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decision-making in static situations, little is known about how decision-making happens in 
dynamic contexts where time plays a crucial role. Therefore, it is important to produce new 
information about the behavior of decision-makers in such environments.
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some extent other types of learning domains where semi-structured data is generated, such as
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Tiivistelmä
Tämä väitöskirjan tavoitteena on tuoda uusia näkökulmia päätöksenteon analyysiin. Tutkimus
keskittyy reaaliaikaiseen päätöksentekoympäristöön, jossa simuloidaan kompleksista
liiketoimintaympäristöä tuotannon, toimitusketjujen hallinnan ja markkinoinnin alueilla.
Päätöksentekoyksikköinä ovat liiketoimintasimulaatiota pelaavat 2-3 hengen tiimit, joiden
päätöksentekokäyttäytymistä tässä väitöskirjassa tutkitaan. Tutkimuksessa hyödynnetään useita
näkökulmia ja menetelmiä uuden tutkimustiedon tuottamiseksi reaali-aikaisesta päätöksenteosta.
Tutkimus on toteutettu "RealGame"-nimisessä liiketoimintasimulaatiossa, jota käytetään
tuotantoyritysten henkilöstön 2-päiväisissä koulutuksissa. RealGame on reaaliaikainen simulaatio,
jossa pelaajien muodostamat 2-3 hengen tiimit toimivat päätöksentekijöinä omassa
tuotantoyrityksessään. Päätöksenteon tutkimus on laajaa, mutta se on keskittynyt pitkälti
staattisiin päätöksentekotilanteisiin. Vähemmän tiedetään mitä päätöksentekijät tekevät
tilanteissa, joissa päätöksiä tulee tehdä aikapaineen alaisina reaali-aikaisessa nopeasti vaihtelevassa
liiketoimintaympäristössä. RealGame-liiketoimintasimulaatio tarjoaa relevantin
tutkimusympäristön tähän tärkeään tutkimusalueeseen.
Tutkimus hyödyntää reaali-aikaisen ja dynaamisen päätöksenteon käsitteitä ja perustuu laajemmin
preskriptiivisen päätöksenteon viitekehykseen. Tutkimuskysymykset liittyvät päätöksentekotiimin
koostumukseen, menestyksekkään päätöksenteon rakenteeseen sekä erilaisiin
päätöksentekostrategioihin reaali-aikaisessa ympäristössä. Sen perusta on aikaisemmissa
tutkimuksissa, jotka ovat käsitelleet päätöksentekoa simuloiduissa ympäristöissä. Tämä tutkimus
on kuitenkin yksi harvoista, joka tutkii erityisesti tiimien päätöksentekoa reaali-aikaisissa
liiketoimintasimulaatioissa.
Tämä tutkimus osoittaa. että erilaisten tutkimuksellisten ja metodologisten näkökulmien avulla
voidaan saavuttaa uutta tietoa siitä, miten päätöksiä tehdään kompleksisissa
liiketoimintaympäristöissä. Tässä tutkimuksessa uutta tietoa saadaan erityisesti tiimien
reaaliaikaisesta päätöksenteosta, joka on vähemmän tutkittu alue. Tulokset osoittavat, että tiimin
koostumukselle on vaikutusta menestykseen ja parhaiten menestyneet sekä heikoimmin
menestyneet tiimit hyödyntävät informaatiota eri tavalla. Lisäksi havaittiin, että päätöksenteossa
on tiettyjä strategioita, jotka ovat tyypillisempiä individualisteille. Tulokset kontribuoivat päätök-
senteon teorian kirjallisuuteen. Tietoa voidaan hyödyntää myös käytäntöön esimerkiksi 
monikansallisissa organisaatioissa. Lisäksi tutkimuksessa hyödynnettyjä metodologioita ja 
analyyttisiä näkökulmia voidaan hyödyntää laajemminkin semirakenteellisen datan analysointiin 
esimerkiksi digitaalisten palvelujen analysoinnissa.
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1. Introduction 

Business is conducted in competitive environments nowadays, which are likely 
to be increasingly turbulent and unpredictable (Beer & Nohria, 2000; Eisen-
hardt & Brown, 1999). Karin and Preiss (2002) claim that business processes 
include different kinds of interactions, which have changed as the world of busi-
ness has transformed from a static one to a dynamic one. Quite typical for a 
dynamic environment is that decision making could be seen as continuous dy-
namic processes—that is, those in which rich information is continuously gath-
ered, decisions are evaluated all the time, and the consequent actions change 
continuously. Indeed, Karin and Preiss (2002) have described these kinds of 
dynamic environments in the sales domain. They claim that suppliers of super-
markets need to monitor variables which describe sales, and these variables are 
both dynamic (values of variables are changing with time) and continuous (val-
ues of variables are continuous). According to Fischer et al. (2015) instances of 
decisions that are dynamic in nature can be found in many different areas: in 
the workplace, running a company, during political negotiations, and even in 
making medical diagnoses. It is also noteworthy that organizations increasingly 
use more and more digital technology in their internal operations and thus cre-
ate increasing amounts of real-time information about their business processes 
(Kieslinger & Polazzi, 2004).     

  It was already being argued at the beginning of the millennium (Lerch & Har-
ter, 2001) that technology is causing information to be created so fast that indi-
viduals and organizations may have difficulty making sense of it. As these tech-
nologies are now extensively utilized, organizations have a chance to collect de-
tailed information on real-time events, such as transactions. A vast amount of 
data (structured or unstructured) is generated, in line with the principles of 
Moore's famous law nowadays (Moore’s law originally meaning that on an af-
fordable CPU, the number of transistors would double every two years; see 
Moore, 1965). The era of big data (data with “big” volume, velocity, variety, and 
veracity; see Goes, 2014) creates opportunities for organizations.  To be able to 
learn from these vast datasets, the organizations need many new kinds of capa-
bilities (for example, skills related to data warehousing, information architec-
ture, hardware, software, and capabilities to analyze and refine theoretical and 
practical knowledge from raw data). The rapid development of the business en-
vironment then means that there is a need to advance our ability to consume 
massive quantities of information in complex environments that operate in a 
real-time manner (Lerch & Harter, 2001). The same phenomenon is reflected in 
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the increased demand for business intelligence software generating and utiliz-
ing real-time data (Turban et al., 2007). One reason for this is the need to be 
able to make decisions faster and more frequently—in real-time—in organiza-
tions. 

  Does the analysis of decision making, then, differ in static and dynamic envi-
ronments? The research on human decision-making processes is often based on 
the axioms of rational choice and their modifications. A common study setting 
reminds of an optimizing process, perhaps with multiple alternatives and attrib-
utes, and the task is to find some mathematical solution based on optimization 
(Bragge et al., 2012). One common feature for these kinds of studies has been 
their cross-sectional approach where time itself has not played a role—at least, 
any significant one. This kind of simplified view of decision making, where de-
cisions are like single-shots, has long dominated decision research (Fischer et 
al., 2015). In these studies it is often supposed in a normative spirit that decision 
makers are highly rational, almost superhuman calculators; however, Aumann 
(1992), for example, found that rational choice is tricky for people. One example 
is the transitivity axiom of rational choice (which basically says that if the first 
alternative is at least as good as the second one, and the second alternative is at 
least as good as the third one, then the first alternative needs to be at least as 
good as the third one). This axiom has been shown in empirical studies to be a 
problematic one to follow (Bossert & Suzumura, 2010). Additionally, many be-
havioral studies have shown that decision-making biases are present at both in-
dividual and group levels (see for example, McNeil et al., 1993; Slovic et al., 
1982; Tversky & Kahneman, 1993; March, 1977; Simon, 1978; Einhorn & Ho-
garth, 1982; Schelling, 1993) and these are likely to distort the classical concept 
of rationality. Indeed, the majority of decisions made in daily life are involved 
with dynamic decision-making processes where the focus is on both agency 
(how our decisions affect a situation) and dynamics (the situation becomes re-
vealed over time) (Fischer et al., 2015). Therefore, there is a need to observe 
humans as decision makers in dynamic environments and detect patterns based 
on data, which accomodates both deductive and inductive approaches in deci-
sion analysis. These patterns can potentially reveal the nature of real behavior 
in dynamic environments and give ideas for theorizing as well. 

  Simulated virtual realities are interesting environments for tracking the pat-
terns of decision making in dynamic real-time contexts. Business simulation 
games are especially of interest because these can be seen as teaching or learn-
ing contexts in which it is possible to combine the players’ natural predisposi-
tions with knowledge acquisition, which is planned and directed (Fortmüller, 
2009). In business simulation games, participants often act as the decision mak-
ers of a business in a simulated environment, which mimics reality in some es-
sential ways. Business games are widely considered more realistic and sophisti-
cated than previously, with the increased frequencies of products, markets, the 
variables of decision, and greater feedback with a good match to simulate real 
companies (Faria et al., 2009). Business games have become widely accepted 
for educational purposes (Faria et al., 2009).  
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In our research context, data is gathered in a real-time manner from a busi-
ness simulation game (called “RealGame”), derived from team decisions or ac-
tions during the simulation. This data contains a lot of information about the 
decisions or actions made during the simulation gaming. It is possible to com-
bine this information with the decision-making groups’ demographic and soci-
oeconomic factors as well as many different economic performance indicators 
from the game. This kind of data offers highly interesting source material to 
study and analyze decision making and contributes to existing literature. The 
research is based upon the theories of dynamic decision making, cross-cultural 
decision making, information usage, and business simulations.  

Methods used in this study have a wide range: from supervised learning 
(where we have knowledge about the output values and the task is to find a func-
tion which approximates accurately the relationship between input and output 
variables) to unsupervised learning algorithms (in this case we do not have la-
beled outputs and the task is to infer the natural structure of data). Data mining 
offers valuable insights from data, especially in cases where the existing prior 
literature is scant or the studied phenomenon is relatively new. This inductive 
method (which means that a general conclusion is derived from specific in-
stances, while the deductive way, on the contrary, means that some general 
principles are utilized to create a particular conclusion) has roots in common 
with computational theory discovery (CTD), where the purpose is to make sci-
entific discoveries utilizing machine learning techniques and artificial intelli-
gence (Berente et al., 2018). CTD is closely related to knowledge discovery in 
databases (KDD), which is intended to make sense of big transactional datasets 
by mapping granular, hard-to-understand data to higher-level concepts (Ber-
ente et al., 2018). In both CTD and KDD, finding patterns from data is essential. 
It is important to note that although patterns are generated via algorithms, hu-
man interpretation is still needed, so both human activity and computation are 
utilized.  

The overall research objective is to study decision making in a dynamic real-
time simulation environment. The research questions in this study relate to the 
composition of a decision-making team, the structure of successful decisions, 
and the different decision-making strategies in real-time context. The purpose 
of this study is to reveal new unexplored aspects from real-time dynamic deci-
sion making in a simulated business environment. Table 1 summarizes the ob-
jective of the research, the association between the original articles, the research 
questions of the original articles, the key findings of the original articles, and an 
overall summary of the dissertation. In Essay I, the composition of decision-
making teams is the core topic. It has been claimed that differences among 
group members are beneficial for solving problems (Bantel & Jackson, 1989; 
Polzer et al., 2002;). Small teams as decision-making units have been studied 
mostly in static contexts but less in dynamic settings. Therefore, there is a need 
to study how composition of the decision-making team affects success in dy-
namic real-time environments (see, for example, Tompson & Dass, 2000).  Box-
Cox regression and regression tree are used in the analysis of data. The research 
question is whether there is a linkage between the composition of the decision-
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making team and successful decision making. This information is not only the-
oretical but also practical: For example, multinational organizations potentially 
benefit from these findings when planning their organizations.  

 

Table 1. Objective of the research, the association between the original articles, the research 
questions of the original articles, the key findings of the original articles, and an overall summary 
of the dissertation.  

