 30). However, in twethirds of the casesO
cannot be rejected. Hence, tthecision rates generally not sensitive to changing time limitation
with @ asthe excepon.

FIGURE30T HYPOTHESIS IA: INFLUENCE OF TIME LIMITATION ON DECISION
RATE
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Time Limit
The frequently observed minimum the decisiorrate under strong and severe time limitation
(Section3.3) follows the peparationtime model. However, in some of the game tasks, this
implication is not met or not significant, raising questions of its generality. Participants' behavior
thus needs to be further distinguished and classified.

Influence of comdexity

The picture isslightly changing when determining the impact of complexity ondin@sionrate.

In 14 out of 36 casedO can be rejected, with nine of them alone belonging td=igure 31
shows dstinctly large deviations here. At this point, sensitivity is recognizable. The other two
experiment versianalso produce remarkable deviations, yet less frelyuénthus can be stated

that they remain primarily insensitivBifferences in social aspesare not identified
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FIGURE311T HYPOTHESIS IB: INFLUENCE OF COMPLEXTY ON DECISION RATE
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10.2.2Evaluation of Hypotheses Il.a and Il.b

Hypotheses Il.a and Il.investigate if time pressure affects th@aeity to maximize one's payof
(Goal 3). The test results contribute to Hypothesis | (Subsedo?.§ and Hypothesis I
(Subsectiorl0.2.9. All experimentecord are considered that contain a decision. This selection
explicitly includes records of all input devices. In caseuf608 of 664dataset are included in

the analysis: 467 of 578,w: 596 of 724). Charts are presentedrigure 32 and Figure 33.

Corresponding)-values & given inTable62 andTable63in Appendix F

Influence of time limitation

The graphs of the threexperiment versia in Figure 32 show deviations from the reference
values in the first section ddw complexity. Here, the null hypothesis is rejected in eight out of
nine cases, supporting the expected alternative hypothesis. laf¢agker levels of complexity,
such deviations diminish the ratio of rejectingO is rather smalli pointing to a limited

sensitivity of generating payoff towards time limitation. However, for lifghestcomplexity
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level, in four out of nine casé® can be rejected, even though in three cases an alternative

hypothesis is supported.

FIGURE3217 HYPOTHESIS IIA: INFLUENCE OF TIME LIMITATION ON PAYOFF
GENERATION
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Time Limit

In case ofw, the null hypothsis is rejected itenout of twelve cases. At this poinif;values are

rather high for complexity levels of three and five and low else. The influence of the game type

could be causatar Experimentersionsw andw reject’O less frequeny, even though their

comparative valuesare similaly oscillating around the reference values ($egure 33).

However, their deviations seldom reach the level of significance.

Regarding social aspects, differen@esehavior occur agéxperiment versiow for the lowest

level of complexity: poplewith experiencan gametheow, significantly deviate in generating

payoff from those who report no experience. For the first garBesta 2Ai the experienced

players gain fewer payoffs in comparison toxperienced ones. Costa 2A has a paguficture
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where the social paydff dramatically deviates from the solution of eliminating dominated
alternatives. The latter is chosen more frequently by the unskilled player, hence generating more
payoff. In case ofthe other three -By-2-games, the payoff structure is more favorable for

equilibrium decisions, and the skilled players generate significantly more payoff than the others.

Also, results fromw indicate differences amongccupational sitatiors here. In 13 out of 16
cases,soldiers generate more payoff than studemd$ being soldiersin the remaining three
casesthe opposite is true. However, only on four occasions, those deviatiossgaifecant,
favoring soldiers in three and students in one case. The distribution of significant cases among

the tasks shows no hint regarding sensitivity towards certain conditions.

FIGURE337 HYPOTHESIS IIB: INFLUENCE OF COMPIEXITY ON PAYOFF
GENERATION

mean V1

moderate

[T R B A L

1 Il |
2 3 4 5 2 3 4 5 2 3 4 5 2 3 4 5

Level of Complexity

" The social payoff refers to the payoff that both playessld receive collectivelyafter realzing a certain strategy
combination Refer to the description of the altruism heuristic in section 4.2 for further information.

202



10.2.3Evaluation of Hypothesis Il

Hypothesislll claims an adverse influence of time limitation and a posiinfeience of
complexity on the reduction of alternatives. The reductionltefreatives can only be observed
for experiment versianw andw . Due to the technical implementation@fi cells are opened
and closed by hovering over and sidea celli dnouse clickéare not recorded. However, this is
necessary to ideify a reduction w and w exclusively implement such a function. The

corresponding means of versiahsandw are plotted irFigure34 andFigure35, whereasTable

64 and Table 65 (Appendix B depict ther-values. The number ofiataset of w and w

considered for evadtion is 569 and 351, respectively.

Influence of Time Limitation

The impact of time limitation in case ©b is negative as-igure 34 illustrates. Still, it also
notably depends on the level of complexitgr a small level,’© holds Here, the mean of
alternative reduction is almost constant urglrerettime limitation. In sections dfigherlevels

of complexity,”O is very frequently rejected (seven out of nine cases). In case ipivalues obr

low complexities start on a rather high level, partly inducing that the reduction of alternatives
decrease$ as expected beforehand. For growing levels of complgxityoderately decreases

with 'O far frombeingrejected. Still, the values geneyalemain larger than the osef w.

Influence of complexity

Testing the hypothesis for complexity i, f-values areconsistentlyvery small with the
consequence of rejectifi@ in all cases. This rejection supports the alternative hypistiadsch
claims a positive influence of growing complexityand thus growing number of occasianen
the reduction of alternative€xperiment versiorw, in turn, providesr)-values consistently

smaller0.5but reaclksthe critical value just in fig out of twelve cases.

Altogether, one can notice that bo#ixperiment versian show tendencies of supporting the
alternative hypothesis, yet onlyp shows significant sesitivity for both task variabke The
experiment versiom instead does nakach the necessary rejection rate for any task variable,

even though in case of complexitheare values close by
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FIGURE347 HYPOTHESIS IIt INFLUENCE OF TIME LIMITATION ON REDUCTION OF
ALTERNATIVES
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FIGURE357T HYPOTHESIS IIt INFLUENCE OF COMPLEXTY ON REDUCTION OF
ALTERNATIVES
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10.2.4Evaluation of Hypothesis I

Hypothesis|l proposes that timénas a negative effect on decisimaking effectiveness,
specificaly regarding Goal 2 (Reducing the set of alternatives) and GddhSirhizing certain
payoffs). As per Sectioh.10 svaluation concept, effectiveness is determined by Goals 1 through

3. Like Hypothesis I, varios hypotheses are linked to these object{vefer to Table 21). To
evaluate Hypotheses Il, the results obtained from testing Hypotheses Il.a and Il.b, as well as the
outcomes of testin Hypothesis IlI, aranalyz2d'’> Conclusions are based on tsemeset of

rules appliedo evaluateHypothesids. Table 30consolidates thevaluationresults, with cells in

light gray color depicting sensitivity andark grayinsensitivty. Two whte colored cells can be

found in the row ofGoal 2 for experiment versiorw. Due to technicalestrictionsin the
experimental design, reduction of alternatives cannot be obseeredand hence no data is
available. Both cases are excluded from consideration. The last row contains the overall result for
eachexperiment vesionregarding the observed effectiveness of time limitation and complexity,
respectively. Iis basedon the combination of results of the contributopopk, depicted in the

cells above in the same columrhe overview draws an almost coherent pictundjdating the

correctness oflypothesis li effectiveness, in general, is negatively affected by time pressure.

TABLE 307 HYPOTHESIS It EVALUATION

Goal Time limitation Complexity
(number of contributing hypothesis) @ W ® W W W
Goal 2 Reduction of alternativésl) e e
Goal3 Payoffgenergion (Il.a & I.b) [N e

Hypothesis Il Negativénfluence on -

effectiveness

Legend

sensitivity _ no data

The final evaluatiomesults contribute to Hypothesi¢Subsectiori0.2.§.

172 Only experiment versiong, andV, areinvolved in testingHypothesisill . Thus,the evaluation of Hypothesis
in case oz is exclusively based on the corresponding results from testing the sensitivity to generate payoff.
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10.2.5Evaluation of Hypothesis IV

This hypothesis questions the abilitydenerate payoffisng potentially strategic heuristics or

elements of it. If time pressure increaghg, payoffvalue should declingzigure 36 and Figure

37 depict the means for adixperiment versian The corresponding-values are listed ifiable
66 and Table 67 in Appendix FE Several datasets are excluded from consideration to meet the
requrement'contain at least one strategic EIP COMPARE I'. Based owldtesef adequate

mouse usersy has 355 of 56@ataset remaining for evaluatioru: 251 of 351 andv : 559 of
646).

Influence of time limitation

Means ofw, as wellas®w and to a minor extent @b, deviate significantly for all levels of time
limitation when complexity idow. At higher complexitiesn-values almost never pass the
critical value(seeFigure 36). In case of leveb complexity,therj-valuesof w are almost small
enough to support an alternative hypothebslswever, itsorientationis opposite to the one

expectedvhen the payoff is rising under decreasing time limit.

FIGURE36T HYPOTHESIS IV. INFLUENCE OF TIME LIMITATION ON RELATIVE
PAYOFF OF COMPARE-USERS
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Influence of complexity

The picture is even more ambivalent when focussing on complexity. Throughexpatiment
versiors, 'O is rejected fothe following conditions Figure 37 showspeak values of theneans

for a complexity of level four foro and level five forw. Especially under severe time limit
conditions w reaches notable deviations. Most adsh mentioned deviations are significant and
contrary to the alternativeypothesis Support for the alternative is rare and can be found for
ineffective and moderate time restrictionsiatand® andin a single case also at when time
limitationis strong and the complexity level is threle. general, these results are not suitable to
support thealternativehypothesis.

FIGURE377 HYPOTHESIS IV. INFLUENCE OF COMPLEXTY ON RELATIVE PAYOFF
OF COMPARE {USERS
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Altogether, the stated hypothesis is in large parts not supported lexpgeementdata. The
results of the three experiment versions are highly contradictory for the studied set of parameter
The hypothesis finds support at tloevestlevel of complexity wienthetime limit is decreasing
Under severe tim limit conditions, an oppositalternative is partially backed. For other

conditions, the sensitivity is not significant. One ret@lexaminethose issues in connection
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with the results of the following HppthesisV, as the complementadatasetand Hypothesisl
which examines payoff generation for tlw®embined dataset Also, a dependency of the
underlying game typean be expectedhe means ofv andw show for each section similar
extrema (se€igure37) for equallevelsof complexily. The plots inFigure36 consequentlghow

an almost constant trerfdr complexity levels of three and fiveu() as well as three and four
(w). This result indicates that time limits are almost ineffective at this point. In these tbases,
same game type is applieddnand®: at level three, players of both versions face the Chiicke
game. Subjects play the Haslove game at level fivedy) and level four @), respectivelyln
experiment versiom , subjects play the HawRove game at level three, the Chickgameat
level four and Stackelberg's Leaderspgmeat level five. Constant values are found in the latter
two games, indicating that choice remains almost the same among different time lintibosndi

In case of the Hawbovegame, the situation differs.