 
 
 
 

Objective of 
the research 

Association 
between 
the original 
articles 

Research ques-
tions of the 
original articles 

Key findings of the 
original aarticles 

Overall sum-
mary of the dis-
sertation 

  Decision 
making in 
a dynamic 
real-time 
simulation 
environ-
ment 

 Deci-
sion 
making 
in small 
teams 

 Dy-
namic 
deci-
sion 
making 
envi-
ron-
ment 

 Whether 
there is a 
linkage be-
tween com-
position of 
the deci-
sion-mak-
ing team 
and suc-
cessful de-
cision mak-
ing 

 What kind 
of differ-
ences there 
are in infor-
mation us-
age be-
tween suc-
cessful and 
unsuccess-
ful decision 
makers, 
and com-
mon fea-
tures of in-
formation 
usage for 
the suc-
cessful (un-
successful) 
decision 
makers  

 Whether 
there is a 
connection 
between 
decision-
making 
strategies 
and individ-
ualism/col-
lectivism 
orientation 
 

 Teams involving at 
least one member 
from a highly vertical 
collectivist culture 
had the best perfor-
mance; additionally, 
highly horizontal in-
dividualistic mem-
bers had a statisti-
cally significant posi-
tive effect on the 
team’s business re-
sults, size of the 
team such that 
smaller teams were 
performing better, 
and cultural homo-
geneity indicating 
that teams with 
common cultural 
background were 
more successful 

 Success is related 
positively to analyti-
cal information us-
age, multitasking, 
flexibility, active de-
cision-making strat-
egies 

 Individualists do not 
follow vigilant deci-
sion-making strate-
gies, collectivists do 
not follow passive/ 
hypervigilant deci-
sion-making strate-
gies 

 The use of 
multiple 
evaluations 
brings new 
and comple-
mentary in-
sights into 
the behavior 
of decision-
making 
teams in 
business 
simulation 
environ-
ments  

 The results 
give prelimi-
nary infor-
mation about 
real-time be-
havior and 
contribute to 
the existing 
literature of 
decision-
making the-
ory  

 The results 
also give 
practical ad-
vice for or-
ganizations 
that are op-
erating in 
multinational 
environ-
ments and 
are planning 
their opera-
tions and 
structures at 
managerial 
and/or team 
level  

      
      

 
  Data mining enables an inductive way of study and has potential when prior 

knowledge of the particular research domain is short. Algorithms offer new 
kinds of angles on data not presented in a traditional form. One example of a 
nontraditional format for data is log files. This kind of data is called trace data 
(Berente et al., 2018). Often when information technology is used, it leaves a 
digital record or trace (Berente et al., 2018). Typical for trace data is that it is a 
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kind of by-product of activities that is generated when information technology 
is utilized and not necessarily generated for research purposes. Then trace data 
can be seen as an event-based record of activities; it is longitudinal and contains 
sequences of activities, which have time stamps. For instance, click-streams and 
sensor data, which are collected from enterprise information systems, send 
trace data to a log file (Berente et al., 2018). Log files are often categorized as 
semi-structured (see Topi & Tucker, 2014), and nowadays many applications 
generate this kind of data (web applications, IoT, etc.). In Essay II sequence 
mining, regularized logistic regression, and logistic regression approaches have 
been utilized in the analysis of decision-making logs, and patterns are derived 
from data. These patterns are analyzed and compared with success in the simu-
lation. It has been noted that in complex decision-making environments, a more 
deliberative decision-making style is important (Fuchs et al., 2015; Soane et al., 
2015). Additionally, capabilities to multitask, be flexible and use active strate-
gies in decision making have been linked to success (Edelstein, 2013; Güss et 
al., 2000; Güss et al., 2015). However, studies related to these issues are rare, 
especially in dynamic simulation games. Therefore, there is a need to study in-
formation usage and decision making in dynamic contexts. Güss et al. (2015) 
have emphasized the analysis of different strategies and tactics used in business 
games, and the development of new methodological approaches is an important 
issue. The research question in Essay II is what kind of differences there are in 
information usage between successful and unsuccessful decision makers. These 
analyses can potentially reveal the structure of good decision making and give 
organizations, for instance, practical ideas on how to analyze data. 

The role of a decision-making team's cultural background regarding their in-
dividualism/collectivism orientation is less studied, especially in relation to 
adopted decision-making strategies in real-time dynamic contexts. From prior 
theory, it is known that culture plays a role in human behavior. This may also 
have implications for decision making: Different values and beliefs across cul-
tures could potentially lead to different kinds of decision-making behavior in 
real-time contexts. Indeed, a connection between culture and decision making 
has been reported (for instance, Mann et al., 1998). However, studies have 
mostly been done in static environments like questionnaires; less is known 
about decision-making behavior in dynamic real-time environments. In Essay 
III different decision-making strategies are derived from data based on prior 
literature, and these are compared with decision-making teams' cultural back-
grounds. Multinomial logistic regression is used in the analysis. The research 
question in Essay III is whether there is a connection between decision-making 
strategies and individualism/collectivism orientation. This kind of analysis can 
help organizations to identify and understand different decision-making 
groups.    

  The rest of this summary is organized in the following manner: Section 2 pre-
sents the case simulation, RealGame. Section 3 represents the positioning and 
theoretical foundations of this dissertation. In Section 4, the methodologies 



 

20 

used in the studies are presented. Section 5 then discusses the results and Sec-
tion 6 the scientific contribution of this dissertation, practical implications, and 
possible future research areas.  
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2. Business simulation case description 

Real-time dynamic decision making (DDM) tasks can be characterized accord-
ing to the following features: goal’s clarity, task’s structure, complexity of the 
task, uncertainty level, and time pressure (Brehmer & Dörner, 1993). Strategic 
skills related to decision making in dynamic environments are valuable to peo-
ple in multiple positions, including army unit commanders, jurors, and CEOs 
(Donovan et al., 2015). Dynamic decision-making skills can greatly enhance de-
cision makers’ ability to process information, formulate flexible action plans, 
and aid in balancing many objectives (BIBB, 2005). Osman (2010) has claimed 
that it is important to understand and improve DDM skills and these are rele-
vant in many areas: for example, in economics, education, engineering, ergo-
nomics, human-computer interaction, and management. It is worth mentioning 
that DDM has been researched in the real world within naturalistic decision 
making (Klein, 1998) settings and in computer-simulated environments (“mi-
croworlds”) in cases that require complex problem-solving skills (see, for in-
stance, Dörner, 1996 and Funke, 2010).  

Decision making of groups is a less studied subject in the DDM. Sanz de Acedo 
Lizarraga et al. (2007), for instance, found that only a few microworlds are suit-
able in evaluating teamwork. Further, the two main publications which have 
published research over 40 years of business simulation games—namely Simu-

lation & Gaming and Developments in Business Simulation and Experiential 

Learning—have issued few studies that cover dynamics of teams in DDM simu-
lation environments, although simulations serve as potential environments to 
study real-time decision making (Gonzalez et al., 2005). This dissertation stud-
ies group decision making in a DDM environment, and next the RealGame sim-
ulation used in this study will be introduced.  

  Data for this dissertation are gathered from simulation sessions which take 
two days. These sessions included the simulation game playing; additionally 
theoretical presentations were given in lecture format. Sessions also included 
debriefing, where the results of the simulation playing were handled more care-
fully. Theoretical presentations as part of the learning have focused on relevant 
supply chain management challenges while playing the simulation. Participants 
receive an introductory document on the simulation before the actual session, 
which introduces the participants to the basic interdependencies in controlling 
supply chains in RealGame. In the document are presented, for instance, opti-
mization of cost efficiency and how to balance various features of the supply 
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chain. Additionally, the criteria for how to select the winning team in the simu-
lation session are given. This selection is based on companies’ financial perfor-
mance and some qualitative figures. 

  Simulations are arranged as sessions, and the size of the session may be more 
than 20 people. In each session, teams of two and three are formed. Figure 1 is 
an illustration of one instance of the simulation game session arrangement. A 
video projector (the screen at the end of the room) shows the business results in 
real-time. Figure 1 demonstrates that teams concentrate on their company’s de-
cision making. Integral parts of the team’s learning process are the dialogues 
and decision making. 
 

Figure 1. An example of a simulation game session—training layout and team composition. 

The teams in the simulation game are all in charge of running similar manufac-
turing simulation companies that compete with each other (see Figure 2, which 
shows the interface of the simulation).  
 

 

Figure 2. The graphical interface of the RealGame (Lainema, 2003). 

Running the company encompasses several domains of business: production, 
financing, labor, marketing, research and development, etc. The basic idea of 
the game is that the company produces bikes of different kinds (road bikes and 
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mountain bikes) for various geographical markets. This means that the raw ma-
terial and end-product markets are common to the 6–8 teams participating in 
the simulation. It is essential that the teams can follow their performance 
through key performance indicator figures related to multiple business perfor-
mance (see an example of indicators in Figure 3). Many figures are presented in 
real-time and are related to the managing of supply chain and day-by-day accu-
mulated results. 

 

 

Figure 3. Key performance indicator figures related to multiple business performance. 

RealGame has an internal clock. This clock is controlled by the facilitator during 
the simulation. When the playing starts, the clock is turned on and then the sim-
ulation is running irrespective of what the participants are doing. It is important 
to note that this clock-driven feature is used to introduce time pressure into the 
gaming experience. This feature is based on the simulation developer's exten-
sive experience with the game. The slow speed at the beginning of the simulation 
is needed to learn the basic dynamics of the simulation; the faster speed in-
creases the spirit and motivation of the participants and gives them a chance to 
understand the long-term effects of the decisions at the end of the simulation 
session. It is essential that the simulation require the participants to react to 
certain events. These time-related challenges are often about supply chain man-
agement. For instance, the inventory of raw materials decreases as production 
uses the raw materials, and if the raw materials are not bought beforehand, the 
company will have problems in keeping the production process running.  

The decision making in the RealGame simulation needs devoted collaboration 
between participants of the team. The time pressure of the simulation requires 
that decisions be made taking into account the time.  Observations from the 
simulation imply that some teams may form very fast efficient decision-making 
units while others may struggle. Typically, the simulation run lasts about 40–
45 simulation days, meaning about 14 real hours during the two-day sessions. 
Teams make in these 14-hour sessions on average 1695 activities, which cover 
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real decisions and activation of information windows as well as selecting reports 
of the simulation environment. This means on average about two activities per 
one real-world minute. Based on the developer's experience this can be consid-
ered high (the playing of the simulation is about decision making but also in-
cludes discussion and sense-making in teams, which both take time). Thus, in 
general, participants could be considered actively seeking information from dif-
ferent windows and reports. The team can then analyze the information and use 
it continuously in making new decisions.  

  In this dissertation, decision makers are assessed by the financial perfor-
mance of their companies (although some other variables are also available). 
These other variables, however, measure only some specific parts of the simula-
tion and do not give a comprehensive picture of the team’s overall success. Over-
all success in the simulation is linked to capabilities of handling multiple busi-
ness functions, and evaluation is thus best done by analyzing financial perfor-
mance. It is important to note that the simulation environment is a complex 
one, which is illustrated in Figure 4: 

 

 

Figure 4. A partial example of the cross-functional cause effects in the case simulation game 
(adapted from Lainema, 2003). 

Figure 4 reveals some causes of complexity: 
 
i) The large number of different key performance indicators in the simulation, 
which are potentially conflicting 
ii) Several different ways that good results may be achieved 
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The important feature of complex microworlds is that they can contain many 
different problems rather than some single, well-defined task (Rouwette et al., 
2004; Gonzalez et al., 2005). RealGame is also this kind of simulated complex 
environment. There are typically many sub-problems to be solved, and focusing 
on optimizing only one problem may distort the optimization of another. One 
instance is buying the cheapest raw materials. This will decrease costs but 
makes challenges to inventory management, because in RealGame, the cheapest 
raw materials have longer and less reliable delivery times compared to more 
costly raw materials. This can mean challenges for cash flow management be-
cause the cheapest raw materials may also require earlier payment. This is a 
characteristic instance of several contradicting goals between cost efficiency, 
operational fluency, and optimal cash flow management. For the participants, 
the main task is to maximize their profit in the end of the game. Profitability 
constitutes 50% of their overall assessment. The strategy work and the product 
delivery accuracy, which are qualitative in nature, each account for 25%. This 
means that the business result (profitability) is the most suitable quantitative 
metric that can be used to study the performance of the teams. 
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3. Positioning of the study 

 
This section will present concepts for evaluating decision making that are rele-
vant to this dissertation. In Section 3.1 some definitions of decision making as 
well as different views of decision-making analysis are presented, and in Section 
3.2 the concept of dynamic decision making is discussed more carefully. Real-
Game is a dynamic decision-making environment, and therefore concepts re-
lated to dynamic decision making are relevant. Then, Section 3.3 covers decision 
making in teams and what kind of barriers can affect how decisions are made in 
teams. Decision-making research has reported several biases which cause ra-
tional behavior to not always be followed. Studies have also determined that 
culture affects decision-making strategies. Section 3.4 represents some biases 
related to decision making, and Section 3.5 describes culture’s relation to deci-
sion making. Learning is an important part of playing simulation games and is 
discussed in Section 3.6. Finally, Section 3.7 presents some aspects and defini-
tions of business simulation games and Section 3.8 discusses various topics 
which have been studied in business simulations.  