Analyzing differences in behavior among social categories, similar results as reported for
Hypothesisll occur: gople educated in game theory realize significantly different payoff than
those who are not. Théfect is limited tow at thelowest level of complexity. For the first game

I Costa 2Ai the experienced players gaawer payoffs in comparison to new ones and generate

more in the other three games.

10.2.6Evaluation of Hypothesis V

This hypothesis evadies the link between payoff generation and use of EIP patterns other than
the strategic COMPARE |. According to simulation experiences, growing time pressure should
have astrongimpact on the ability to generate payofespecially in the stage of severéime
limitation. Contrary to Hypothesis|V, the dataset which at least provide one EIP of
COMPARE | are excluded from consideratidius,w has 214 of 56%lataset remaining for
evaluation @: 100 of 351,w: 87 of 646).Table 68 and Table 69 (Appendix F) list the

correspondingj-values.

Influence of time limitation

The graphs of means show an entirely different behavior throughoak@driment versian

(Figure 38). Whereas in case of valuesare closdo the reference valugf 'O, especially ato
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and to a minor extent ab the meansrefrequentlybelowthe referencealue This outcome is

unexpected, yet significant as the correspondivglues reveal (s€Eable68).

Influence of complexity

The influence of varying complexity on mean values is evidencédgime 39. Experimentsw
and w demonstrate that stricter time constraints result in pia@de deviations from the

reference value, which are also statistically signific@ater to Table 69, Appendix F. For

moderate time limits, valuesf w exceed tk referencenean buidecrease with decreasing time
limits. Like HypothesislV, the influence ofthe complexity on the comparatiwaluesis
observed

FIGURE381T HYPOTHESIS V:IINFLUENCE OF TIME LIMITATION ON RELATIVE
PAYOFF OF NONCOMPARE FHUSERS
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Time Limit
Analogous to the earlier hypothesis, the data partially confirms the impact of creating a payoff
under time pressuré&till, Hypothesis V is backed by the experimental data just in 5 out of 72
casesall versions and tests for both task variables taken together. The alternative hypothesis is

supported in 8 out of 72 cases. In the overwhelming majority of 59 c@sémlds However,
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especially the mean values need toilerpretedvery caefully here since the database is

extremelysmalldue to the filterestrictionsof this hypothesis.

FIGURE39T HYPOTHESIS V INFLUENCE OF COMPLEXTY ON RELATIVE PAYOFF
OF NON-COMPARE FUSERS
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Regarding social characteristicansar results as reported for HypotheHisandIV occur onw

at thelowest level of complexitygametheorytrained participants generate significantly different
payoff than those who are not. For the first gagpei Costa 2Ai the experienced players gain
lower payoffs in comparison timexperienceanes ad realizehigher payoffsn the other three.

10.2.7Evaluation of Hypothesis VI

The hypothesis assumes that time pressure has a negative impact on processing capacity per unit
of time, potentially resulting in a reduced number of EIPs during the process. Thgpuihesis

serves as the reference value for the number of EIPs in the absence of time pressure, against
which values obtained under time pressure conditions are analyzed. This anabsiscigdto
participantswho made decisi@and correctly utilized their mouseConsequent | vy, t he

dimensions arémited to569 out of 664 forw, 351out of 578 forw and 646out of 724 forw
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in numbersof fulfilled tasks. InFigure 40 and Figure 41 the means are plottedable 70 and

Table71 (Appendix B list the corresponding-values.

Influence of time limitation

Throughout all experiment iteration¥) is regularly dismissed, indicating support for the
alternate hypothesis. Mean values consistently diverge from the reference value at all complexity
levels, with the minimum vaks generally observable under severe time consti@eésigure

40). In the eightcaseswhere©O remains unrejected, there are either moderate or strong time
constraints. There is no significant reductionthe number of EIPs observed among subjects,
according to the findings. This outcome may be due to either an ineffective time limit or a
speeding up of processing. The latter possibility is further discussed in Sub4€cidry where

a classification is presentdeixperimentw consists of seven out of eight tasks whéras valid,

indicating the impact of the experimental design.

FIGURE407 HYPOTHESIS VI INFLUENCE OF TIME LIMITATION ON MEANS OF EIPS
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Influence of complexity

The data indiates a significant increase in mean values when examining complexity, with levels
four and five exhibiting the highest peak valuBsen-valuesfor @ andw are consistently low,
while & data frequently support® (8 out of 12 cases)t's worth noting thato andw exhibit

similar performances.

Then-valuesand plotted means indicate a significant impact of time constraints and complexity
on the total number of EIPs. It is notable, however, that the effect of time limgatiorE|P

numbers differs from that of complexity.

The occupational situation of the participants appears to impact the number of EIPs applied. In 14
out of 16 cases, employed participants invest more EIPs in the detiglang process than

students, althagh this fact is significant in only four cases.

FIGURE41i HYPOTHESIS VI INFLUENCE OFCOMPLEXITY ON MEANSOF EIPS
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10.2.8Evaluation of Hypothesis |

Hypothesis | reflects the overall sensitivity of decisinaking behaviorto time pessure. This
sensitivity is assumed to affect a participant's decisiaking performance. Similar to the

procedures presented Bection5.1, perf or mance i s measur ed ac

maki ngépaviAvVese Reducti oné, 6Payoff Generation

inductive approach outlined in Paragrapth.2.1 demonstrating sensitivity to time pressure for
any of the four objectives is adegeidd prove general sensitivity. In addition to testing Goal 1
through Hypotheses l.a and |.b, the results of three contributing Hypotheses II, Ill, and VI have
been considereid test Goals 2 through 4

Together withthe results of Hypothesdis IIl, andVI, Hypothesis | can beompletelyevaluated.
Table 31 presentghe sensitivity results, withght graycellsindicatingsensitivity anddark gray

cells indicatinginsensitivity. White cellsrepresent unavailable data and are not considered. The
final row displays overall experiment version results in terms of observed effectiveness of time

constrant and complexity.

TABLE 317 HYPOTHESIS | EVALUATION

Goal Time limitation Complexity
(number of contributing hypothesis) @ W ® W W W
Goal 1 Decisionate (la & I.b) ] ] e e
Goal 2 Reduction of alternativésl) e e
Goal 3 Payoff generation (19 e e

Goal 4 Reduction of EIPs (VI) e ]
Hypothesis | @neralsensitivity

Legend

sendivity _ no data

The resulting conclusion of general sensitivity is based on the combination of contributing goals'

results, presented in the cells above within the same column. Sensitivity is established when at

least one contributing gog@resents sensitivity, as proposed earlier. In such a scenario, at least

173 Note thatdifferent hypothesesontributeto the evaluation oHypothesisll. One of these hypotheses addresses
the general sensitivity of payoff generatide results of this hypothesis evaluation represent the evaluation of Goal
3 in this table.
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one cell in the column above the resulting cell appears light grey. This condition is fulfilled for

all columns, warranting a general sensitivity conclusion.

10.2.9Evaluation of Hypothesis Ml

This hypothesis posits that heuristics or at least certain aspects of it can be applied to- decision
making under timesensitive circumstancel.can be assumed that some decision makecame
acquainted withcommon heuristics during their training,sovd#ting in a proportion of usage
greater than zero percent. Moreover, individuals who did not receive formal training in decision
making could still utilize instinctive tools from their existing skillset, as deduced from the works
of Payne et la(1988) CostaGomes et al(2001) andJohnson et a(2008) Although the exact

figure remains uncertain, a considerable number of subjects may limit their use of the mouse
while engagng in cognitive decisioimaking. The opposite is also possible, when participants
generate excessive movement noise, making it difficult to trace the context correctly by the
current tracing framework. Additionally, the chosen set of heuristics may tephete, lacking
certain EIPs in the model.

The test statistic configuration, which is comparablé&guation(17), necessitates a reference
valuery w of less than 1 in order to be considered valid. Assalt, the proposed methau
Paragrapl®.1.2.6cannot beutilized to test this hypothesi€onsequently, the null hypothed>

has beernrevised, stating that thpercentageof heuristic application among the experimental
population is 95%. It is assumed that this value is lower than that suggested by the alternative
hypothesis. In the testing process, the value will be estimated ushbmuitglary value, ensuring
the validity of theU-valueclaim. 1566 datasets were analyzed for, @ and, with 569, 351,

and 646datasetsemaining, respectively, after excluding unsuitable mouse users. Due to all p
values being founded on a referenedueof 1o Y there is no dtinction in results related

to time pressure variablesigure 42 shows the corresponding proportipnghile Table 72
(Appendix H provides dist of then-values

Results

Throughout all threexperiment versiaithe shares are higher than or equal to 0.8. In 23 out of
48 cases it reaches 1.0 with most cases fourid éit1 casey as can beseenin Figure 42.

However, 'O is rejected in three casésall of them belong tow 1 when theshars are
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significantlyless tharthe reference value. It is not surprising ttats affected since this version
is supposed to motivataouse usagthe least effetve with its cellsbeinguncovered right from
the beginning.

FIGURE427 HYPOTHESIS VIt INFLUENCE OF TIME LIMITATION ON PORTIONS OF
HEURISTIC PATTERN U&RS
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Confidence intervals fgoroportiors of subjects whapply heuristics o at least parts dhemare
presented imable 32. All records that fit the regulations of Hypothe$§i (participants who
facilitate the mouse pointeduring the expement) are included regardless of tasks and time

pressure conditiong.eatures in social aspects cannot be reported.

TABLE 3217 CONFIDENCE INTERVALSOF HYPOTHESIS VI

F & 8 001
6@ o 0.03

§ @ Ty 0.01
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10.2.10Evaluation of Hypothesis VIl

This hypothesis questions the use of heuristic patterns and its development under changing time
pressure conditions. It postulates a negative impact, with growing time pressure evoking a
decreasinqiumberof paterns. Allrecords are included that show adequate mouse usage and no
premature termination of taskso( 569, w: 351, w: 646). The corresponding means are

presented irFigure43 andFigure44. Table73 andTable 74 (Appendix B list the associated-

values.

Influence of time limitation

The plotted means widely exposiee assumedehavior. With two exceptiongsomparative
valuesare less thanthe reference valuelhe hypothesisO is rejected in 2 out of 36 cases
among allexperiment versiaand time pressure conditioidie r-values areconsistentlyhigh

in such cases. At the lowest level of complexity,strengest suppofor 'O occuss with four out

of nine cases. Data @b is at this stage almosimilar to the reference value (séegure 43).
Among all experiment versia) w shows theweakestsupport for an alternat hypothesis
retaining© in eight out of twelve cases. However, mean valdedinein most cases. One
exception occurs fothe complexity of level four at moderate time restrictions. All other time
pressure conditions offer an almost similar pietusupporting theassumedalternative

hypothesis.

Influence of complexity

When focusing on complexityhe rejectionrate of O markedlydecreasesh comparison to the

time limit effect (18 out of 36 occasions). In cases of rejeéénghen-vaue is small, implying

a positive effect on the number of employed heuristic patterns with growing complexity. When
comparing the different time pressure sections, it becomes evident that with increasing time
restrictions the scale ¢iie mentioned effectleclines. For severe time limit conditions deviations

are hardly significant. However, the datacefagain show the least frequent significance among

all experiment versian
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FIGURE437 HYPOTHESIS VIl INFLUENCE OF TIME LIMITATION ON MEANS OF
HEURISTIC PATTERNS

TN RETTEN]]

o)esopowl
Buoss
alenes|

FIGURE4417T HYPOTHESIS VIl INFLUENCE OF COMPLEXITYON MEANS OF

aAl09jeul |-

1 1 1 1
3 & @ 5 3 & S =3 3 & s
9 5 < 2 Q 5 < 2 Q 5 <
& 2 ¢ 3 & 2 ¢ T & g ¢9
«Q « «
§ () g_ ﬁ () g_ E.. ]
© s © S ©
Time Limit

HEURISTIC PATTERNS

20 T T T T T T T T T T T T T

| I I — _ _H
- 150 I | | H° i

>

- [ 1 1 !
g‘o‘ I I I iy
5L I | |
—_—— = — 4 T = 1 1 I T —

mederate | severe,

20 T T T
[s2]
S 15
% —————
S 10
S
5[ ineffective
2 3 4 5

3 4 5 2 3 4 5 2 3 4 5
Level of Complexity

217



The sensitivity to time pressure is apparent here. Time limitation's influence is overwhelmingly
negative, with some exceptions at moderate levels where the influence is not significant.
Complexity, in tun, shows a lessbviousimpact, especialljor the data ofo and for extremely

narrow time limits. However, it affects the number of observable heuristic patterns positively and

Is thus in opposition to the time limiting effect.

Differences regarding social aspeate observed faage atw . In 13 out ofl6 cases, the cohort
aged 26 to 3¥earsused more patterns for their decisions than the younger group of 17 to 25
years old participants. This deviation is significant in four cases.

10.2.11Evaluation of Hypothesis IX

This hypothesis inspects trghareof randan choices among the players' population under
changing time pressure conditions. Positive influence is assumed. For evaltetioods are
used that show adequate mouse usage and no premature termination ab te6@, @ : 351,

W : 646). Correspondinghars can be found iffigure45 andFigure46. Then-values are listed

in Table 75 and Table 76 (Appendix B. For ®w random choices cannot be detected with the

methods applied. Thehareis hence stated as constant zero and test dataifocabeare not

available.

Influence of time limitation

Time limitations show no significant impact on tlmvest level of complexity. With growing
level, shares deviate positively, an@® is rejected more frequentlystarting with cases of sexe

time limitation. Then-value is at such points as small as expected from the alternative
hypothesis. The complexity's impact on the scale of deviation is evidenty foFor @
comparative valuesnd reference values ampite similar, except for théiighest level of

complexity and severe time restrictions whehnarediffers dramatically.

Influence of complexity

The hypothesi®O is rejecteccomparativelyoften. With time limits becoming more effective, the
frequency of such cases increasdsegnning with higher levels oEomplexity. Similar to the
time limiting-evaluation, thei-values are entirely small whé® is rejected, supporting the

stated alternative hypothesis. Peaks occur for the highest level of complexity.
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The positive impact of time pressure on the rafioandom choices iguite cleaty observable.
Time limit and complexity show the same tendency here, even though significance is usually not
recognized until time pressure conditions are extredneial influencescannot be observed for

this hypothesis.

10.2.12 Evaluation of HypothesisX

This hypothesisexaminesthe develpment of the equilibriuathoice proportionunder time
pressure. The null hypothesis postulates no clglgesquilibriumchoice proportionsunder
growing time pressure, whereas the alternative hypotlessameslecreasingroportions For
the evaluation ofO, all availablerecords are in usélerewith,664record of w, 578 ofw and

724 ofw are analyzed.

Before evaluating Hypothesi§, it is necessaryo examine whether thgroportionof equilbrium
choices can be explained by chah@e For this, dataset are limited to those where records

containa choice. In case @b 608 observationsare included in the analysie){ 467, : 596).

Table77 (Appendix B presents thg-values of theorrespondindnypothesis test

For all three versions, there is usually one alternative designated as equilibrium choice. The
expectableproportionof a randomly slected alternative is thus odévided by the number of
alternatives per player and task. When examining the influence of complexity, the same
proportionis expected. One notable exception is found in versiorsnd w at a complexy

level of three. Here, all alternativetescribesquilibrium choicesleading to a percentagegual to

100 % The expectablproportionfurther serves as referencalueaccording tdeq. (17), with a

null hypothesis postulatina proportionof equilibrium decisions equal to a random choiliee
alternative hypothesisssumes a significant deviation from the portion of random choices,

referencing intentional equilibrium decisions.

Regardingthe rj-values, it is remarkable that data fram and @ mostly rejectO, with five
exceptionsin total out of 24 occasions. It thus can #educed thatersionsw andw largely
support the alternative hypothesierewith,equilibrium doicesare declare@s intended rather

than randomly made. Howevé@ mostly cannot be rejected undestrictingtime limits. This

14 This fact can be assundewhen the proportion of equilibrium choices realized in the experiment is equal or close
to the proportion of equilibrium choices one would expect when alternatives in a task are randomly selected with
equal probability.
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result indicates that choice, in general, is somewhat randoder such conditions.The
experiment versiomw showsr)-valuesconsistentlygreaterthanor equal t00.5, yet the score is
mostly lower thanthe critical value At this point,’O is rejected just in 4 out of 16 casetereby,
equilibrium choice rate ab is predominantlyindistinguishable from ramn choice, exceptta
complexityof level four When examining the sensitivity of equilibrium choice to time pressure

in the next stepp is not expected tbe affectechere.

In the following Figure 47 and Figure 48 illustrate the development of equilibridamoice

proportiors for changing time pressure conditiodgble 78 and Table 79 (Appendix B list the

Nn-values corresponding to tipeoportiontest.

Influence of time limitation

The comparative valuesre mostly in line with the reference values, consideringstiees
presented irFigure 47. Ther)-valuessuppot this outcome. Only five cases for akperiment
versiors are recorded whef® is rejected. Four of them belong to data from the lowest level of
complexity. Despite that,he dataets show very little support for the suggested alternative
hypothesis mainly supporting the null hypothesiante limitation does not affect equilibrium

choice.

Influence of complexity

Regarding then-values the findings shift across all experiment versions: in 24 out of 36
instances;O is rejected. Yet, the-palues do not display a consistent trend in their alteration
with increasing complexity neither across tasks nor versions. This circumstance suggests that
the design of the experiment versions in connection with the underlying payoff structure of the

game oerlays the effect of complexity.

Although the influence is ambivalent, the sensitivity of equilibrium decisions to time pressure is
evident in relation to complexity. In lower complexity scenarios, there is a supported increase in
the proportion of equilibum decisions, whereas the highest level of complexity suggests a
decrease. Additionally, the impact of the payoff structure of the underlying game type is likely to
overlap this effect and must, therefore, be evaluated accordiffgdyproportion of eqlibrium
choices within the population remains relatively stable for tasks of equal complexity levels

despite varying time limits. However, it does vary within tasks of different complexity levels.
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FIGURE477 HYPOTHESIS X INFLUENCE OF TIME LIMITATION ON PRAPORTIONS
OF EQUILIBRIUM CHOICE
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FIGURE487 HYPOTHESIS X INFLUENCE OF COMPLEXTY ON PRAPORTIONS OF
EQUILIBRIUM CHOICE
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Thus, time limitations have no discernible impact on equilibrium choices. Inajeequilibrium

choices tend to be more frequently random when time limitations are satreze

Regarding social differences,ettoccupational situation seems to have an impacet s ol di er s
frequency of equilibrium choice is in 10 out of 16 casesdrigian the one of students. Still, this

Is significant in just four cases.

10.2.130ther Aspects of Time Pressurénduced Behavior Adaptation

During the experiment, several unexpected aspects of behavior emerged that can be associated
with cognitive patternsThey are presented ihable 33 together with their contribution according
to the underlying evaluation concept (compare Sedidn The systematic and significance of

those aspects are studied in the followingsctions.

TABLE 3317 ADDITIONAL HYPOTHESES AND CONTRIBUTION

Hypotheses Goall Goal2 Goal3 Goal4 Heuristics/
patterns

X1 Acceleration of X X

processing

Xl Early decision X X

X1l Strategic patterns X X

and strategic choice

X1V Focus on own X X

payoff information

XV Initially skim all X X

information once

10.2.13.1Hypothesis XI: Accelerating Processing

The evaluation of Hypothesigl revealed a strong but anticipatedinfluence of the time
pressure task variables. As expectede limitation has a negative and complexigsa positive
impact on thenumbersof EIPs in the decisiemaking process. The net effect of both influences

is of certain interedtere sinceelevant studies describe an acceleration of processing under time
pressure. The objective of this hypothesis is thus to verify such behavior in the context of this
study. One can measure the acceleration in several Waxs.obvious approaches take into

account the relationship between time andsElfRe number of EIPs per unit of time and its
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guotient, the time needed per EIR the first approach, acceleration would be represented by an
increased number of EIPs per upit time. In the second approach, acceleration would be

represented by a decreasing time per ER(8), represents the latter approach

o-

h

Q BOO

h
v (8)

with 0 ; asnet processing time of taguntil it is finished andd 'O "Odsthe sum of detected

EIPs in this taskEquation(8) is further applied for evaluation. With this, one can formulate

Hypothesis Xl as follows:

XI. Time pressure accelerates information processing and dieaseaseghe time used to

execute an EIP, expressed by the r&lio

Given an a priori unknownstatistical distribution of behavior, demonstrated by the data stream of
players in a particular experimental designwith a fixed complexity® the timerelated
sensitivity is expected to influence the méeof the corresponding tia distribution,Q, subject

to the time limitd, as per théollowing hypothesis
040 A o A wd b § testing the corresponding null hypothesis
(Xl.a) OdO Al R A wh Fodwithd o and® ®E &0 ©
The case of evaluating the influence of complegity similarly formulated, with the value o
varying:
odo iy Ao dand
(X1.b) "OdO Abhd Fo Ao 6with®d @ and— @é &.i 0
For evaluating this hypothesis, a#cords are considered whereuse usagés appropriate, and
no premature terminations occub (569, w: 351, w: 646). The graphs of the ratio means are

presented inFigure 49 and Figure 50. Correspondingi-values are listed infable 80 and
Table81 (Appendix B.
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Influence of time limit

The sensitivity to timeifnitations is not particularly discernible. More significant deviations are

only evident foro and@ when complexity levels are lower. In these cases/)thealues are
sufficiently high to rejectO . Experimentw 's data never producgsvalues that meet the critical

value. Nonetheless, it is noteworthy that the averages reach a peak under severe time restrictions.
The peaks suggest that actions are taken with more caution, rather than accelerating as expected.
Alternatively, subjects ay beresignedin such cases. This finding is truly unexpected and
requires further detailed analysis to determine potential causes. A discussion will follow in

Chapterll.