 

3.1 Prescriptive, descriptive, and normative decision making 

Turban et al. (2007) see decision making as a process of selecting among two or 
more alternate courses of action where the purpose is to reach some goal or 
goals. Decision making has also been defined as a process where the decision 
maker acquires and examines information and then acts based on the 
knowledge, experience, and demands of the task (Wiggins & Bollwerk, 2006). 
Decision making is a scientific field with multiple disciplines, covering decision 
analysis, behavioral decision making, game theory, and negotiation analysis 
(Raiffa et al., 2002). Behavioral decision scholars and psychologists have con-
tributed extensively to the descriptive analysis of decision making, where one 
goal is good predictions of actual behavior (Raiffa et al., 2002).  
  Decision making can be divided into the normative and descriptive views of 
analysis (Bell et al., 1991) where the normative view could be described as how 
things ought to be, and the descriptive view as how these are. However, it has 
been proposed that this dichotomy could be augmented, such that decision 
making might also be studied with a prescriptive view by combining elements 
from the normative and descriptive views (Bell et al., 1991). Decision analysis, 
game theory, and negotiation analysis are mostly seen as prescriptive views, 
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whereas behavioral decision-making analysis is a descriptive one (Raiffa et al., 
2002). It should, however, be noted that boundaries between these areas are 
blurry and often mixed in the analysis.  
  Decision making can be seen from two different perspectives or units of anal-
ysis: from the individual and the group perspective (Kocher & Sutter, 2005; 
Raiffa et al., 2002). From the individual decision-making perspective, the world 
is seen from the unitary decision unit’s view (Raiffa et al., 2002): The decision-
making unit is a monolithic one. However, in this case the decision-making unit 
does not need to consist of a single decision maker, meaning that the unit may 
be a corporation, a family, even a nation, or just a group. In this setting, the 
dynamics (for instance, how the members of the group negotiate the problems) 
inside the decision-making unit are not interesting, so the analyses of internal 
conflicts are out of the scope. The individual decision-making perspective may 
consist of descriptive, normative, and prescriptive views. In this study, the pre-
scriptive view of analysis is adopted with some theorizing, and the unit of anal-
ysis is an individual team, which is playing the simulation. This means that mul-
tiple descriptive and exploratory analysis tools are used in profiling teams, but 
the internal dynamics of the teams with the qualitative approach is out of the 
scope because of the nature of the gathered data. 

 

3.2 Dynamic decision making 

Dynamic decision making (referred to also as DDM) is defined by the need to 
take multiple and interdependent decisions in an environment that is changing 
as a function of the decision maker's action in response to environmental events 
or both in ways (Edwards, 1962). In real-time environments decisions are made 
in a real-time manner, which essentially indicates that time constraints are an 
important determinant of performance (Brehmer, 1992). Dynamic decisions are 
complex and take place in real-time (Gonzalez et al., 2003). Dynamic decision- 
making capabilities are important in many contexts, such as in the army or busi-
ness (Donovan et al., 2015, Gonzalez et al., 2005), and therefore the analysis of 
dynamic decision making is argued to be a research priority. This is also seen in 
the Web of Science database where the frequency of publications related to dy-
namic decision making has grown notably between the years 1975 and 2014 
(Fischer et al., 2015). 
  Dynamic decision-making environments have been described as dynamic, 
complex, opaque, and dynamically complex (Brehmer, 1992). Dynamic denotes 
that the decision-making context's state depends on earlier states of the system. 
Complex means that the frequency of interacting (or interconnected) compo-
nents in a system is so high that it can be hard to predict the system’s behavior. 
Opaqueness is linked to the physical lack of visibility of some aspects of the dy-
namic system, and this is likely to affect the decision maker’s ability to gather 
knowledge of the system’s components. Finally, dynamic complexity is caused 
by time delays and decisions, which influence each other in complex ways over 
time (see Diehl & Sterman, 1995), affecting the decision maker’s ability to get 
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control over the system via feedback received from the system. Dynamic com-
plexity is claimed to be typical for DDM, and according to Diehl and Sterman 
(1995), this dynamic complexity may lead to situations where the opaqueness in 
the system is likely to cause some unintended side effects. For example, there 
may be nonlinear relations between the system’s components and delays in 
feedback between some actions and their respective outcomes. This can cause 
difficulties for decision makers to understand and control the system. To sum-
marize, dynamic decision making is interdependent and this means a decision-
making context which changes over time, caused by the previous actions of the 
decision maker or by an exogenous way (not controllable by decision maker) 
(Brehmer, 1992; Edwards, 1962).  
  DDM research (Gonzalez et al., 2005) has focused on cases considering differ-
ent kinds of outcome feedback that serves individuals for their results of perfor-
mance (Hsiao, 2000), cognitive feedback which seeks to provide an explanation 
for individuals on how to do some task (Sengupta & Abdel-Hamid, 1993), and 
feed-forward information where the purpose is to support individuals to study 
the influences of some possible future outcomes (Lerch & Harter, 2001). Some 
evidence from previous studies states that feedback considering outcomes is not 
necessarily an efficient decision asset when context is dynamic and complex 
(Lerch & Harter, 2001); some other type of support (like cognitive feedback) 
may be needed as frequent and timely feedback (Lerch & Harter, 2001). 
Sengupta and Abdel-Hamid (1993) conducted research where it was found in a 
complex software management task context that the best performance in groups 
was achieved when both cognitive feedback and feed-forward information were 
present. In addition, Lerch and Harter (2001), who studied DDM environment, 
conducted a relevant study in which outcome feedback was given in real-time 
about the task performance and feed-forward information with the computa-
tional what-if analysis tool, which made it possible to predict the future by de-
tecting different effects of possible actions.  
  Our research context RealGame suits well the idea of DDM. Firstly it contains 
dynamic resource allocation tasks, which means that there are endogenous 
things that affect the state of the system (the actions made by participants have 
an effect) and exogenous factors (changes in the market environment) that have 
an influence on playing the simulation. RealGame is also a complex task because 
there are numerous variables to control and some relationships are not linear; 
it is an opaque system, because many of the features of simulation are only de-
tected by playing, and dynamically complex, which means that decisions may 
affect some variables over time with feedback loops. For instance, the more 
some raw material is ordered the more one needs to produce bikes of a certain 
type, and this limits the production and selling of other types of bikes.  

 

3.3 Decision making in teams 

Fredrickson and Mitchell (1984) highlight the quality decisions, which are by 
definition such decisions as consider all the issues that deserve thought with 
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respect to the situation (Mutuku et al., 2013). Complex tasks or decisions are 
the ones which require taking into account multiple aspects: solving problems, 
high rate of uncertainty, and containing only some set procedures, while in con-
trast, routine tasks do not have a lot of variability and are more easily repetitive 
(Polzer et al., 2002). Bantel and Jackson (1989) argue that when solving com-
plex and nonroutine decision-making problems, decision-making teams have a 
better chance of making quality decisions and being more effective when they 
include individuals with diverse skills, knowledge, abilities, and perspectives. 
Team diversity could be defined as how heterogeneous the team is with respect 
to gender, distribution of age, academic merits, tenure, professional merits, and 
background of functions (Mutuku et al., 2013). This kind of diversity is consid-
ered a significant aspect in organizations, because they are becoming more di-
verse in multiple ways—for instance, including gender and race (Shaw & Bar-
rett-Power, 1998).  It has been claimed that differences among group members 
may increase the possibility to vary ideas, perspectives, skills, and knowledge, 
which can enhance solving problems and accomplishing work (Polzer et al., 
2002).  
  Those who are leading the teams should pay attention to team orientation and 
team coherence (Kozlowski et al., 1996). By the definition given by Bell and Ko-
zlowski (2002), team orientation has factors that are related to motivational im-
plications: supporting common commitment to goals and shaping perceptions 
of the climate. Team coherence (Bell & Kozlowski, 2002) is linked to the devel-
opment of associated individual goals, a repertoire of strategies in team tasks, 
and a network that handles compatible role expectations across the members of 
the teams.  
  When a new team for a decision-making situation is forming, there can be 
boundaries related to functional, organizational, and cultural issues. Functional 
boundaries may happen in cases where people need to perform some task with 
some specific needed expertise or experience (Lipnack & Stamps, 1997) in an 
organization where there are multiple functions like engineering, manufactur-
ing, and marketing. Individuals then can be working in the same organization 
and represent different divisions or plants; each of these individuals has differ-
ent functions, which are necessary for the team's success but are also potential 
functional boundaries. Individuals can also work in different organizations, 
which may lead to organizational boundaries. Cultural boundaries can typically 
happen in situations where there are decision makers on a team with different 
backgrounds in language, tradition, and cultural values (Bell & Kozlowski, 
2002). Multinational companies may face barriers of this kind (Merrick, 1996), 
although diversity can lead to better decisions as was previously argued.  
  

3.4 Decision making and biases 

Decision-making research has identified many biases (anomalies) from ex-
pected behavior (see, for example, Kahneman et al., 1982). Decision biases 
could be seen as deviation from rational behavior, which should be based on the 
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following principles: The conceivable results of choice, and, when results are not 
known, the evaluation, should be based on the basic rules of classical probability 
theory (Dawes, 1988). There are several studies in which it has been found that 
rational choice is not followed (see Tversky & Kahneman, 1974; Kahneman et 
al., 1982; Evans, 1992; Caverni et al., 1990; as cited in Arnott, 1998). These stud-
ies have identified decision biases related to habits, imaginability, incon-
sistency, overconfidence, recall, and selectivity. These biases are affected by past 
experiences, and thus these can be linked to different demographic elements, 
such as education and job content, which in part shape decision-making behav-
ior (Tversky & Kahneman, 1974; Taylor & Thompson, 1982; Schwenk, 1988; 
Bruner & Postman, 1949; as cited in Arnott, 1998).  

An important finding has been that biases are omnipresent in many levels of 
lower cognitive processes (affecting attention and memory) and also at levels of 
higher  cognitive processing—for example, in situation assessment, solving of 
the problems, and, broadly speaking, decision making (Hudlicka, 2011). In re-
search on decision-making biases, several personality traits have been sug-
gested as causing correlation between specific trait values and biases. These 
traits vary from low-level traits (for example, openness, conscientiousness, ex-
troversion, agreeableness and neuroticism) to high-level traits (for example, dif-
ferent styles of leadership, like process- and task-based leadership; Costa & 
McCrae, 1992). According to Hofstede (1991), some traits related to culture have 
also been identified, including uncertainty avoidance, individualism versus col-
lectivism, power distribution, short- versus long-term orientation, and feminin-
ity/masculinity. Previous research has detected correlations between low-level 
traits and cultural traits, for example, between neuroticism and uncertainty 
avoidance, and Matthews et al., (2000) have identified some biases that can be 
linked to personality.  