Influence of complexity

When looking & Figure 50, w andw show declining means with growing complexigvels.
The mainly highh-values indicate an impact as propobgdhe alternative hypothesighe null
hypothesisO is rejected more frequentiy w and w (twelve and ten out ofwelve cases,
respectively), compared to which onlyshowsthis once. However, the accelerat@gsumption

Is widely confirmed for increasing levels of complexity.

FIGURE497 HYPOTHESIS Xt INFLUENCE OF TIME LIMITATION ON TIME PER EIP
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FIGURES0T HYPOTHESIS Xt INFLUENCE OF COMPLEXTY ON TIME PER EIP
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The final resultis that acceleration is observable focreasingtime pressure. However, this
entirely holds only for the influence of complexitywhereas time limitation showis at besti

such impact to an insufficient extefittis thus necessary to study this effect in more detail from

an individual perspective. Classification with respect to types of the observed dataset is assumed
to reveal moe insights into the acceleration phenomerdmsocial features are observed for this

hypothesis.

10.2.13.2Hypothesis XIlI: Relative DecisionTime

This paragraphdeals with the frequently observed feature in behavior that glayake a
decision in an early stage thie process and reviseoiertime. A potentialreason for this feature

lies inthe experimental desigithe termination rulsanctions every nedecision with the lowest
achievable outcomé equal to zero in relational payoffs. It iisvestigatedhere vhether time
pressure has any effect on this behavior. Although this strategy could be used for every task, it is
possibly more important to do so in cases of severer time limitation. This way, a player can deal
with the problem of sanctioningh advanceard can focus on information gathering and

processing for the rest of ttehortremaining time. In case cfeverertime restrictions,it is
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assumed that the decistomaking is possibly interrupteak one time to concentrate on the time

left. Herewith,one ca formulate the resulting hypothesis as follows:

XIl. Early decisiong with respect tdhe whole processing time of a tdskre likely to occur

in earlier stages of the decisianaking process when time pressure is rising.

The experiment measured the timeagflayer's first choice (click on a choice buttan), ,

and the time at which a player ends the game (either by clicking on the 'Finish’' button or, if time
runs out, by an automatic terminatio), . As behavioris observed under different time
constraints, the ratio of the time value® ando for task'Qas defined in E, is

used toanalyzethe data

o & ©)
Given an a priori unknownstatistical distribution of behavior, demonstrated by the data stream of
players in a particular experimental designwith a fixed complexity the timerelated

sensitivity is expected to influence the méaof the orresponding ratio distribution,, subject

to the time limitd, as per théollowing hypothesis

040 A o A wd b § testing the corresponding null hypothesis
XIl.a)yodd Al o A w Fhowithd o andw @€ &.i 0O
The case of evaluating the influence of complegity similarly formulated, with the value o
varying:

odo Ay Awh o dand
XI.oyodd A o A hd éwithw @ and— @wé &0 o
For evaluation, théme duration is measured as ttiee difference between starting the task and
first choice (i.e., lick on a strategyutton). The decision time is relatedthe finishing time of
the task. Subjects can finish the task by clicking the finish button. AlternatMelyselabWeb
automatially ends the task when the time limit is exceeded. Hypoth@sis evaluateddr all

records that provide appropriate mouse movement and a deaisids2{,w : 254 andw : 529).

Means 6 the decisiortime ratio are depicted irrigure 51 and Figure 52. Corresponding)-

values are listed imable83 andTable84 (Appendix B.
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Influence of time limit

Time limitations often affect all experiment versions. Based on the data presehtedrabl, it
is evident that the decision time ratio decreases significantly under severe time restrictions. In
these casesp supports the alternative hypothesis and rej&is eight out of twelve cases,

while the other two versions do not show such a high rejection rate.

FIGURES1T HYPOTHESIS XIt INFLUENCE OF TIME LIMITATION ON DECISION
TIME RATIOS
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Influence of complexity

When examining the impact of complexity, there are considerable differences among the
experiment versions. As expected, supports the alternative hypothesis in five out of twelve
cases. In contrast, versiods andw show a trend of making decisions later under increasing

levels of complexity. The impact of complexity, in general, is more evident than that of time
limitation.

The experiment results present a complex picture. Howeved, out3of 72 casesO is rejected,

indicating sensitivity to time pressure. The impact of time limitation on decision times for
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supports the assumption that the stronger the time limit, the earlier the choice. This hypothesis

also provides another instance of timpact of the experiment version on the data.

FIGURES2T HYPOTHESIS XlIt INFLUENCE OF COMPLEXTY ON DECISION-TIME
RATIOS
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10.2.13.3HypothesisXIll : Application of Strategic EIP COMPARE |

This hypothesis explores the relationship between the strategic EIP COMPARE | and strategic
decisionmaking. It is based on the idea of using heuristics to make decigtoalassification

of this EIP is similar to the one presentedSmbsectior8.3.2 Strategic choices encompass all
possible decisions of the heuristidd, D2, andEquilibrium. The heuristid_2 is excluded from
consideration since this strategic heuristiarks without usingCOMPARE " It can be agued
whether using COMPARE 1 is a reliable indicator of strategic decisiaking and behavior. The
number of EIP COMPARE | used in unsophisticated decisions (i.e. decisions based on heuristics
such asAltruist, Optimist Pessimistand Naive is used as aeference point. Therefore, the
hypothesis can be formulated as follows

175 Seethe production system &f in Sectiord.2.
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XIll. The use of the strategic EIP COMPARE | is more frequent in strategic decisions than in

nonstrategic ones

To test this hypothesis, the means of the EIP COMPARE | are compareahsnafesophisticated
and unsophisticated choices.

"O g o A oo § testing the

corresponding null hypothesis
(X1l .a) "0 g o A oo §
with 6 ando as corresponding time and complexity variables of @sk

To evaluate this hypothesis, records are used in which a decisiordés tha mouse is used
appropriately, and there are no prematereninations The dataset size is 527, 254, and 529 for
W, w, andw respectively, in terms of fulfilled tasks. Next, the records are categorised in terms
of sophisticated and sophisticated decisiongigure 53 presents the means with dashed lines

depicting thedatasebf unsophisticated choiceBable85 (Appendix B lists the corresponding-

values.

Analysis

Sensitivity to time limitation, in general, can hetedbest atw. Peaks within sections occur,
especially under ineffective time restrictioniBhe experiment version® and w show less
distinctive and fewer peaks. Looly at Figure 53, deviations between reference values and
comparative valueare rarely observed Four cases approach significance, with three of them
supporting theexpectedalternative hypothesis. All of them belp to . With this number of
cases one must infer that applyindpe EIPCOMPARE 1 is insensitiveéo choice and thus no
proper indicatompredicting choices. However, timbound sensitivity is indicated by the mere
existence of maxima and minima and theirrdbsition. Since the peaksaluesare increasing

with complexity increasg, applying COMPARE 1 is also sensitivedomplexity as can be seen
in Figure53.

The age category provides a notable feature regardimgl sspects. In 13 out of 16 cases, the
group of 26 to 33 years ddemployed COMPARE | to a more considerable extent in their
decisionmaking process compared to the group of 17 to 25 years old. Six cases approach a

significant level, mostly for moderagndstrongtime restrictions.
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FIGURES37T HYPOTHESIS Xl INFLUENCE OF TIME LIMITATION ON USE OF EIP
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10.2.13.4HypothesisXIV : Time Spent Reading Own Payoff

The idea to analyzhis aspect results from the findings of several reference studies which note a
specificway of selectng information under growing time pressure (among otheagne et al.
1988; Zakay 1993; Hwang 1994; Maule et al. 200Bor a strategic task environment,
Devetag et al(2016)repot on players spending more time fixatimog their payoff tharthat of

the opponen(pp. 190 ff.) It is thusexaminedherewhether one can detect such a selection
concerningocusingon individual payoff or opponent's payaiith increasingime pressurelhe

corresponding hypothesis directly follows from the resofiteferencd papers:

XIV. The proportion of time a subject spenfigusingon own payoff is increasing with
increasing time pressure.

As null hypothesis serves the status Guoo sensitivity can & examined. The corresponding

proportionof interest is givenby following equatior(Eg. (10)):
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(10)
with 0 r astime spent with the focus on own payoff in ta€knd o i as total
time spent watching the payoff cells in taQk

All records are included thaprovide adequate mouse usage and no premature rtatiom of

tasks (0: 569,w:351,0w0: 646). The r at i oFgsreShandFigsre5aThe depi ¢
graydashed line represents ttederence levelwith mean focus of subjects on own payoff under

no time pressure conditioW.aluesgreater 0.5can be interpreted as favoring the focus on own
payoff over the opponent's payoff and vice versa. Corresponguadues are listed ifable 86
andTable87 (Appendix B.

Influence of time limitation

The plotted meansef the proportionof interestin Figure 54 oscillateaboutthe referencédevel
section by section, indicating no stringent dependeiitye expected rise ofumberswith
decreasing time restrictions is observed in five out of twelve sections amoagpaliment
versiors. Those deviatits are yet rarely significant dee hypothesis tests revealche null
hypothesis is rejected in 5 out of 36 caddwe )-values also show no clear tendericyneither
among experiment versio® nor within task variables. It is thus evident that &éheeced
alternative hypothesis concerning the sensitivity to time limitation is generalguppbrted but

restricted to certain time pressure conditions and experimental designs.

Influence of complexity

In case ofincreasingcomplexity, the ratio is usuallybave the referencevel, even thouglit is
exceededless frequently (se€&igure 55). The hypothesis test results assert this trend with
tendencies of generally smallgivalues. That sippors the expectedalternativehypothesiseven

though only 9 out of 36 cases reach significance.

In this case, the influence of complexity mostly dominates the one of time limitation. The
expectedalternativehypothesisi focus on own pyoff is rising under time pressuiefinds
support more frequelyt here. Increasing time limitation has not shown evident tendencies of

sensitivity.
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FIGURES547T HYPOTHESIS XIV. INFLUENCE OF TIME LIMITATION ON MEAN
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FIGURES5T HYPOTHESIS XIV. INFLUENCE OF COMPLEXTY ON MEAN
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10.2.13.5HypothesisXV: Initially Skim All Information Once

This paragraphdeak with behaviorfrequentlyand exclusivelyobservedat experiment version

& .1 Players tend toncoverall cells first before starting to process the revealed information. It
is investigatedat this point whether this behavior is sensitive to timeguree. Theshareof the
populationwho uncovers all cells firss thus determined and comparfed each task. One could
expect a continuous reduction of thigare under increasing time presssireeeuncoveringcells

is a timeintensive action. Also, fohigher levels of complexity, this action might lead to a
confusion of thelayers sincehis action is not directly linked to information processing which in

that case could start with 25 open cdsrewith,the hypothesis is formulated as follows:
XV. Timepressure negatively influences the proportion of subjects who open up all cells first.

The null hypothesiglepicts the case whetane pressure does not significantly influence the
proportion Again, the proportiomf subjects who open up all cells fidgtermined under no time
pressure serves as reference valle examinatioleads toa datasebf 569 tasks fronw. All
records show adequate mouse usage and no premature terminatpomtidhs are depicted in

Figure 56 and Figure 57. Table 88 and Table 89 (Appendix B list the n-values of the

corresponding hypothesis tests.

Influence of time limit

The proportiongraphs inFigure56 indicate an evident sensitivity here. Foromplexity level of

2, thecomparative valuesxeedthe reference value. Since the number of cells within the payoff
matrix is minimal, subjects camcoverall of them in no time. Also, priming effect needs to be
considered that follows the initial task in teeperiment The process of opening cells is realized
as necessary and hence automatically processed at the begtienielgy,the observed behavior

is a lesson learned at the verggmning of the experimentThis behavior is frequently
observable until théime pressuras extreme The latter case can be alreanlyservedfor the
following sections of higher complexitgvelswherethe proportion of subjects who open up all

cells first massively declines with increasing time restrictions and lies henceforth below the

78 Due to different technical designs, ombystarts with covered cells that can be opened and closed independently.
This combination is necessaryfezilitate and hencebserve such behavior. Recall tdatstarts with open cells and
at® subjects cannot open cells independently.
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reference value. The results from hypothesis testing widely confirm that impresseaghtiof

twelvecases)O is rgected in favor of the expected alternative hypothesis

FIGURES6T HYPOTHESIS XV. INFLUENCE OF TIME LIMITATION ON PROR®RTIONS
OF OPENING UP CELLEIRST
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Influence of complexity

The picturedoes not clange when examinig the impact of complexity as can be seen in
Figure57. Beginningaready in the section of ineffectivane limitation for complexitylevels of

4 and 5, theproportion values fall beneath the reference value araver exceed them
subsequently Significant support for the alternative hypothesisoiservedin eight cases,

rejecting’O nine times.

The sensitivity to time pressure is evident. Both time limitation and complexity show a clear

negative influenceDifferences in social aspects cannot be observed.
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FIGURES71T HYPOTHESIS XV. INFLUENCE OF COMPLEXTY ON PRORORTIONS OF
OPENING UP CELLS FIBT
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The evaluation of the hypotheses leads to an interim conclusion: strategic detagiog
behavior is sensitive to time pressure, as evidenced by several significant characteristics. The
experimental setip dso has a formative influence on the obseretiavior The results of the
hypotheses test are discussed in Chapter 11 in the context of the research questions.

10.3Classification of Types

Results from hypothesis testing indicate a remarkable influence ofpigssure on diverse
aspects of decisiemaking. However, differences in the behavior of participants occurred. It is
thus investigated whether those differences can be attributed to the existence of distinctive types
of decisioamaking. If so, it is of futher interest to define such types. This section is dedicated to

these questions.

Section 10.2 analyzed fifteen characteristics of the decismaking process along with
hypotheses. The results of the hypothesis tests can now be used to identify cpgtidues
related to these characteristics and derive types of decigadmers. The characteristics are
categorized according to the underlying model of the cognitive process (see Segfion
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(see Hypothsis XI) . This category together wi XIW)iHsOwn p

regarded as relevant for both <cat egrocessimgs, 61 n
and hence multiply included. Additionall vy, t
classification and 6rdé6 rational wvalwues. Binar

thus averages can be interpret€dombs et al. 1975, pp. 33 fflhis information is essential for

selecting a proper clustering method.

Remarkable differences between types of behavior within each category are expected. This
requires grouping of behavioral data in the first place. The approach to derive types from
expeimental data is subject of the followisglsection.

10.3.1Classification Proceeding

For classification,CostaGomes et al(2001) compared subjects' behavior with the decision
making processes of heuristics. Their supervisaching approacfy’ is well in line withJohnson

and Payn€1985),Payne et al(1988) andBettman et al(1990). A distinct disadvantage is that

all types necessarily belong to the basic set of heuristics. Types that are not part of this set remain
unidentified. Also,CostaGomes et al(2001)examined subject by subje&tolonio et al(2014)
andDevetag et al(2016)follow a different approach in their eyeacking studies. The authors
performed a cluster analysis to group their subjects according to similar eye movement patterns.
This way types aa be identified independently of a specific set of heuristics. Also, cluster

analysis classifies all subjecsonce The method is thus adopted in the following.

Cluster analysis describes a set of methods to group large datasets of objects acceaigg to
similarity/dissimilarity definitons® 1 t i s someti mes referred to as
since it derives classification only from data, without-latgeled reference object3gn et al.

2013 p. 490 f). Theobjectiveis to find groups that are useful, meaningful or b@hn et al.

2013, p487). Certain methods oflagster analysis can provide a prototype for each group that
represents its members and their characterigliesm et al. 2013, pl88) These prototypes

summarize the chacteristics of the members within each clusiesults of clustering usually

7 n this classification approach, data objects are usually classified according to an underlying model of known,
classrepresenting data objectslgn et al. 2011, ®4). Comparing characteristics of unknown data objects with
those of the representatives enables classificatipart from this, here are a number of other established concepts
for cluster analysis and classification

178 Tan et al.(2013) provide acomprehensiventroduction tobasic concepts ofluster analysisand common
algorithmsin the context of data mining.
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depend on the selected clustering algorithm, and the similarity/dissimilarity measurement applied
(Hastie et al. 201,30. 459). One can categorize clustering technigueartitional clustering (all

data is grouped in disjunctive clusters), hierarchical clustering (allows nested clusters organized
in a tree) and densHyased clustering (clusters are built around areas of high data density in
Euclidean space). The limitsf the techniques' application are frequently discussed in the
literature (e.g.Hastie et al. 2013; Knaak 2013; Tan et al. 20¥@ith this information on hand,

one can select a proper algorithm according to thacgion's requirements.

Densitybased methods are often challenging to apply to-digtensional datasets due to the
difficulty in defining density under such conditions and the computational intensity of the
corresponding algorithnfTan et al. 2013p. 532). Its application in this context is thus not
further considered. Il nstead, a Qmeabshalgodathmi on o f
is selected from the established pool of clustemethods for treating the fiftearharacteristic

dataset’®

Hierarchical clustering can be computationally expensive for-tigiensional datasets and may
encounter issues with noisy ddfan et al. 2013p. 526).However, it can assist in determining

the actual number of clusters and appropriate centroids when applied to a dataset sample. One
effective clustering approach is to use these values to initiate-thedks' algorithnfTan et al.

2013 p. 503).

The po@meana partitioning algorithm providesusique assignment of data objects to
clusters Tan et al. 2013p. 496 ff.). Its cluster definition is prototyasedwherethe prototype

is interpreted as the center of a cluster. Forvahled data types, the center is the average of the
cluster members' data points. The algorithm is simple and effective in finding these centroids
(Tan et al. 2013p. 510).Tan et al.(2013, pp. 499 ff.)as well as theviatlab documentation
provide ahelpful description dthe underlying algorithm.

Frequently addressed drawbacks of this method areeitsitivity to outliersas well as its
dependency on the two initialization paramete
meet the initialization problem by enoying hierarchical clustering or initialization heuristics
such d®Bne & h ealgasithm proposed byrthur and Vassilvitskii(2007) to determine

19 This approach follows a similar proposalGtien et al(2005).
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parameter$®® For improving the results, multiple iterations with different values for the
initialization parameters are usually suggestédn(et al. 2013p. 502). The goodness of a
cust ering can be evaluated u ®ienllgavetapeesilnadustte | h o u e
widtho ) i ntr oRbusseeud(198¥y p59) and developedfurther by Kaufman and
Rousseeuw(2008, p.96) which is independent of the cluster number. Ihsiders both,
homogeneity within and heterogeneity between clusteith values bound to the interval

plp . Low values represent poor clustering where average distances between cluster members
are higher than average distances betweerchmter membex. Useful clusteringitypically have

a silhouette coefficiergreater tham® (Kaufman and Rousseeuw 200838).

Another significant drawback of th@meansalgorithm is that the search is limited to convex
clusterd®. It cannot identify other clusters that are based on data density or higahrch
structures® Convex clustersire expected to appear when minimizing the distance of a given
data object to the centroid of the cluster. They thus require the notion of a center and a reasonable
interpretation of this center concerning the datakam €t al. 2013p. 513).

In this treatise, the center is considered a prototype and its characteristics, as well as those of its
cluster members, are used to mptet it. Identified types are supposed to show differences in
values of the fifteen characteristics, with ftd¢ y pesd val ues represent.
ClustersThe al gorithmdés | imitation in seared is t
and he requirements for bathotion of a center and a reasonable interpretation of this carger,

clearly defined® The algorithm's properties are appropriate for achieving the objective of
clustering the available datasebwever, it is importainto discuss the potential limitations of the
algorithm's applicability. This could lead to further research involving the application of different

clustering methods to the dataset and a comparison of the results.

180 Matlab (in version R2014pincludes this algorithm as default setup for tmeansalgorithm.

181 Convex clusters are geometrically simple, generally sphasicaircular in shape, which assumes that all points
in a cluste are uniformly distributed around a cendgid the clustersave the same variance

182 The limitation is a result of the algorithm's core mechanics and objective furihiedkmeans algorithm aims to
minimize the sum ofthe squared Euclidepmlistancesbetween each data point and the centroid of its assigned
cluster.In case of thesquared Euclideanlistance metrichis distance minimization inherently favors spherical or
circular cluster shapes, which are convex. As a result, the algorithm is biasgdgadentifying clusters where all
points are approximately equidistant from a central point, forming convex shapéstlab, other distance metrics
are supported.

183 K-means clustering is commonly used for customer segmentation, as evidenced by appisox%iBi000 results

on Google Scholar for the term combinationrkans clustering customer segmentation' as of 03/01/2024. This use
case is similar to the one examined in thésitise
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Following the argumentation above, thepexment dataset is clustered according to the

subsequent procedure:

With sixcat egori es [ 61 n fithounhtime pressu@lc giuo smati oean acgq
under timél pfes sat iediphouptime pressuep hgf or mat igon pro
under ti méDe@ciesisont@e® expdrimeantaverdidng hoho and16 games

p.coxhe ¢ @8 h ¢ @ o @B ht v @ vhere ar@88runs in total.

For eachcategory experimenwersionand gamearry out the following steps sequentially:

1. Identify records of all players and adjust for applicatibthe algorithm*
2. Chosethe integer values frong to p Tas array of initial cluster numbei@ with p mas

iteration maximunt®

For 'Q ¢I8 Ip tdo while the silhouette coefficient ismaller than ® (and thus not

representing a useful clustering):

3. Find ‘Qvalues for initial cluster centroids tige Qmeans+-+algorithm (the first center
chosen uniformly at random among the data paints)

4. Use'(values from step 3 as initial parameter&wheansalgorithm.
Run Qmeansalgorithm five time&® each with a diférent first center chosen
uniformly at randomand return values according to best fitting (measure: the smallest
sum ofthe squared Euclidean distances between data points and centroid)

6. Determine silhouette coefficient of values of step 5.

184 The dhta scale has a significant influence on clustering basé&iididean distances. It is thus normalized to the
interval [0,1] as proposed in the literature (ektan et al.(2011, p.113 andTan et al(2013, p.553)), implying an

equal weight for all characteristi@ad preventing features with larger numerical ranges from disproportionately
influencing the clustering outcom&he normalization is done by Midax scaling (analog to Eq. (6) in paragraph
9.1.2.4).