Cultural decision biases are those that are caused by differences in knowledge, 
beliefs, values, attitudes, goals, and behavioral norms (Hudlicka, 2011) and per-
sonality-linked biases are present in the differences of processing dynamics. 
Thus for instance, decision makers with a high degree of extroversion and a low 
degree of neuroticism are potentially biased to external market environment, 
and therefore focusing on the cues of external tasks and schemas, while the de-
cision makers with a low degree of extroversion and a high degree of neuroti-
cism can be biased to self-cues and schemas, which means their focus is on their 
own internal states. Interestingly, in high-stress situations these may lead to 
different kinds of decision-making outcomes (Hudlicka, 2011): A decision 
maker with a high degree of extroversion and a low degree of neuroticism is 
expected to stay focused on the task at hand, while a decision maker with a low 
degree of extroversion and a high-degree of neuroticism is more likely to be fo-
cused on the internal state of their own, and this leads to task rejection. Negative 
emotions also affect a decision maker, such that the attention and working 
memory are distorted and this can potentially increase bias. 
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3.5 Decision making and culture 

In cross-cultural decision making one important factor is the separation be-
tween the individualist view of the self in the Western world and collectivist con-
sciousness in the non-Western world (Yi & Park, 2003). Based on Hofstede et 
al. (2010) countries can be divided into collectivists and individualists: Individ-
ualist countries are often seen as the United States of America, Canada, the 
countries of Western Europe, and Australia. On the other hand, collectivist 
countries are, for instance, China, Japan, Taiwan, Venezuela, India, as well as 
all non-European tribal cultures (Yi & Park, 2003).  
  It has been found that in organizations the individual/collectivism -division 
has implications (Gelfand et al., 2004). It has been detected, for instance, that 
people from individualist countries are trying to prevent friction, and this can 
be seen in controlling situations by deep exploration and information gathering 
(Strohschneider & Güss, 1998). Individualists have also been defined as more 
achievement-oriented and more willing to take risks, characteristics which have 
been claimed to cause expansive-decisive decision-making behavior (see Trian-
dis, 1994). In prior literature, individualists have been seen as more likely to 
prefer active, assertive, and confrontational behavior in conflicts, and this is re-
flected by confidence in their decisions (Ohbuchi et al., 1999). Collectivists in 
turn focus on more social aspects of the decision-making problem at hand (Tri-
andis, 1994). Collectivists have also been claimed to prefer more security and 
risk-avoiding behavior and to follow more likely passive, collaborative, and 
avoidance strategies in decision making (Ohbuchi et al., 1999).  
  Previous studies have shown the importance of culture in decision making (Al-
baum et al., 2005). Individual differences have been identified in the decision 
making’s conflict model (Janis & Mann, 1977). This model shows how stress in 
a decision-making situation is handled and the influence on decision-making 
styles. Hofstede (2001) has noted that there exist various goals, attitudes, be-
liefs, and behaviors in different countries. There are five dimensions based on 
Hofstede (2001), which are likely to be important in considering beliefs and be-
haviors. These dimensions are: i) power distance (social acceptance of an une-
qual distribution of power), ii) individual/collectivism (whether the focus is on 
individual or group for responsibility and action), iii) masculinity/femininity 
(the extent of differences for the defined gender roles), iv) uncertainty avoidance 
(in the case of uncertainty and ambiguity, the extent society feels uncomfortable 
or threatened), and v) long-term orientation/short-term orientation (the extent 
to which society accepts or rejects long-term traditional values). An interesting 
result is that these dimensions have been shown to impact how decisions are 
made in different cultures (Brown et al., 2011). It has also been argued (Hof-
stede, 1980) that the individualist-collectivist dimension highlights the cultural 
differences: Individualists prefer more needs, goals, and rights whereas collec-
tivists value more community needs, obligations, and responsibilities.  
  Janis and Mann (1977) noted different decision-making styles or strategies in 
situations where stress is present. Vigilant decision-making style is about using 
separate phases that connect obviously described goals to a consideration of a 
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span of alternatives. The decision making is then seen as a result of the appro-
priate evaluation of the ramifications of each decision alternative. This style was 
seen as the most effective in decision making. Hypervigilance in turn is defined 
as decision-making behavior where the decision maker is likely to feel stress 
about insufficient time or information. This is likely to cause impulsive, ineffi-
cient decision making under the stress.  Buck-passing is a decision-making style 
where a person avoids responsibility for making decisions and suggests that 
someone else is responsible and should make decisions. Finally, in the procras-
tination style of decision making, all efforts at decision making have been 
stopped: The situation of the decision-making process is felt to be too challeng-
ing, and decisions are either delayed or totally rejected.  
  Different cultures utilize different decision-making styles; for example, Wolfe 
and Guth (1975) have found a connection between collectivist non-Western cul-
tures and hypervigilant decision-making behavior. In addition, Brew et al. 
(2001) found similar results where collectivists had higher scores in the dimen-
sions related to non-vigilant behavior and lower in the vigilance dimension than 
western individualists. Mann et al. have identified (1998) some differences be-
tween genders: Males were scoring lower on buck-passing and hypervigilance 
styles than females did. On vigilance behavior, no differences were found. How-
ever, it should be kept in mind that several studies have found no differences 
between the genders in decision making (see a list from Brown et al., 2011), but 
they did find some differences between cultures in decision-making behavior. 
They confirmed that hypervigilance was more dominant for collectivists in their 
sample. Gender was also investigated and Brown et al. (2011) found that hyper-
vigilance was more typical for females, and likewise, also buck-passing for fe-
males got some empirical support. These conclusions may relate to findings that 
support females having lower decision-making self-esteem than males (Ra-
manigopal, 2008). 
 

3.6 Learning  

Business simulations may have different kinds of desired outcomes (Anderson 
& Lawton, 2008): 1) learning about the business holistically, 2) improving the 
students’ attitudes towards specific areas of business, 3) behavioral, where the 
outcome is to learn better and more effective decision making. Learning itself is 
an important objective of dynamic decision making research; this means a focus 
on studying what kinds of people can learn to get control over simulated systems 
and hence what factors are explaining learning (Brehmer, 1990). Simon and 
Langley (1981) described learning as a process in which the learner is modifying 
a system, the goal being to improve its performance in the same kind of task(s). 
Gaining knowledge is highlighted in simulations, and based on Hsu (1989), 
there can be two kinds of knowledge: declarative knowledge and procedural 
knowledge. Declarative knowledge is related to non-active mastery of infor-
mation while procedural knowledge is about gaining information or knowledge 
and acquiring practical skills that are applied when performing tasks. It should 
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be noted that empirical support for the association between success in simula-
tion and learning is not straightforward (Anderson & Lawton, 1992; Wolfe, 
1990; Washbush & Gosen, 2001; Gosen & Washbush, 2004; Wideman et al., 
2007).  
  Experiential learning is an essential reason why business simulations are 
played. Many similar names have been given to this kind of learning, which is 
based on experience—for instance, AACSB Task Force’s (1986) term was applied 
experiential learning, and Wolfe and Byrne (1975) used experience-based learn-
ing. AACSB Task Force (1986) gave a more detailed definition for applied expe-
riential learning. They saw it as an interactive (not between pupil and teacher) 
business curriculum-related effort. This effort contains both variability and un-
certainty. Another description was given by Hoover and Whitehead (1975), who 
formulated that learning is experiential when a participant in a learning situa-
tion cognitively, affectively, and behaviorally processes knowledge, skills, 
and/or attitudes. The learning of behaviors was also highlighted by Hoover 
(1974). One important research finding is that extensive task practice is needed 
to gain control in DDM situations (see Kerstholt & Raaijmakers, 1997). This re-
lates heavily to learning and some relevant learning theories are next briefly 
covered.  
  Dienes and Fahey (1995) give an interesting viewpoint on learning that hap-
pens through two cognitive pathways that are seen as competing ones: algo-
rithm and context-action exemplars. The former refers to some general heuris-
tic rule while the latter are discrete representations of knowledge. The basic idea 
in this model is that decision makers first save actions and outcomes in their 
memory and then later are able to compare them to future situations (Gonzalez, 
2005). Gibson et al. (1997) discussed the model, which was grounded in 
Brehmer’s (1990) control theory. They developed another model and it was im-
plemented with the neural model (Gibson et al., 1997). Decision making is based 
on this model for two sub-models: the judgment sub-model, which learns via 
minimizing the differences between predicted and actual outcome, and the 
choice sub-model, where learning happens by minimizing the choices forecast 
by the judgment model and the real (actual) choice.  
  Based on Gentry (1990) there are two kind of feedback that may affect learning: 
firstly, outcome feedback, where most of our learning happens by observing the 
outcome, and secondly, process feedback where the decision process itself is 
evaluated. It should be noted that such decision theorists as Emery and Tuggle 
(1976) have highlighted that attention should be put more on the process in 
cases where the outcome depends more on the circumstances than on the deci-
sion makers. Instance-based learning theory (IBLT) is used to explain human 
decision behavior in tasks that are dynamic (Gonzalez et al., 2003). In these 
kinds of dynamic tasks, decision makers are making repeated decisions to max-
imize gains in the long run (Rapoport, 1975), and based on Edwards (1962), dy-
namic tasks are the ones with decision conditions that change spontaneously 
because of previous decisions. Basically, IBLT suggests that decisions in dy-
namic tasks are made by referencing experiences from past situations that are 
similar, and then decisions which worked in the past are used (Gonzalez et al., 
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2003). This happens because instances from history are saved in memory and 
these instances are based on three elements: 1) situation, which is defined by 
attribute or cue sets, 2) decision that refers to the action, which is done in a 
particular situation, and 3) utility, which is expected to be achieved when a  is 
made in particular situation.  
  IBLT can then be seen to have several steps: recognition, which is the retrieval 
of similar past instances; judgment, which is about the evaluation of expected 
utility of a decision based on prior experiences; the choice, which defines how 
much information is searched until the optimal alternative is chosen; execution, 
which is basically the implementation of the decision; and feedback, where the 
utility of the decision is updated based on feedback (Gonzalez et al., 2003; Gon-
zalez & Dutt, 2011). So the basic principle is to utilize past experiences in deci-
sion-making situations which are similar (Gonzalez et al., 2003). It has been 
shown that this type of learning schema based on memory usage is quite accu-
rate in describing the behavior of a decision maker (see Gonzalez & Lebiere, 
2005), and there is evidence that this may help in decision making by promoting 
the transfer of knowledge (see, for instance, Loewenstein et al., 1999). In situa-
tions not similar to previous ones, heuristics, which are not linked to memory, 
are used (Gonzalez et al., 2003).  
 

3.7 Business simulation games 

Klabbers (1999) has claimed that a game could be defined as something that is 
played just for the fun of it.  According to Suits (1967) games have specific rules, 
and playing is an activity where the purpose is to bring about a specific state of 
affairs. Thus games have some objective. Rules of the game limit the scope of 
gaming. These rules separate games from real life. Games are part of cultural 
dynamics and are possibly older than the culture (Walther, 2003). Additionally, 
Elgood (1996) has given a description of game, indicating it should include at 
least some the following features:  
 
1) Controlled by humans, including opponents who have actions that have an 
impact both on other players and the environment 
 
2) Winning and competitiveness are highlighted 
 
3) Humor and pleasure as well as enjoyment are important  
 
4) A continuous cycle of decision making and notification of decisions’ impact 
on results, which enables behavior to improve  
 
  Games that are especially designed as business simulations have several defi-
nitions in the literature. Greenlaw et al. (1962) have defined a business game as 
a decision-making exercise structure that is sequential and relates to business 
operation. Additionally, those participating in the game are assumed to manage 
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operations which are simulated. Keys and Wolfe (1990) see a management game 
as a simplified experiential environment which is simulated and creates enough 
impression or verisimilitude of reality. Additionally, participants have an op-
portunity to give real-world style of responses in the exercise.  
  Gredler (1996) offers a classification which divides experiential simulations 
into the following categories:  
 
1)  Simulations of data management 
 
2) Simulations of diagnostic 
 
3) Simulations of crisis management 
 
4) Simulations of social process 
 
  Games in the domain of business simulation frequently belong to the data 
management simulations category; normally those participating in the simula-
tion are acting as a team that consists of roles like managers or planners. The 
team's task is to manage a company, which happens by allocating and control-
ling economic resources in a gaming situation. There is often a need to control 
some number of variables, and these controlling activities are linked to reach 
the goal of the company. The purpose is to develop and enhance the partici-
pants’ decision-making skills in the business simulation, which usually means 
situations where limited information and time are essential parts (Whicker & 
Sigelman, 1991). Basically, business simulations are based on discovery learn-
ing, and it has been claimed that adults learn the most effectively via self-dis-
covery (Musselwhite, 2006).  
  Naylor (1971) saw the definition of simulation for economic systems as con-
taining the following: It utilizes mathematical models of some kind to conduct 
experiments, and these mathematical models describe the functioning of the 
complex system with computers over some time period. Elgood (1996) gives an-
other definition: Word simulation relates to activities where some of the follow-
ing features need to be present:  
 
•physical ways to reproduce, outside of the real life, the studied phenomenon 
•clear focus being on one specialized phenomenon, meaning that results of stud-
ies are not necessarily applicable in some other contexts 
•there are no direct human opponents, which means that the challenge is more 
player versus environment and less players against each other.  
 