185 This method searches for the highest silhouette coefficient among the cluster numbers ranging from 2 to 10. This
range represents the expected number of behavioral types. Having fewer than two types would result in only one type
of decisioamaker, which does mseem reasonable based on the results of experimental researchfigldthiss

people exhibit individual differenceglthough it is possible to conceive of more than ten types in principle, this
treatiseonly analyses ten heuristics and their patténnthe decisiormaking process (see section 4.2). Even if the
cluster prototypes only partially refer to specific heuristics, they still aid in interpretation. Therefore, the upper limit
of possible types is set at ten, and it is acknowledged that theralesults may not accurately represent the genuine
data structure or a local optimum.

188 The number of repetitions is the samevilab's default value for the algorithm. A variation of the repetitions in

the value range [1,10] has confirmed this settingreasing the number of repetitions beyond the value of five did

not improve the fitness values.
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7. Compare the Jae of step 6with the current maximum of silhouette coefficient: if

greater, store clustering results. If not greater, discard clustering results.

Matlab implements this method where hierarchical clustering, ‘@reeans andQmeans++
algorithms, as well as the silhouette coefficient, are available as predefined alg@itigmsing
with version R2014b, used in version R2018b)

After clustering, interpretation followgigure58 shows an example of how the clustering results

for a category are displayddr analysis andnterpreation. The exampleshows the centroids

values forcategoryé | nf or mati on processing underadti me p
game® owwod T h e c at l@aerisfic¥refer to Table 34)are on the horizontal axis and
corresponding values on the vertical axis. Values are normalized to the intdpvalwith the

maxi mum value mapped t borimngpraved itracdaldyr avliae consects p p e r
the discrete values that belong to a centrdlie maximum value of each category is given in
absolute terms above the lines. Each line in the figure represents the values of one cluster
prototype'®’ The sample data set was dividedo four clustersThe legend contains some
additional information: the cluster size as the number of membithhsa leading uppecase
sigmaand the sil houette coefficient with the | e:

goodnesof-fit.

By comparing the visualization of the cluster centroids (the prototypes), it becomes clear that
some of them exhibit similar tendencies in their valiégile thesolid line and the dasklotted

line differ makredly the linesdashed and the dotted lihavesimilar shapes. They seem to differ

only by an absolute term or in very few characteristics. One can suppose that thosealkisters
similar. Hierarchical clustering is applied the results of theéQmeans algorithm (cluster
centroids) to study their connection as proposedChgn et al. (2005, p406). The resulting

cluster tree is cut off at the distances between clusters that are greater than 1.0. This value
represents differences in tlfelative) expression ofat least two characteristics. It results in a

reasonable number of distinctive clustevhicharefurtherreferredto as decisioimmaking types.

187 A line connects the values for better illustration.
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FIGURES81T EXAMPLE COMPARISON - CLUSTER CENTROIDS
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10.3.2Results of Type Classification

The method proposed in the priarbsection results in a specific number of types witifiedent

properties in decisiemaking described in the following. Types are determined for each
experiment version separately and every part
acquisitiono, 6l nfor mat i on sentationcoé thesresnltg followsand 6
this order. One can generally observe those types in each of the experiment versions. They are
quite similar. However, differences exist and hence are presented along with the types'

descriptions.

Characterization

In the exyeriment versions, five types are distinguished. While most of the types are not

continuously present in all characteristics and time pressure conditions, oreatyfrequently
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beobserved This type is further addmasmedad Ay p&T \BD
0Type EO.

The characteristics of Type A are presented @ble 35. The first two columns offable 35
contain the parts of the behavioral model and theothgses that correspord the studied
category Each row refers to a single characteristic. The third column containglie or the

expression otharacteristiznder altering time limitation and complexity.

One can describe the essentials of TypecBAazacteristics as follows: this type of decision maker

Is analyzing the given information set with a consistently high velocity (see the development of
Hypothesis Xl (HXI) values inTable35). However, probablyor strategical reasons, a choice is
often made long before the task processing is over and from time to time revixél). (Fhis

type tends to regard all information at once at first but refuses to do so when time pressure is
increasing (HXV). Under swch conditions, the own payoff information is becoming more critical
(H-XIV). Eliminating alternatives seems to be an activity that is discarded fast when time limits
are becoming severer {H). This type applies the highest number of EIPSH, even tlough

it declines when time limits are getting severer. Among those usually are strategielB{PB.(

Both characteristics support the assumption of Type A frequently applyingntéhiive,
strategic heuristics or similar problesolving strategies. Heby, it selects the Equilibrium
decision most of the timeH{X). No other type achieves comparable frequencies here.
Consequently, Type A develops the highest payoff, even though this value is slightly decreasing
for severer time limits (HI, H-1V). All i n all, this type represents the strategic decision maker,

dominating the other types in most of the observed characteristics linked to strategic reasoning.

Type B is second in frequency, even tThAbleugh it
36 presents the characteristics. This type accelerates its processing speed when time pressure
increases by complexity or time limitation (see the developmeht-Xf values inTable 36).
Under such conditions Type B tends to focus more on its payleXl{) and increases to filter
information (HIX). There is evidence that this type changes prokdeming strategies under
increasing complexity (F/III). Such behavior is simér to the conjectures dden Zur and
Breznitz (1981, p. 43), as troduced in Sectio.3. However, a decrease in choice ratio with
growing time pressure could not be observidd)( Type B shows little intention to eliminate
alternatives (HII) or to use strategic EIPs todgop Equilibrium decisiongH-XIIl). Other, less
ElIP-intensive heuristics are employed insteaeMIHH-VII).
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TABLE 357 CHARACTERISTICS OF ¥YPE A

Part Hypothesis Characteristics
Information XII: Early High ratio values@.77 0.9), increase with complexity an
acquisition decision decrease with the time limitation, dominant type.
Information XV: Opencells Ratio values ofjreater tha®.6 forlow complexities,
acquisition first decrease with increasing complexity, dominant type
Information XI: Acceleration Constantly high velocity.
acquisition/
processing
Information XIV: Focusown Slightly favoring own payoff information under increasir
acquisition/ payoff complexity; dominant type concerning favoring own
processing payof.
Information [ll: Eliminate Eliminations increase with complexity. They increase w
processing aternatives time limitation up to a maximum that depends on the
complexity level: the higher the level, the more modera
the time limit at which maximunsiachieved.
Information VI: Sum of EIPs  Number of EIPs increase with complexity and decrease
processing with increasing time limitation, dominant type.
Information VII: Use Constantly 100 %, dominant type.
processing heuristics (qual.)
Information VIII: Use Numbers decrease with increasing time limit and reach
processing heuristics (quan.) their maximum at Level 3 with growing complexity,
dominant type.
Information IX: Random Omitting information increases with time limit and
processing complexity.
Decision X: Equilibrium 100 % for almost all occasions, dominant type.
decision
Decision I: Choice Always comes to a decision, dominant type.
Decision II: Relative Almost constant with increasing time limitation, reaches
payoff maximum values at a compiéy of level 4, dominant
type.
Decision IV: Payoff with Slightly decreasing with growing complexities, reaches
COMPARE | maximum values at a complexity lavel 4, dominant
type.
Decision V: Payoff without Constantly zero, since EIP COMPARISlalways used.
COMPARE |
Decision XIII: Strategic Generally, small numbers of strategic EIPs used, excej
EIPs &choice low complexities and moderate time limitations, domine

type.
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TABLE 3617 CHARACTERISTICS OF YPE B

Part Hypothesis Characteristics
Information  XII: Early Not observed.
acquisition  decision
Information  XV: Opencells Not observed.
acquisition  first
Information  XI: Acceleration Velocity increases with increasing complexity and sevel
processing time limits.
Information  XIV: Focusown Ratio increases with complexity and for higher levels of
processing  payoff complexity with time limit from low Q.2) to moderate
values (.5).
Information Ill: Eliminate Low values, moderately increasing withmplexity,
processing dternatives constant with the time limit.
Information  VI: Sum of EIPs Low values (max = 25 EIPs), increases with complexity.
processing decreases with the time limit
Information VII: Use High values (8G 100 %), increase ith complexity up to
processing  heuristics (qual.) Level 4, constant with the time limit.
Information VIII: Use Slightly increasing with complexity; constant with the tin
processing heuristics (quan.)  limit.
Information IX: Random High values (80 %) from the beginning ieh increase with
processing complexity and time limit up to 100 %.
Decision X: Equilibrium High sharedor low complexities and moderate time limit:
decision (> 90 %), values decrease sharply with growing comple
and severer time limits (0 %).
Decision I: Choice High values (9G 100 %).
Decision II: Relative Ratio increases with complexity and time limit from zerc
payoff up t00.7 of the maximum payoff achievable.
Decision IV: Payoff with Ratio is zero in most cases, witlireexceptions@.2i 0.4).
COMPARE |
Decision V: Payoff without  Ratio increases with complexity from zero@8, sharp
COMPARE | decline for high complexity combined with severe time
limit.
Decision XIlI: Strategic Constantlylow values (007 0.2).
EIPs &choice

The payoffs realize this way are smaller compared to Type A, even though they increase under

growing time pressure @). If the strategic EIP COMPARE 1 is not in use, payoffs drop under
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extreme time pressure {¥). In its characteristics Type B reveals close resemblancde
adaptation process of human decisioaking under time pressure described in literature
(compareMiller (1960, p.697), Ben Zur and Breznit¢l981, p.102) Zakay and Woole(1984,
p.279), Zakay (1993, p.60) among others).

Type C shows a singl e occurgreaentbamerdqfor eachbobtleec i si o
corresponding heuristics. Characteristiegarding behavior under time pressure conditions

cannot be inferred from that. A detailed characterization is thus omitted here.

Type D is mai nly present I n 6l nformation a (
6Deci si onbé, t hi s derycpnglitions soflove complexity and snedest tima n
limitation. Its characteristics are shownTiable37. In opposition to Type A, players of this type

show little intention to make early decisions under moderate piressure. However, this attitude
changeswith growing complexity (see the developmentbiXll values inTable37). Similar to

Type B, information acquisition and processing speed accelerate with growing tsearpré-

X1) . Certain adaptation in Ol nfor maddterninad pr o C ¢
because of Type D's limited occurrence. However, this type tends to favor its payoff information
(H-XIV). Alternatives are rarely eliminated ¢(H). The small sums of EIPs in use point to the
application of less effortful heuristics and probisolving strategies (fI i H-VIII). Omitting

information seems to increase with complexityl(FX ) . I n 6Decisiond, Type
occasions, both for théowest level of complexity under moderate and strong time limits.

Characteristics can thus not be inferred.

Similar to Type C, Type E shows very few occl
t wo i n 0Deci si ond withi gredet than zeg afoneeachs & tthe  wi t |
corresponding heuristics. Characteristics regarding behavior under time pressure cannot be

inferred from that. A detailed characterization is thus omitted at this point.