  It is quite interesting that although the technology has developed fast, the basic 
themes in business simulations have remained the same as at the beginning: top 
management games, functional games and concept simulations (Faria et al., 
2009; the classification comes from Wolfe, 1993). Briefly described, in top man-
agement games, players are taking the role of top executive of the company and 
are running the entire organization's operations. A functional simulation is 
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more focused than a top management game and is restricted to some operation 
of business, like finance, production, or marketing. Finally, concept simulation 
focuses on some typically minor part of business operation like traffic manage-
ment, sales management, personnel management, or advertising management. 
Another definition is given by Andre (2016) who claimed that a vast number of 
simulations goes to three different classes: strategy, execution, and situation. 
He also stated that classic business simulations are a part of the strategy class. 
 As was claimed previously, one essential goal of business games is to enhance 
participants’ decision-making capabilities in circumstances where there are lim-
itations on time and information (see Whicker & Sigelman, 1991). Business 
games typically have a financial, commercial, or industrial background (Elgood, 
1996) and business simulation games are sometimes called managerial mi-
croworlds (Senge & Lannon, 1997). Gonzalez et al. (2005) have claimed that mi-
croworld (scaled-world) simulations have potential to be a compromise between 
experimental control and realism. It has been stated that one obvious advantage 
of business simulations is that managers can freely do some experimentation 
with different kinds of policies and strategies, which is not often the case in the 
real world (Senge & Lannon, 1997).  Simulations offer an extraordinary envi-
ronment to managers for testing and learning about the consequences of their 
decisions. Often these environments also give a chance for long-term learning 
where managers can, via systematic ways, test scenarios and business strategies 
of a different kind. This can advance the knowledge of how business organiza-
tions are functioning and help reduce businesses’ development and training 
costs (Lainema & Lainema, 2007). The external validity of simulation is then an 
important issue and can be tested via the following questions (Dickinson & 
Faria, 1996): 
  
i) Is there some correlation between the simulation and real-world performance 
(and if it exists, the external validity is achieved)?  
 
ii) Is a longitudinal research setting possible, to enable the simulation gaming 
performance to be studied and be compared to previous behavior?  
 
  Although it has been shown that a good simulation result does necessarily not 
imply mastery of the problem and good strategy (Lainema, 2003), it is still a 
rational assumption that the key performance indicators, such as business re-
sults, are at least an adequate proxy to reflect success in a simulation and are 
thus appropriate variables to be analyzed.  
  It is still worth mentioning that new technology will bring novel insights to 
business simulations, and according to Faria et al. (2009), for instance, intelli-
gent software agents (like virtual characters or avatars) are such an example in 
simulation games. Virtual characters may affect the simulation experience in 
the following ways: providing information, affecting the environment, and in-
fluencing the direction of the simulation (Faria et al., 2009). It has been claimed 
that, for instance, emergent technologies like smartphones and personal digital 
assistants (PDAs) could be the next media for business simulations (Szander et 
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al., 2014). In addition, artificial intelligence is on the horizon, shaping the land-
scape of simulations (Faria et al., 2009). Virtual realities and three-dimensional 
microworlds have potential in the future to be experienced by those participat-
ing in simulations (Hritz, 2013). The research by Vogel et al. (2006) demon-
strated that three-dimensional images could help participants to understand 
complex ideas. So-called pervasive games, which utilize media platforms of dif-
ferent kinds like mobile phones, PDAs, computers, faxes, television, and news-
papers, could offer something new to simulations: they could be continuous, be 
available 24 hours, go on with no set date; the gaming experience could more 
like a journey and games could be played everywhere (Faria et al., 2009).  

 

3.8 Decision-making studies in business simulation game con-
text 

Business simulations have a long history and the first prototypes of modern 
business games go back to 1932, when Mary Birshtein developed an idea to use 
a familiar concept from war games in a business environment (Faria et al., 
2009). In the US, the first business simulations were developed in 1955 when 
the RAND Corporation developed an exercise that simulated the logistics of U.S. 
Air Force systems. A little later, in 1956, the first game was developed, which 
became known widely as Top Management Decision Simulation. American 
Managerial Association developed this simulation and the purpose was to utilize 
it in management seminars (Hodgetts, 1970). The very next year, a new game 
was developed called Business Management Game by Greene and Andlinger for 
McKinsey & Company (see Andlinger, 1958). Also in 1957, the first business sim-
ulation was developed for university teaching purposes: Top Management De-
cision Game (Watson, 1981).  

  In the 1960s, the number of business games was growing at a fast pace. In 
1969, The Business Games Handbook, for instance, listed about 190 known 
business games (Graham & Gray, 1969). The same story was seen at the Ameri-
can Assembly of Collegiate Schools of Business, which calculated the usage rate 
of business games was as high as 71.1% (Dale and Klasson, 1962). After that the 
simulations spread rapidly in different countries (see, for instance, Rohn, 1986). 
For instance, in 2004 an e-mail survey was arranged for professors of business 
schools in North America, and it was determined that 30.6% of them were cur-
rent users of business games (Faria & Wellington, 2004). 

  There are many different stages in the development of business simulations 
and these heavily relate to technological disruptions. Faria et al. (2009) pre-
sented the following different stages: 

 
I: Creation and growth of hand-scored games (1955–1963) 
II: Creation of mainframe business games and growth of commercially pub-
lished games (1962–1968) 
III: Period of the fastest growth of mainframe games and significant growth in 
business game complexity (1966–1985) 
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IV: Growth of PC-based games and development of decision-making aids to ac-
company business games (1984–2000) 
V: The growth of business game availability on the Internet and run through 
central servers  
 

  Prior research on business simulations has focused on a variety of issues. 
Faria (2001), for example, has listed the following topics: characteristics of par-
ticipant personality, gender, ethnic origin, grade point average (GPA), the size 
of team, the weighting of simulation grade, pressure caused by decision time, 
the level of simulation description delivered, team formation’s procedure, pre-
vious experience of business, the student major topic, the kind of business 
courses taken previously, team organization and planning degree, cohesion, the 
locus of control, leadership, what is the attitude toward the simulations, and 
interest of the instructor. Some examples can be given from the studied topics: 
Klein (1984) and Keys (1987) have studied simulations as learning tools; Wolfe 
and Box (1988) the complexity of the task as a factor in effectiveness of simula-
tion; the role of realism in the effectiveness of simulation (Slack, 1993); and de-
cision processes of a different kind utilized in simulations (Ross, 1987). Goal-
orientation has been studied (Hunger & Wheelen, 1975). The role of demo-
graphic features has also been studied and, for instance, Johnson et al. (1997) 
showed that that gender had an effect on how a simulation was experienced: 
Females compared with males experienced the simulation as less complex, were 
more likely to have less cohesion in groups, and showed less self-confidence. 
Basically, the purpose of many studies has been to find correlations between 
individual, group, and environmental features with the performance on busi-
ness simulations (Andre, 2016). 

  A lot of research has been done on the team perspective. It has been found 
that more cohesive teams perform better (Biggs, 1975; Etnyre & Wolf, 1975; 
Wolfe & Box, 1988); however, a more recent study by Anderson (2005) did not 
find this correlation. Anderson (2005) also detected that teams with higher ho-
mogeneity perform better, but in other studies by Butterfield and Bailey (1996) 
and Mello and Ruckes (2006), it was found that teams that are more heteroge-
neous made better and more accurate decisions. Walters and Coalter (1997) 
found an association between personality and team strategy, and this had an 
effect on satisfaction with the simulation. In designing the teams, Millis and 
Cottel (1998) supported the idea of diversity, meaning that there should be dif-
ferent strengths based on academic ability, gender, and ethnic origins and 
moreover, they recommend that there should be one with strong academic and 
one with weak academic background while two participants in the team should 
have a moderate academic background. Apesteguia et al. (2012) showed that 
optimal gender composition in teams of three would be two men and one 
woman. In studies of team conflict, Affisco and Chanin (1990) detected that no 
difference was present in conflictual behavior between groups who used deci-
sion support system (DSS) and those not using DSS. Chanin and Schneer (1984) 
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found that personality related to behavior in handling conflicts. Considering sat-
isfaction, Wolfe et al. (1989) detected that group cohesion was in significant re-
lation considering the satisfaction of groups’ participants with their decisions.  

It has been discovered that teams in general perform better than individuals 
(Nielsen, 1975) and teams that are not facing time pressure perform better than 
teams under time pressure (Barone et al., 1975). It has been shown that simula-
tion playing teams with strong task orientation perform better than teams that 
are more focused on rules or social aspects (Hunger & Wheelen, 1975). The role 
of attitudes and their effects on the performance of teams has also been a topic 
(Glazer et al., 1987), as have the effect of leadership style and size of team to 
simulation performance (Wolfe & Chacko, 1983). Moreover, it has been detected 
that the complexity of the simulation has an effect on performance (Lainema & 
Lainema, 2007). The study by Aaserud (2007), who found that the tone of feed-
back related to performance, was interesting; those who got positive or negative 
feedback performed not so well as those who got more neutral feedback. The 
findings on team size are mixed: it has been detected that smaller teams are 
performing better than larger teams (Hoover, 1976), and on the contrary, there 
is evidence that bigger teams are performing better (Wolfe & Chacko, 1982).  

It is noteworthy that most recent research has been focused more on learning 
than, for instance, academic merits in explaining simulation behavior. Indeed, 
Cercel et al. (2013) have stated that learning is an integral outcome of business 
simulation with the following goals: 1) recognize the company’s business envi-
ronment, 2) understand the principles that are relevant in business, 3) take de-
cisions regarding business and understand the decision outcomes, 4) develop 
capabilities of teamwork and dynamics of groups, 5) replicate how the manage-
ment behaves, 6) recognize the role of strategy and its relation to ensuring the 
company’s sustainability, 7) interpret key performance indicators and their im-
plications in understanding the process of future decisions, and 8) take 
measures and use these to correct wrong decisions. 

In Section 3 the theoretical aspects that are relevant to this study were dis-
cussed. In the next section we will discuss the methodologies utilized in this 
study. First is presented the dataset used in analysis and then data mining as an 
analytical approach is discussed. After that, the specific methodologies are pre-
sented.  
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4. Data and methods  

This section presents the data and the methodology. In Section 4.1 the data used 
in analyses are discussed. The data contain different kinds of information re-
garding the playing of the simulation, the demographic profile of players and 
key performance indicators reflecting the success of play. Section 4.2 presents 
some key ideas related to data mining. Data mining can be an effective approach 
when the purpose is to find some interesting regularities or patterns from data. 
Then, in Sections 4.3 – 4.7, relevant methodologies used in this dissertation are 
discussed. Several different algorithms are used in analysis of the data. Section 
4.8 summarizes the methods of this dissertation.    

 

4.1 Data  

The data in this study is collected from a business simulation game that operates 
in a real-time manner: RealGame. Data includes a total of 23 simulation game 
training sessions from a large Finnish manufacturing organization. The training 
modules were part of the mid-management development program of the com-
pany which took place in 2008–2011. Altogether 407 employees participated in 
these 23 sessions. Thus, the data used in the analyses is based on people who 
work at a real business (not students, like in many studies). At the beginning of 
the simulation, the participants were assigned to teams of 2 to 3 people, who 
were making decisions in simulation about their own companies. Companies 
were manufacturing two kinds of bikes, mountain bikes and road bikes, and 
competing against each other. There were in total 144 of these 2-3-member 
teams during the simulations. The teams then played against each other inside 
their training session in an imaginary environment. The game design enabled 
the detection of cause and effect relationships (like different lead times).  

  For analysis purposes, we had appropriate background information on n = 
142 teams (with log files information, n = 141). Suitable for our study, the busi-
ness simulation game is able to save each decision and action the team makes 
while playing the simulation game. These actions can be categorized: 1) menu 
selections (reports and graphics), 2) window activations, or 3) actual operation-
specific decisions (normally a numerical value entered for the decision in ques-
tion). Teams made on average 1695 activities, which include menu selections 
and activation of information windows as well as actual decisions. These are 
then stored into a log file during the gaming. In the log file we had originally n 
= 88 different actions. For analysis purposes these were aggregated into n = 30 
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different classes. Additionally the log file has information about the ID of the 
team playing the simulation and two different time stamps which tell when the 
actual decision/ action was made: the simulation’s internal time of occurrence 
and the real-world time. The value of the decision is also filed. Figure 5 shows a 
sample of the log file data.  

 

 

Figure 5. A sample of the log file data.  

Additionally we have information about the team itself. This information is 
mostly demographic and can be used to profile the teams. We have information 
about the simulation game players’ nationalities, gender, educational back-
ground, job content and work-age. These data contain the ID for the team. 
Based on the data we can calculate the size of the simulation playing group as 
well as other variables describing the group (like cultural orientation and cul-
tural homogeneity). Out of the 142 teams with proper background information, 
120 teams had highly horizontal individualistic members, and 52 had vertical  
highly collectivistic members. Additionally, 95 teams had horizontal highly in-
dividualistic members and 19 highly vertical collectivistic members. In the data 
we have 96 teams which have at least two persons with the same cultural orien-
tation. Three-person teams comprised the majority with 116 teams, whereas 26 
teams had two persons. In total 88 teams had only male participants, 54 teams 
had one female participant and none of the teams had more than one female 
participant. Additionally 99 teams involved persons with a technical or science 
education, and 49 teams had at least one person with a business education. Al-
together 81 teams had at least one member whose job was related to design, 
production and operations and 64 had at least one member from sales and mar-
keting. Moreover, 29 teams had at least one member whose job was related to 
accounting and systems/ISO. Furthermore, 20 teams had at least one member 
whose job was related to HR, communications and legal, and 37 teams had at 
least one member from general management. Finally, we have key performance 
indicators about the success of each decision-making team, such as the business 
result. In this dissertation success in the simulation game was measured by the 
business result of the simulation game company. The range of the business re-
sult varies from 2.8 million to 13.0 million euros, the average being 3.4 million 
euros. There is also a team-identifying ID in the key performance indicator data. 
By using the team-identifying ID, it is possible to combine all the datasets (log 
file, demographic data and key performance indicator data). This kind of data 
enables several analytical approaches to study decision making in a complex 
simulated environment.   
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4.2 Data mining 

 
Fayyad et al. (1996) see data mining as one step in the knowledge discovery in 
databases (KDD).  Data mining uses as inputs data which are cleaned and trans-
formed. After that data are searched with algorithms, and patterns found are 
interpreted and evaluated.  A little later definition by Berry and Linoff (1997) 
states that in data mining, automatic or semi-automatic means are used to ex-
plore and analyze very large datasets to find patterns and rules that are mean-
ingful. Hand et al. (2001) saw data mining as the science where the purpose is 
to extract useful information from large data sets or databases. Data mining 
then utilizes statistical tools and logical analysis to examine large data sets and 
search for useful patterns of information that can be helpful in decision making. 
Witten and Frank (2005) also claim that this useful information is achieved by 
seeking regularities or patterns from databases, especially patterns which are 
strong, probably generalize, and may be used for unbiased predictions on future 
data, which is one key task in data mining. Learning of algorithms can be either 
supervised where the actual outcome of every training example is known (la-
beled) or unsupervised in which case the classes (outcomes) are not known (un-
labeled), or in some cases the dataset can contain both labeled and unlabeled 
data, which are used in classification; this case is called semi-supervised learn-
ing (Witten & Frank, 2005).  It could be summarized that data mining’s main 
task is to focus on finding useful patterns of information from databases that 
cannot be found by human perception. In this dissertation, the data mining ap-
proach is utilized to find different information usage patterns from data. The 
usefulness of these patterns is evaluated by looking at the success of decision 
making measured as the business result. Tools like sequential pattern mining 
and the regression tree are used. Additionally, traditional statistical tools like 
Box-Cox regression and logistic regression are utilized. Next, some methodolo-
gies used in this dissertation are discussed more carefully. 
 

4.3 Logistic regression analysis 

Responses with a type of binary, ordinal, and nominal are typical in many areas 
and logistic regression is utilized to study the relationship between a discrete 
dependent variable and a set of explanatory variables (Agresti, 2002). In the 
case of binary response (dependent variable), y has two possible values or clas-
ses: for instance y = 1 for success and y = 2 for failure, and column vector of 
explanatory variables x can be interval variables or nominal variables (Agresti, 
2002). The logistic regression model can be utilized in explaining the effects of 
the independent (explanatory) variables on the binary response and it can be 
defined based on the following basic formula of a logistic regression model 
(Agresti, 2002):  

𝑙𝑜𝑔𝑖𝑡{Pr(y = 1|𝑥)} = log {
Pr(𝑦=1|𝑥)

1−Pr(y=1|𝑥)
} = 𝛽0 + 𝛽𝑇𝑥  
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  In this formula, 𝛽0 is the intercept parameter, 𝛽𝑇  is the row vector of slope pa-
rameters (Hosmer & Lemeshow, 1989). The task is to find the values of  𝛽0 and 

𝛽𝑇such that the observed data points are most accurately classified. Logistic re-
gression belongs to generalized linear models which allows response variable to 
have some other than normal distribution (Agresti, 2002). In the case of logistic 
regression model the dependent variable is categorical and we use the logit as 
the link function. Link function specifies the relationship between the linear 
predictor and the mean of the distribution function. It is noteworthy to mention 
that there are also link functions of other kind (for example probit and comple-
mentary log-log); however, one benefit of using logit function is that the differ-
ences on the logistic scale are interpretable and this interpretation is independ-
ent of the sampling type (McCullagh & Nelder, 1989). The multinomial exten-
sion of logistic regression is used in cases where the dependent variable has 
more than two classes or categories to be explained. The coefficients are com-
pared with reference which is the omitted category of dependent variable 
(Krishnapuram et al., 2005).  

Logistic regression analysis is widely applied in quantitative studies and is 
used to research relationships between a discrete dependent variable and a set 
of explanatory variables (Agresti, 2002). Logistic regression is used in Essay II 
to evaluate statistical significance of decision-making patterns. The purpose is 
also to evaluate whether patterns contribute positively or negatively to success 
in simulation. For this purpose from each session the most successful and the 
least successful teams are selected, which form the dichotomous dependent var-
iable for analysis. Multinomial logistic regression analysis is utilized in Essay III 
to investigate the relationship between multinomial dependent variable (deci-
sion-making strategies) and independent variables describing the cultural com-
position of teams.  

 

4.4 Lasso selection (LASSO)  

Least absolute shrinkage and selection operator (LASSO) is a method of shrink-
age (see, for instance, Hastie et al., 2013) and in the case of linear regression the 
selection of coefficients is based on ordinary least squares regression’s con-
strained form, meaning that the sum of the absolute values of the regression 
coefficients is constrained in such a manner that these are smaller than a spec-
ified parameter. By stating this more formally, let 𝑥𝑖 mean the column vector of 
predictors for observation i, and it is assumed now that 𝑥𝑖  are centered and 
scaled such a way that these have unit standard deviation and mean zero. Addi-
tionally, dependent variable 𝑦𝑖 has also mean zero. Then the LASSO regression 
coefficients 𝛽𝑇  are the solution to the constrained optimization problem. LASSO 
can be used also with generalized linear models and for logistic regression the 
following penalized version is maximized (Hastie et al., 2013):  
 
 
𝑚𝑎𝑥
𝛽0, 𝛽

{∑ [𝑦𝑖(𝛽0 + 𝛽𝑇𝑥𝑖) − log(1 + 𝑒𝛽0+𝛽
𝑇𝑥𝑖)]𝑁

𝑖=1 − 𝜆∑ |𝛽𝑗|
𝑝
𝑗=1 }  
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  In this equation 𝛽0 is the intercept parameter, 𝛽𝑇  denote the row vector of the 
regression coefficients, N is the number of observations, p is the number of pre-
dictor variables and 𝜆 is a tuning parameter adjusting the size of the penalty for 
the sum of the absolute values of the regression coefficients, |𝛽𝑗|. This equation 
is concave and the solution can be obtained employing nonlinear programming 
methods (Hastie et al., 2013). Determining an optimal value for 𝜆 is an im-
portant task and this can be done with k-fold cross-validation where the cross-
validated log-likelihood is maximized (Friedman et al., 2010). LASSO is a regu-
larization method which imposes a penalty for logistic regression and this pen-
alty results that coefficients of the less important variables shrink to zero. This 
means that only the most significant independent variables are included in the 
final model which reduce the variance of the model and helps to avoid overfit of 
the model. Efron et al. (2004) developed an algorithm, which is based on least 
angle regression. This algorithm is used to create a sequence of LASSO solutions 
and this sequence can be used to get all other LASSO solutions by utilizing linear 
interpolation. Basically, this is a stepwise procedure with a single addition to or 
deletion from the set of regression coefficients which are not zero at every step. 

LASSO for logistic regression is used in Essay II in the pre-selection of inde-
pendent variables. LASSO is developed to improve the accuracies of predictions 
and the regression models’ interpretability and this happens via changing the 
model fitting process by selecting only provided covariates subset which is used 
in the final model rather than using all of the covariates (Tibshirani, 1996). The 
purpose is to find the most powerful set of candidate variables from the data 
and LASSO can be used for continuous subset selection (Hastie et al., 2013). 
These variables represent different decision-making patterns related to infor-
mation usage. Results of LASSO are further used in logistic regression analysis. 
The dependent variable in LASSO analysis is the dichotomous one measuring 
success (from each session the most successful and the least successful are se-
lected). 

 

4.5 Box-Cox regression 

In cases when the normality assumption of linear regression model’s error dis-
tribution does not hold, some transformation is needed:  Box-Cox regression is 
used in cases where the distribution of dependent variable needs to modify so 
that the residuals are more normally distributed (Box & Cox, 1964). Box-Cox 
transformation (Box & Cox, 1964) is a generalization of the logarithmic trans-
formation: 
 

  

http://127.0.0.1:49473/help/statug.hlp/statug_glmselect_references.htm#glmselectefro_b04
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where y denotes to the original variable and y() to the transformed variable. 
Box-Cox transformation needs that y>0, and depends on the parameter , 
which is estimated by using the maximum likelihood method. The likelihood for 
given  is inversely proportional to the square root of the mean square error of 
the residuals from the linear regression. Box-Cox regression is used in Essay I 
where the dependent variable is business result and independent variables are 
describing the composition of teams from multiple perspectives. Box-Cox trans-
formation is applied to transform the non-normal dependent variable (business 
result) into a normal shape. Box–Cox transformation assumes positive values 
of y and therefore we shifted the reference point in the original variable by sub-
tracting the minimum value of y and then adding a small constant (0.1) to it. 
The purpose is to evaluate the statistical significance of different independent 
variables. This enables us to study which independent variables have positive or 
negative impact. 

 

4.6 Regression tree  

Decision trees are nowadays typical tools in data mining (Rokach & Maimon, 
2008). In building a decision tree, among the influential approaches are for in-
stances: CHAID approach (chi-square automatic interaction detection; Kass 
1980), ID 3 and C 4.5 (e.g., Quinlan, 1990) and CART (Classification and Re-
gression Trees; Breiman et al., 1984). Decision trees are basically algorithms 
which utilize some set of independent variables to learn a predictive model for 
some target variable. The decision tree could be described as a set of rules. These 
rules segment the data and based on these rules each observation attaches to a 
segment based on the values of the independent variables. This rule set de-
scribes the segments’ hierarchy, which is labeled a tree. Each segment is called 
respectively a node. It is noteworthy that the decision tree approach can be used 
to classify observations and predict the outcomes of interval variables by utiliz-
ing the regression tree approach. This tree approach has multivariate linear 
models at its leaves (e.g., Quinlan, 1992) and these trees can be employed to 
predict decisions in the case of several decision alternatives.  