TABLE 3717 CHARACTERISTICS OF YPE D

Part Hypothesis Characteristics
Information XIl: Early Start with low to moderate ratio8.07 0.4) which increase
acquisition decision with complexity (up to maximum values of 1) and decre:i

with time limitation.
Information XV: Opencells  Values > 0 only fofow levels of complexity or ineffective
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Part
acquisition

Information
acquisition
/processing

Hypothesis
first

Xl: Acceleration

Characteristics

to moderate time limits; in that cagaluesincrease with
the time limit and level. Values vary markedly with
experiment versiofw: 0.67 1.0, w: 0.07 0.1,w: 0.27
0.4).

Velocity increases with increasing complexity and sever
time limits.

Information XIV: Focusown Values > 0 only fotow levels of complexity with moderat
processing payoff to strongtime limits, favoring own payoff information.
Information lll: Eliminate Small values > 0 only fdow levels of complexity or
processing aternatives ineffective to moderate time limit.
Information VI: Sum of EIPs Values > 0 only fotow complexity and or ineffective to
processing moderate time limit (~ 50 EIPS).
Information VII: Use Shares> 0% only for low levels of complexity or
processing heuristics ineffective to moderate time limit (in that cas¢iosare
(qual.) equal to 100 %).
Information VIII: Use Values > 0 only fofow levels of complexity or ineffective
processig heuristics to moderate time limit (in that caabsolutevalues are
(quan.) constantly 4).
Information IX: Random Shares> 0% only for low levels of complexity or
processing ineffedive to moderate time limit. In that casatios
increase with complexity from @ up t0100 %.
Decision X: Equilibrium Constantly zero.
decision
Decision I: Choice Ratios> 0 only occur forlowest complexity. In that case,
ratiosare always 1.
Decisim II: Relative Ratios> 0 only occur fotowest complexity. In that case,
payoff valuesreacha maximum 0.6 atstrongtime limits.
Decision IV: Payoff with  Values > 0 only occur fdowest complexity. In that case,
COMPARE | valuesreacha maximum oD.2 atstrongtime limits.
Decision V: Payoff Values > 0 only occur fdowest complexity. In that case,
without valuesreacha maximum o0.4 atstrongtime limits.
COMPARE |
Decision XIII: Strategic Constantly zero.
EIPs &choice
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Changes of Type Fregency

After characterizing the five types, it is of interest how the frequency of the types changes with
respect to the game set. The rates of remaining at one type and switching to another can point to
changes in the general problewlving strategy withvarying time pressure conditions. The
following figures Eigure59 to Figure 67) illustrate that aspect for each experiment version and

process part. Each figure contaihsee stacked subplots.

The upper plot illustrates the frequency of the types in numbers for increasing time pressure
conditionsi similar to the order of tasks in the experiment. The size (in absolute numbers) of the
most frequent type group per gamedsi@d in the upper region of this plot.

The middle graph shows the ratio of remaining players to all playbed is the share of players

who are assigned to the same type in g&ared the following gam& p compared to the type's
group size in gam&The size of the largest group of remaining players is additionally presented
in absolute values in the upper part of this plot. Note that there is no valid value of the remaining

pl ayers in the | ast game becaustusstated.t hi s r at i

The lower plot contains informatioon the ratio of players who switch types. Analogous to the
ratio of remaining players, the switch ratio is given by the share of players assigned to different
types in gamé&and the following gamé& p compared to the type's group size in ga@feome

data points are depicted as diamonds. They represent high switching rates of the corresponding
type. Those peaks are marked when they meet the following condition: ratiasetlad least one
standard deviation above the arithmetical mean of the type's switching rates of all game tasks.
They are essential for analyzing the volatility of type memberships. Again, the size of the largest
switching group in absolute numbers igdad in the upper part of this pldthe legend in the

lower region of the figure informs on depicted typ8snilar to the size of the group of remaining
players, there is no valid value of switching subjects in the last game because of the underlying

definition. A value of zero is thus stated.

The following example taken froigure59s h a | | il lustrate the diagr
first game of the experimeintcomplexity level 2 and ineffective time limitatid 54 players are
assigned Type A. Of those, 38 remain Type A in the next game, vghecjual toa ratio of about
0.70. Further 10 players switch to either Type D or Type E wisiddgual toa ratio of 0.19.

Some players decide to quit the experimenth& stage. This group consists of 6 players
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o Y p 1 oraratio of about 0.11. The number of playgh® switch to Type A group

from gameQo gameQ p can be found by calculating the difference between the size of Type A

in gameQ p and the typé s

players

S i

Z e

of

t h QI tkenegampledseudied hemne, 1 a me

v p o Yof Type D or E switch after the first game to Type A.
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FIGUREG627 CHANGES OF TYPE FREQENCY IN INFORMATION AQCUISITION IN w
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FIGURE647 CHANGES OF TYPE FREQENCY IN DECISIONw
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FIGURE667 CHANGES OF TYPE FREQENCY IN INFORMATION PROCESSING»
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Table 38 presents the ranking of group sizes under different time pressure conditions for each

experiment version and each part of the process separately. Gray cells indicate cases where the

first ranked type dominates all other typesdll time pressure conditiort&®

TABLE 3817 SUMMARY CHANGES OF TYPE FREQUENCY

Version Process Complexity
part 2 3 4 5

W Acquisition A,D,E A,D,E AD,E AD,E

W Processing B,A,D A/D,B A,B,.D A,B,.D

W Decision B/D,AE,C B,AD,C/E B,ACDIE AB,C/DE

w Acquisition A/D,E A/D,E AD,E AD,E

W Processing B,A,D,E B,A,D,E B,A,D,E B,A,D,E

@ Decision BADCE A/B/DIE,C B,DAE/IC B,AEC/D

W Acquisition D,AE A/E,D A/D,E A/D,E

W Processing A/D,B A,B.D B,A,D A,B,.D

w Decision B,ADC/E ABD,CE BEADC BAC/DE
Version Process Time limit

part ineffective moderate  strong sevee

() Acquisition A,D,E AD,E A,D,E A,D,E

W Processing A,B,D A/D,B A/B,D A,B,D

® Decision A/B,C/ID/IE B,AD,E,C A/BD,EC B,AD,CE

® Acquisition A,D,E AD,E A/D,E A/D,E

® Processing B,D,AE B,AD,E B,A,D,E B,A,D,E

W Decisin B,AED,C BACIE B,AD,E,.C B/D,ACE

w Acquisition D,AE D,A/E AED A/D,E

W Processing B,A,D B,A,D A,B,D A,B,D

W Decision B,ACiE B,A,CiE B,A,C/DIE AB.E,D,C
Legend

,  Separate ranks

[/  shara ranks
rank #1 dominates

18 Consider the ranking for versiegm,at pr oc es s paad atcomplaxitydevel of 2 for exampée. Type A
is ranked first, followed by Type D and finally Type E. The cell is madeg, showingthat Type A dominates the
other types for all game tasks of complexity level Rafflcomprises four game tasks, each with a different time limit
(ineffective, moderatestrong,and severe).
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7

tcanbebserved that Type A is most frequent 1in O
and at some distance by Type E. For the oO1Inf
varies with the experiment version. In versiansand w, Type A agai is the most frequent,

followed by Type B. In case of versiaght he typeso6 positions are ir
versions, Type D follows third in group size at some distance. In the decision part, Type B

dominates, closely followed by Type A aadain at a distance by Types D, E and finally C.

Remaining and Switching

CostaGomes et al(2001, p.1194)assume in their paper that types are relatively constant for all
game tasks they sy (i.e., no time pressure, moderately varying complexity conditions). This
assumption is supported Bplonio et al(2015, p.95)whofind that patternefa s u bvjswalc t 6 s
information acquisitiordo not change within a single game t&k That is interesting since the
gametasksstudiedvary concernig their strategic intensity’’ Their finding implies that subjects

do not adjust their behavior to the specific strategic level of a task.

In tasks with time pressureonditions an adaptation in behavior, as describe®dyy Zur and
Breznitz(1981, p.102), is confirmed for all identified types within the present experiment. Since
types repesent different concepts of problesnlving, high switching rates between the types
imply fundamental changes in problesolving strategies. It is thus essential to identify

conditions under which they occur to determine the influence of time pressure.

The volatility of type memberships, as switching rate of players between two game tasks, is
presented irthe following. Figure 59 to Figure 67 provide the rates of remainindagers and

switching players along the game set. Those ratios are directly linked together by the frequency

of types. It is thus sufficient to focus on one of the two ratios to analyze the volatility of types. In

189 They focused omone shabdwo by twaddgames without time limitation, where either, neither or only one of the

players had a dominant stratefy= f our t y p-gamés.last @ Gimgke rognd. cAfted a player makes one

choice, this specific task is finished and either the task changes amatickingof players changes. This way,

l earning effects can be | abryg etlwo 6a vrod fdeerds. tToh et hceh arr tansht eerr
in a game: here, each of the two players can choose between two alternatives. This setup is similar to a complexity
level of 2.

1% polonio et al.(2019 concludethat the ability of sophisticated deion-making varies among humaiisa
problemcentered strategy adoption is usually not made. In other words, the subjects tend to apply the same strategy

of information processing fahe entire experimenC. he ter m &ésophistication'’ is also
reasoning (e.g., in the cognitive hierarchy model introduce€dyerer et al(2004)) or the ability of strategic

thinking (e.g., inCostaGomes et al(2001)). Which of the terms is in use depends on the underlying model of
examining the process of cognition.
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this treatise, the focus lies on the swimchratio which offers direct access to identify changes in
problemsolving strategies. Diamonds depict high switching rates in the corresponding plots.

Results of the analysis are given for each type separately.

For 61l nformati on adegpeaks in switahingorates rythe énighést Igvel ofv |
complexity (i.e., 5 alternatives) or demanding time limits (i.e., strong and severe). Values range

from 0.5 to almost 1. However, phases of constant ratios at a value of zero can be found for

complexities of levels 2 and 4 (experiment versin or levels 4 and 5¢f) . For 61l nforn
processing6é, peaks occur for | ow |l evels of <co
i mits. For 6Deci si onbé6, p e & kos demaading time dinits. hi g h
Her ewit h, peaks of o6l nformation acquisitiono

between the information acquisition strategy and choice. Switching from the information
acquisition strategy of Type A is benefiteg strongertime pressure. The information processing

strategy already shifts under moderate time pressure.

Type Bisnotpresent or Ol nf or mati on acqui sitiono. For o
found. They occur under various time pressure c¢mmd. However, continuous phases of
moderate to low switching ratios for higher levels of complexity are present in all experiment
versions. In case @b, a consistently low ratio is present for all levels. Peaks in maldoigidrs

are observed onlfor experiment version® andw for strong time limits when complexity is of

level 2 to 4. Higher levels of complexity @t andw are associatedith continuous phases of

low ratios (i.e., about zero). The information processing sfyatdf Type B shows lowest

switching ratios among all types, implying a particular attraction to corresponding participants.

However, decision behavior shifts when time limitation is strong.