  In 1984 Breiman et al. presented the idea of CART, which has been claimed 
as a big achievement in the domains of data mining, nonparametric statistics, 
machine learning and artificial intelligence (Wu et al., 2008). The idea of CART 
is especially influential because it completes the idea of decision trees (see Wu 
et al., 2008). Decision trees typically utilize as an input cases belonging to some 
classes which are described by the set of attributes, and the task is to create a 
classifier to predict where within these classes a new case would belong (see, for 
instance, the discussions of C4.5 (Quinlan, 1993), ID3 (Quinlan, 1979) and C5.0 
(Kuhn & Johnson, 2013)). CART has been utilized on many application domains 
like electronic engineering, biology, medical research, and finance (Wu et al., 
2008).  

Regression tree analysis is used in Essay I to study the relationship between 
Box-Cox-transformed dependent variable (business result) and independent 
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variables (the composition of teams). It has been stated that one benefit of using 
trees is the intuitive interpretation of the results (Murthy, 1998). Regresson tree 
is used in Essay I to confirm whether our results get support from another ana-
lytical view and thus increase the internal credibility of the results. The purpose 
is to investigate how different independent variables contribute to the business 
result. 

   

4.7 Sequential pattern mining 

Agrawal and Srikant (1995) formulated the sequential pattern mining problem. 
They stated that the task was to find from the sequence database such sequential 
patterns which satisfy some minimum support given by the user, support being 
the number of data sequences which contain the specific pattern and sequence 
being the time-ordered list of transactions. Agrawal and Srikant (1995) defined 
that the customer supports sequence s if s is contained in the customer sequence 
for this customer. Then the support for this sequence s is defined as the fraction 
of total customers who support this sequence. This idea generalizes to the anal-
ysis of data, which is in log file format, where each data sequence contains all 
the events done by single user ID (Pei et al., 2000). Garofalakis et al. (1999) gave 
a definition where the problem is to find subsequences, which are basically se-
quences contained in some other sequence and frequent meaning that there is 
some percentage of sequences in data which is more than the minimum support 
set by the user. It should, however, be highlighted that data used in sequence 
mining may also come from nontraditional data sources which are not temporal 
or longitudinal—for example, web log data and telecommunication network 
data are these kind of data sources. In these contexts data could be defined as 
series where the events are ordered or semi-ordered and these probably occur 
at some particular times or in a certain order. This means in practice that the 
problem becomes more to search a collection of events that occur together and 
potentially follow some pattern than looking for single sequences. For this pur-
pose Mannila et al. (1997) gave a definition of episode: An episode is a collection 
of events which exist relatively close to each other in some given partial order.  

  In sequence pattern mining problems, we are typically given some database 
D of input sequences, and in this database each input sequence has the following 
attributes (Mooney & Roddick, 2013): ID identifying the particular sequence, 
the time of event, and some items which are present in that particular event. 
Normally it is still further assumed that there exists no sequence that would 
have more than one event with the same time stamp. Given some user-specified 
support (called minimum support, min_supp), a sequence is labeled as frequent 
if it appears more than min_supp times. The set of frequent k-sequences is then 
described as ℱ𝑘. Still a frequent sequence is called maximal if it is not a subse-
quence of any other frequent sequence. 

Sequential pattern mining is used in Essay II to find decision-making patterns 
from log format data. The purpose is to find patterns which describe how infor-
mation is used in decision making. Sequential pattern mining is used because 
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the time-order of the events in the data is important. Analysis is conducted in 
two time periods of simulation. Patterns with highest support are chosen as in-
dependent variables and are used in LASSO and logistic regression analysis.  

     

4.8 Summary of methods 

All the essays in this dissertation are considering decision making in real-time 
dynamic business simulation environments and they all have different focuses, 
issues, methodological foundations, and main research questions. In Table 2, 
these differences are shown. In Essay I, the Box-Cox regression and regression 
tree are used to investigate the relationship between the success of decision 
making (measured as business result) and composition of decision-making 
team. In Essay II multiple methodologies are used in analysis. First sequence 
mining analysis is conducted to find useful decision-making patterns from data. 
Then regularized logistic regression is utilized in the selection of most relevant 
patterns. Finally logistic regression is used to evaluate the significance of pat-
terns. This approach enables study as to whether there are different patterns 
related to information usage in simulation between the successful and unsuc-
cessful teams. In Essay III multinomial logistic regression is used to study the 
linkage between the decision-making strategies and cultural origin of teams (in-
dividualism/collectivism). The dependent variable is a multinomial one in anal-
ysis (decision-making strategies).  

Table 2. Focus, issues, methods, and main research questions of the essays.  

 Focus Issues Methods Main research questions 
Essay I  Decision 

making in 
small teams: 
team's pro-
file's linkage 
to the suc-
cess 

 The similarity of 
the team  

 The demo-
graphic profile 
of the team 

 Box-Cox 
regression 

 Regression 
Tree 

 The linkage between 
composition of the deci-
sion-making team and 
successful decision mak-
ing 

Essay II  Decision-
making pat-
terns 

 The division of 
teams by suc-
cess and time 

 The successful 
information us-
age patterns 
 

 Sequence 
mining 
analysis 

 Regular-
ized logistic 
regression 

 Logistic re-
gression 

 Common features of in-
formation usage for the 
successful (unsuccess-
ful) decision makers 

Essay 
III 

 Culture's rela-
tion to the de-
cision-making 
strategies 

 Individualism/ 
collectivism  
division 

 Decision-mak-
ing strategies 

 

 Multinomial 
logistic  
regression 

 The connection between 
the decision-making 
strategies and individual-
ism/collectivism orienta-
tion  
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5. Results 

This section presents and discusses the research findings more carefully. In Sec-
tion 5.1 Essay I is discussed. This essay studies cultural and demographic as-
pects in small-group decision making. The research question is whether there is 
a linkage between the composition of the decision-making team and successful 
decision making. Section 5.2 presents key findings of Essay II, which investi-
gates decision-making patterns and how these are related to success. In Essay 
II, the research question is whether it is possible to use data mining to find some 
common features of successful (or non-successful) teams’ decisions and what 
kinds of differences there are in information usage between successful and non-
successful decision makers. Finally, Section 5.3 presents Essay III which studies 
different decision-making strategies’ relations to culture. The research question 
is whether there is a connection between decision-making strategies and indi-
vidualism/collectivism dimension.   

 

5.1 Essay I: Decision Making in a Real-time Business Simulation 
Game: Cultural and Demographic Aspects in Small Group Dy-
namics  

In this essay, we form and test several hypotheses based on prior literature. We 
utilize a linear regression model with multiple independent variables describing 
the construction of decision-making teams. Our dependent variable is the busi-
ness result at the end of the simulation period. Because this variable is highly 
skewed, we adopt the idea of Box-Cox transformation and do Box-Cox regres-
sion. We also do another analysis with the same data. We utilize the idea of clas-
sification and regression trees (CART) and build a regression tree with the same 
variables as used in regression analysis. The idea behind this is to do methodo-
logical triangulation, which is used when a more holistic and objective view is 
wanted. One of the main reasons is to be sure that the observations made from 
data are not generated by the selected methodology but are more universal. Ad-
ditionally the regression tree is a rule-based learning tool and is well-known for 
intuitive representation of data (although rules may not be). The purpose was 
to study different kinds of decision-making teams' structures and their relation 
to decision-making performance as measured by the business result at the end 
of the simulation gaming. The research question is whether there is a linkage 
between the composition of the decision-making team and successful decision 
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making. The data used in analysis was gathered from RealGame and altogether 
142 decision-making teams playing the simulation were used.  

  We hypothesized that national cultural background would have an effect on 
the success of decision making. According to our hypothesis 1, decision-making 
teams involving players from highly horizontal-individualistic countries would 
outperform other groups in the simulation game. Our results were showing that 
firstly, national culture has a varying impact on business result. We found two 
of the cultural orientation coefficients statistically significant (different from 0) 
at the 5% level. These characterized both horizontal individualistic and vertical 
collectivistic countries. Teams which had at least one participant of highly ver-
tical collectivist culture reached the best performance. Highly horizontal-indi-
vidualistic members also had a statistically significant positive effect on the 
business result of the team. The same kind of results were detected with the re-
gression tree analysis, which suggests that the presence of participants from a 
highly vertical collectivist culture on the team leads to better business results. 
Our hypothesis 1 is not supported because each cultural orientation has a posi-
tive contribution to team performance (although their coefficients are not sta-
tistically significant at the 5% level). We hypothesized that more culturally ho-
mogeneous decision-making teams would be more successful in simulation. We 
formulated the following hypotheses regarding cultural homogeneity: 2a) The 
more homogeneous the decision-making teams are in terms of their cultural 
orientation, the better the business result they will achieve in the simulation 
game and 2b) The more homogeneous the decision-making teams are in terms 
of their cultural orientation, and if these teams have a female member, the better 
the business result they will achieve in the simulation game. In our study, the 
observation was that cultural homogeneity had a significant effect on the team’s 
business result. This indicates that the simulation gaming teams with a common 
cultural background are likely to be more successful decision makers. Hypothe-
sis 2a is partially supported because the cultural similarity group variants per-
formed better than the reference groups where all the members were represent-
ing different cultural orientations, and the all-males groups having male-male 
similarity did not perform statistically significantly better than the reference 
group. Hypothesis 2b is supported because the test for the difference of the co-
efficients of the three cultural similarity group variants showed that groups with 
a female deviate significantly from the all-male similarity group. It was also hy-
pothesized that larger groups with three participants would make a better busi-
ness result. According to our hypothesis 3a, decision-making teams with three 
members achieve a better business result than teams with only two members in 
the simulation game. A statistically significant finding was that the teams with 
three participants did not have a positive effect on the final business result. In 
the RT-DDM context, this means that the consensus between two players was 
simpler to find, compared with a situation where there were three players on the 
team. Thus this hypothesis 3a is not supported. We hypothesized that a three-
member team with two males and one female would be an ideal combination. 
Our hypothesis 3b was that decision-making teams with two males and one fe-
male achieve a better business result than the other teams in the simulation 
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game. Our results confirm something different: This specific composition of 
team had the worst performance of all team compositions. Hypothesis 3b is not 
supported. We also formulated two hypotheses regarding the education and job 
content: Hypothesis 4, Decision-making teams with a homogeneous education 
composition tend to have a better business result than those with a heterogene-
ous education composition and Hypothesis 5, Decision-making teams with a 
homogeneous job content composition tend to have a better business result than 
those with a heterogeneous job content composition. Hypothesis 4 is not sup-
ported because the test for the effect of educational homogeneity on perfor-
mance is not statistically significant. Hypothesis 5 is not supported because the 
test stating that teams with a similar job content composition have better busi-
ness results is statistically insignificant. 

  The study showed that decision-making behavior may be something different 
in real-time dynamic contexts. Hypotheses mainly derived from non-real-time 
studies serve as a basis for analysis. The results, however, were at least partly 
totally different, which indicates that decision-making mechanisms can be very 
different under time pressure. The same kinds of results were gained with two 
different methodologies, which indicates that these are not dependent on the 
selected methodology but on the data.  

  The study emphasizes the need to more understand more comprehensively 
the decision-making behavior in real-time contexts. The behavior may be dif-
ferent compared with more static environments where most decision-making 
studies are done. Results are, however, preliminary ones and need more re-
search in different domains. These results supplement previous studies made in 
real-time settings.  

 

5.2 Essay II: Data Mining to Extract Successful Decision-Making 
Patterns in a Real-Time Simulated Environment 

Studies have shown that there are basically two main styles in decision making. 
Analytical, or System 2, style is related to more comprehensive usage of infor-
mation and effective ways of making successful decisions in complex tasks, 
while intuitive (System 1) is more automatic and less using cognitive effort, 
which can be more vulnerable to decision biases. Additionally, making a suc-
cessful business requires multitasking capabilities (in our context, taking ac-
count of both industry and commerce aspects in manufacturing). Still, previous 
findings have indicated that there is a positive relationship between success and 
active strategies (sales in our context) in business simulation. The analyses of 
the logic and causalities in simulation have been attached to success as well. The 
overall knowledge about information usage patterns is new information which 
can contribute to the field of decision-making analysis. This essay considers 
with the data-mining approach, are there different information usage patterns 
connected with success? 