Type D provides evenly distributed peaks over time pressure coodi s i n ol nfor
acquisitiond. C o n apitod)weclr foy higher Igvéls of carplexitgat gnd . e . |,
w. I n 6l nformation processingéd, one can obse
time limits for all levels of complexity. Type D is not presentdigcisionmaking. Except for
experiment versio, subjects assignedto TypeDohge t he 61 nf or mati on ac
when complexity increases. Similar to Type A, information processing behavior shifts under

moderate time limits.
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In summary, five decisiemaking types are identified, characterized and described regarding

their frequency and volatility under time pressure conditions. Especially Types A, B, and D are
frequently present in the analyzed data set. They show different characteristics in the-decision
making process. Decision makers of Type A can be assumed to be theoplasticated type of
decisionmaking, followed by D and B. All frequently observed types adapt behavior under time
pressure, with Type B showing most similarities to the process describ&erbyur and
Breznitz(1981, p.102). While Type A is the most frequenttyf 6 | nf or mat i on acqui
6l nformation prooes®»Drgdsiondéi sPaypecBpants f
by changing their fundamental problesolving strategy. The most frequently observed switches

occur from ElRintensive (like Type A) to less intensive (Type B) strategiesesé&liinding

support thdirst three results of thergparatiortime model (Sectior3.3).

This chapter was dedicated to present the results from the experiment. Fifteen behavioral aspects,
related to the process described in theppation time model, were studied with respect to the
influence of varying time pressure conditions. Some general characteristics could be determined
this way. The findings generally support the results of tteparationtime model. However,
differences beteen the predictions of the model and the experimental dataset occurred in
individual game tasks, requiring a more nuanced consideration of degialang behavior.
Classification revealed the existence of five types which differently adapt to time preBseir
frequencies within the group of participants are determined as well as switching and remaining
ratios. The latter two showed support for thhegarationtime model. In the following chapter,

the results from the analysis of experimental data &seusised regarding the initial research

guestions of this treatise.
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11 Discussion of Experimental Results

The present chaptéiscusses selected findings of the experiments in more detail. This discussion
seems especially necessary in case of resultsridgfdrom assumptions of the underlying
preparation time model. Also, findings from the present study are compared to those reported in
the relevant literature. This way, consistency, as well as improvements in theory, can be outlined.
The chapterbegins vith a discussion of the data quality produced in the experiment before
concentratingon the results of the hypothssiests which rely on this dath. concludes by
discussing results from classifying behavior.

Laboratorybasedexperimentatiorgenerally povides a high level of control and thus a sufficient

data quality without influences by external bias Those advantages in control are not
automaticdl transferable to online experimeniThar experimental design needs ¢onsider

this circumstancearetilly. As described in Chaptéx various precautions are taken to deal with
uncertainties in data entryA minimum standard regarding th@operties of the dataseis

defined for each hypothesis. Those actioasnot entirely preventl-intended participation that
otherwise matches all requirements. Nevertheless, the probability of such behavior is assumed to
be negligibly small, since no aspects of the experimental design offer corresponding incentives or

evoke such motivation.

A serious problem witldata quality is unintended behavior that is the resuttistincerstanding
the experimental tasks. The introductory part comprises of explanations, tipsslaodtest, in
which participants need to correctly ssver two questions regarding their understanding of
design and conten?® During the experimental sessignno feedback occurred thaxplicitly
mentiored problems in understanding the tagdswever, anticipating the interactive character of
the tasks aswell as spontaneously developing proper probisoiving method without
previously knowing angoncepts of the game thease demanding challenges

Whether or not subjects could have disee mousemore intensivelyduring decisioamaking
when familiar tothose solution conceptsannot be evaluated appropriatelyhis evaluation
demands knowledge of a subjectbdés individual
the basis for anndividualized interpretationmetric. That de factoidentification of tygs of

191 Recall that the principle is studying initial behavior rather than training effects. Theggegmental exercise is
not favored.
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mouse users, aduang et al.(2012) suggest, is not undertaken in the context of this study
However, this is not necessary to generate reasonable infereagesndividual mouse use

behavior, asluang et al(2011)prove in their study

The application of a general metric also had iogilons for the tested set of hypotheses.
Quantitative differences between subjects regarding certain aspects needed to be relativized (e.g.,
Hypothese$V andV) or even transformed into a qualitative statement (e.g., Hypotheses|)

to achieve generality. The limited validity is regarded as acceptable, even though ilidettua

analysis isassumed to bear high potentiagarding decisioimaking insights.

The following paragraphs of this chapter focus on the results of hypothesis testing and their
implications in the light of changing complexity and time constraints. Thieoauliscusses
observed dissimilarities between experiment versions, as well as deviations of results of
hypothesis tests from assumptions. The experimental procedure is also discussed, with a focus on
the examined derivation from the preparation time edmplications. Finally, thishapter
discusses the classified typesbehaviorand places them in the context of the underlying model

of preparation time.

Table 39 presents the results of hypothesis testing light gray cells indicate support for the
stated hypothesé®, following the notation in Chaptdi0. Light gray cells with an asterisk (*)
indicate rejection ofO, but with a majority off)-values pinting towards an alternative
hypothesis’© with an opposite tendency. If the null hypothes@)(is mostly accepted, the
corresponding cell in the table will be colored in dark grey. For white cells, the hypothesis has

not been tested in this pi@ular experiment version.

As can be seen ihable 39, the threeexperiment versia perform quite differentlyvith respect

to the hypotheses. Whereasshowssupport for expected behavion @5 out of 28caes w and

w, with 5 out of26 cases and 9 out &3 casesrespectively, show a noticeably lower rate.
However, thehypothesistest results from regarding time pressure sensitivity shovgte
similar quality to the one ofw (21 out of 23 cases). The only two differences occur for
Hypothesidl andXIl. In the former case, bot#xperimentversions shar¢ghe missing sensitivity
of general payoff geerationregardingtime limitation This outcome charactees the first of
two parts that belong to the evaluation of Hypothési$he second one provides Hypothdsis

where only®w andw produced results. Sinag is supportive in the case df, the combined
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result supportslso Hypothesisll whereas foro the evaluation is only based on the negative

vote of the test mentioned above.

TABLE 397 OVERVIEW OF HYPOTHES$S TESTS

Hypothesis concerning Time limit Complexity
influence of growing time pressure: W 00 0 W W
| General Sensitivity

Il Qualitative Sensitivity: negativiefluenceon
effectiveness

Il Reduction of Alternativesnegativeinfluence [ ] ]

IV Payoff Strategic PSM: negativefluence
V Payoff Non-strategicPSM: positiveinfluence

VI Qualitative Sensitivity positive (time limit)
/negative (complexitylnfluenceon efficiency
VII Application of Heuristics: nanfluence ] |

Vi1l Heuri st imegadve@vemp | . .
limit) /positive (complexity)influence

IX Application of Random positiveinfluence 1 ] 1
X Equilibrium Choice: negativénfluence 1 1 *
X| Acceleration positiveinfluence ] ] [ ]

Xl Relative DecisiorTime: negative influence ] B

X1l Application of strategic EIP COMPARE I ...

negativeinfluence
1 | J | | |

XIV Focus Own Paydf positiveinfluence

XV Initially Skim all Information oncenegative
influence

Legend

no data| support forO | * support for tendency opposite @f FH@Re piglo1d N = =lw =]

In the other case, where the resultsvoindw are different(i.e. HypothesisXll), both versions

show similar tendencies in three out ofurffolevels of complexity yet w surpasses the
significance level more frequentiThe discrepancy at a levelcomplexity where decisietime
ratios unexpectedly increase far remains the only question mark when comparing the two

experiment versinsi which in all other cases produce similar test results.
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The experimentoy instead shows eleven cases of different test outcomes when compared to
Of the 15 cases where andw show similarity,only four support the respective hypess:
Hypothesed andll i both sharing a rather general view on the subject niaftarthe influence

of time limitation and complexity. Thexperiment versiom suffersfrom at least three issues,

most likely causing the observed discrepancy in comparison to the other two versions:

1 mouse usage is not encouraged sufficiently,
1 asmalldatasetand

i different time limits.

The first pointis dueto the payoff natrix designthe participants face when starting a task. With
all cells initially uncoveredthere is no need to use the mouse for gathering informiasofely
viewing is enough. Ingood compliancewith the findings ofHuang et al.(2012) the mouse
pointer is inactive for the majority of the timié at all, it is used as reading or concentration aid,
especially when the information is presented compledlywever, this is not expressad the
proposednterpretationframework as it offers too little reasonable and particularly deterministic

information to conclude on the underlying cognitive prodess observed behavior.

As mentioned earlier, thiaterpretationmetric requires the adequate employmenthef mouse.
With the little encouragement intensively use the mouskat the design ofw provides the
datasetfor hypothesis testing is often notably reduced. The circumstancecdhatovides the
smallest rawdatabaseamplifies this effect. tlis hence difficult to reach significance in the

hypothess tests.

The last drawback is the difference in time limitation. As argue@®aragraph9.3.2.1 the
restrictions are generally based on-prperimers where the set of participants was smaller
compared to this experimernit. is, therefore, possible that versiepecific time limits do not
represent the intended time pressure levels, although the same rules were used to determine the

levels for all expgment versions.

The results fromw thus mustbe treated with cautionAn evaluationmust consider the three
issues mentioned abavdowever, for several practical reasons this is not manageable within the

scope of thigreatise.

In the following thetest results of the remainirxperiment versiaw andw arereviewed At

this point, it seems practical to focus @nonly since theresults of both experiment versions
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show considerable similarities. Beyond this,with 29 out of 30hypothess tests provides the
richer databaseThe resultsare assumed to be valid far, too, which is thus only implicitly

reviewed at this point.

11.1 Supported Hypotheses

The impact of time pressure on decisioaking is the first research objectiveandathus
constitutes the primary focus of ongoing hypothesis evaludmmna coherent picture, it is worth
mentioning that the test results support the time limit aspect of seven hypotheses and the
complexity aspect of eight hypotheses. Six of thosesapportedfor both aspects ahe ame

(increasing) time pressure tends to

have a significant influence on thecisionmaking process
have a significant negative influence on the effectiveness of choice,
have a significant impact on the reduction of alternatives (the tendenegasivein case
of time limitation and positive in case of complexity),
have a sigricant positive influence on the efficiency of choice,
have a significant impact on the number of heuriste problemsolving patterns (the
tendency isiegativein case of time limitation and positive in case of complexity), and
1 have a significant negae influence on the frequently observed behaviorindially
scanningthe content of all cellence before starting structured information acquisition

and processing

The hypotheses that gain support fatyoone of the two aspects atypotheses(, XI andXIlI.
HypothesisXll, supported regarding its time limit aspect, provithesfollowing characteristics:

1 With a constant level of complexitgnd a decreasing time limitlecisions tend to be
made earlier concerning the time available for task processing
1 With similar time limits, decisiortime relative to the time available iscreasingwith

increasingcomplexity.

The latter characteristic was not anticipated by the time the hypothesis was formulated and is
surprising at first glance. Thieehavioral patterrof making an early decision before starting

information gathering and pcessing is less frequently applied or at least shifted to a later stage
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