  The purpose of this study is to reveal various information usage patterns in a 
real-time decision-making environment. The research question is whether it is 
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possible to find some common features for successful (or non-successful) teams’ 
decisions with data mining and what kind of differences there are in information 
usage between successful and non-successful decision makers. The data used in 
our research setting was based on log files which were generated while teams 
were making decisions in the simulation game. The data also covered decision-
making groups’ demographic information. The data was gathered from n = 23 
different training session. The decision-making units were teams, and from each 
session were selected the best and worst team, according to the business result. 
The data was also divided into two parts describing the first and second day of 
simulation. By utilizing sequence-mining, regularized logistic regression, and 
logistic regression algorithms, patterns were detected with respect to success. 
These patterns potentially reveal different strategies or tactics used in decision 
making. 

  We hypothesized that success in simulation is positively related to a more 
analytical approach regarding information processing. Additionally, we hypoth-
esized that abilities to multitask and be flexible are also positively related to suc-
cess. Moreover, it was hypothesized that adoption of an active strategy for deci-
sion making would lead to better success. It was noted that the decision-making 
patterns were different based on the success during the simulation: On the first 
day of simulation gaming, based on the findings of data mining analysis, they 
were highlighting active caretaking of sales-related decisions (offers and inven-
tory), which indicates the formation of strategy. Inputs to research and devel-
opment were also emphasized among the best teams, which indicates a more 
strategic way of thinking in decision making, because research and development 
links together the strategy of the company and business plans. Also the basic 
logic of simulation related to production was stressed. In the second day, deci-
sion-making patterns gained with data mining analysis were more related to in-
formation of inventory, production decisions, and again, sales offers for the best 
teams. Successful teams were studying and analyzing how inventory manage-
ment, production decisions, and sales are interdependent and how these affect 
profit. These detected patterns supported what we had hypothesized. It was 
found that the best teams used the analytical approach more in their decision-
making style, which is seen in information used. Additionally, the best teams 
were able to multitask and be more flexible (capability to utilize information 
regarding both industry and commerce) and to use active decision-making 
strategy (sales activities). Successful teams were also more actively studying the 
causal relationships of key elements in simulation (production, inventory, sales 
and profit) and logic of the simulation. 

  This study showed that there are different information usage patterns re-
garding success and time in real-time simulated environments. However, the 
patterns may not be the same as has been detected in more static contexts. By 
analyzing these patterns, it could be possible to reveal the DNA of a quality de-
cision and use this information to help organizations make better decisions. The 
study presented a generic model of analytics with decision-making log files.  
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  The study emphasizes the differences between successful and unsuccessful 
decision-making behavior and the role of information usage. The role of suffi-
cient decision support given with the aid of algorithms based on the findings of 
this study may have a big role in bettering decision making in organizations. 
These results supplement previous more static decision-making studies with 
small groups. This study also contributes by presenting a quantitative frame-
work which enables researchers to find information usage patterns considering 
different tactics and strategies. 
 

5.3 Essay III: Decision-Making Strategies in Business Simulation 
Environment: A Cultural Approach 

In decision making, cultural origin may play a crucial role. Culture may be de-
fined in multiple ways, and one interesting and less researched issue is the role 
of nationalities in dynamic decision-making context. When decision-making 
teams are formed from decision makers from several different regions, there 
might be some culture-related issues which can reflect how teams adopt certain 
schema to make decisions. This essay addresses whether there are different de-
cision-making strategies which could be culture-related. 

  The division between the Western and Eastern view of the world is recog-
nized in prior research. Questionnaires have been developed to study and ana-
lyze the potential differences between different nationalities; for instance, based 
on Hofstede's scale, countries can be divided into collectivists and individual-
ists. By adopting the idea of this scale, individualist perception lies, for example, 
in the United States of America, Canada, Western Europe and Australia, while 
collectivist countries are, for instance, China, Japan, Taiwan, Venezuela, India, 
and all non-European tribal cultures. This division is not only to label countries 
but is a more fundamental one and may reflect several aspects when forming 
teams to do some task. It has been found, for instance, that people from indi-
vidualist countries are trying to prevent friction, attempting to control situa-
tions by deep exploration and information gathering, and individualists are also 
more achievement-oriented. Collectivists have been found to focus more on the 
social aspects of the decision-making problem, value security more, and be more 
risk-avoiding.  It has been detected that there are also differences in which kind 
of decision-making strategy is used. Collectivists are more likely to favor pas-
sive, collaborative, and avoidance strategies, while individualists prefer active, 
assertive, and confrontational behavior in conflicts and are more confident in 
their decisions.  

  The purpose of this study was to investigate whether there are some decision-
making strategies which are more dominant to individualists or collectivists. 
The research question in this study is whether a team’s cultural background 
(whether there are individualist/collectivist decision-makers in teams) has an 
effect on the adopted decision-making strategy. Decision-making strategies 
were identified from previous literature and operationalized from business sim-
ulation-based data. In this way four different decision-making strategies were 
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originally discovered and grouped finally to three strategies (vigilant/hypervig-
ilant/passive). These three different strategies were used in analysis as a de-
pendent variable. The independent variables were based on the classification of 
different countries into individualists and collectivists, and these were used in 
analysis as dummy variables. Multinomial logistic regression model was utilized 
in data analysis.  

  The results showed that in a real-time decision-making context like Real-
Game, there is some evidence that the formation of a simulation-playing group 
can explain to some extent what kind of decision-making strategy is used. It was 
hypothesized that teams with at least one “collectivist” participant would be 
more likely following a passive or hypervigilant strategy. This hypothesis is not 
supported in analysis. It was also hypothesized that teams with at least one in-
dividualist participant would be more likely to use vigilant decision-making 
strategy. However, no support was found that individualists would necessarily 
prefer a vigilant decision-making strategy. Indeed, it was found that one group 
of individualists (Western European) more likely preferred a passive or hyper-
vigilant strategy than a vigilant one, which is contrary to findings in previous 
studies. Other groups of individualists (teams with at least one participant from 
Australia or the Republic of South Africa) were more likely to use a hypervigilant 
than a vigilant decision-making strategy; thus, support was found that a hyper-
vigilant strategy was preferred compared with passive.   

  This study showed that there are also different decision-making strategies in 
real-time simulated environments. However, the linkage to cultural background 
may not be the same kind as has been detected in more static contexts. Thus 
when studying decision-making behavior, we need to test and validate prior hy-
potheses and make judgments as to whether the behavior is similar or not. 

  The study emphasizes the differences between real-time and non-real-time 
decision making by taking into account national aspect and its relation to deci-
sion-making behavior. These results supplement previous more static decision-
making studies with small groups.  
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6. Discussion and conclusions 

This dissertation focuses on real-time decision making in a business simulation 
environment. RealGame was the case simulation used, which simulates the 
manufacturing company. Running the company needs multiple skills related, 
for instance, to production, financing, labor, marketing, and research and de-
velopment. The company produces products of different kind (road bikes and 
mountain bikes) for various geographical markets. The teams are the decision 
makers in the game and are constituted of participants who are in real work-
life. As such RealGame offers a unique environment to study dynamic decision-
making (DDM) behavior because of the complexity, realism, dynamics, and 
given time pressure. Although the study environment is a simulated reality the 
results have wider implications for the principles of how to collect and analyze 
data generated from organizational decision making. Also the results give sug-
gestions on how to increase the success of decision making. 

Essay I studied the role of decision-making teams’ composition in the success 
of decision making measured as business result. The results showed that team 
composition has an effect on success—especially nationality, gender, the size of 
team, and education were highlighted in the analysis. It was shown that having 
at least one player from a highly vertical collectivist culture led to best perfor-
mance, and if team size is smaller, the performance of the team in real-time de-
cision making was superior. We hypothesized based on Apesteguia (2012) that 
a three-participant team with two males and one female would be an ideal com-
bination, but our results did not confirm this: this specific combination of team 
had the worst performance. Cultural homogeneity had a significant effect on the 
business result, which indicates that teams with a common cultural background 
appeared to be more successful in decision making. It was detected that two-
person, culturally homogeneous but gender-diverse teams perform the best, 
and interestingly the good result was also achieved when there were two males 
with cultural similarity and one female. This implicates that cultural similarity 
is an important part of successful decision making. This finding is in line with 
some previous research (Watson et al., 1998). Education also had some impact 
on performance: technical or science education improved the performance, par-
ticularly when teams were constituted of other than the highly vertical collectiv-
ist cultures. However, it was not supported that homogeneity regarding teams’ 
education or job content would lead to better success. This is something differ-
ent than some previous studies have reported about similarity of the group 
members (Hollingshead, 1996). Additionally, these teams suffered from a par-
ticipant with a business education. With such a unique dataset it is one of the 
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first studies to consider the role of teams’ composition in a real-time business 
simulation. It complemented the previous studies of business simulations. 

Essay II analyzed with a data-mining approach the information usage patterns 
related to success in gaming. It was detected that teams with the best and worst 
performance used information differently, and this indicated different strate-
gies or tactics. The teams with the best results especially showed in their behav-
ior the wider approach to used information when making decisions in the sim-
ulation. On the first day of the simulation, based on the data mining analysis, 
best-performing teams were actively taking care of sales-related decisions (of-
fers and inventory), which constitutes an active strategy and learning of the 
basic logic of the simulation, considering production by the best teams. The con-
trolling of research and development inputs also indicates more strategic think-
ing. On the second day based on the findings of data mining analysis, patterns 
were more related to information on inventory, production decisions, and again 
sales offers for the best teams. On the other hand, basic production line activi-
ties were not playing a big role. This showed a behavior where teams analyzed 
how the inventory, production decisions, and sales are linked together and how 
these affect the formation of profit. Because RealGame is a complex environ-
ment, these findings are important ones. It has been suggested that in complex 
decision-making contexts, an analytical style of making decisions that utilizes 
more information is effective. Findings of this study suggest that success was 
positively related to the analytical usage of information, abilities to multitask 
and be flexible, and usage of active decision-making strategy. These findings are 
in line with some previous studies (Fuchs et al., 2015; Güss et al., 2000; Güss et 
al., 2015; Soane et al., 2015). Additionally, capability of studying causal relations 
between the key elements of simulation and logic of simulation are positively 
associated with success. This study introduced a new way for the analysis of de-
cision making by using multiple methodologies. It was also one of the first ap-
proaches on the principles of how to conduct the quantitative analysis of deci-
sion making from log files to reveal patterns related to different tactics and strat-
egies. 

Essay III studied the role of individualism/collectivism in decision-making 
strategies used in real-time context. It was detected that there are some strate-
gies which are more typical for individualists. The results did not support some 
previous studies, which are typically based on static questionnaire data, where 
it has been found that collectivists are more likely using a passive or hypervigi-
lant decision-making strategy (Mann et al., 1998). Contrary to expectations, one 
group of individualists (Western European) more likely preferred a passive or 
hypervigilant strategy than a vigilant one. Other groups of individualists (teams 
with at least one participant from Australia or the Republic of South Africa) were 
more likely to use a hypervigilant than a vigilant decision-making strategy, 
which means that support was found that a nonpassive strategy was preferred 
in comparison with passive. These results are not in line with some previous 
studies (Mann et al., 1998; Ohbuchi et al., 1999). Essay III was one of the first 
approaches to detect decision-making strategies from real-time behavior and 
link these strategies to business simulation’s players’ backgrounds. 
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The research provided multiple perspectives into the analysis of case simula-
tion and utilized many different methodological approaches and their combina-
tions. This kind of holistic approach allows deeper analysis and new angles for 
the data. Utilizing both deductive and inductive approaches in the analysis 
makes the study more relevant in the domains which are not much studied. The 
results were partly supporting and partly contradicting previous studies and a 
lot of new insights were given. 

The results of the analyses have both theoretical and practical implications. 
Big data creates new opportunities for the development of decision-making the-
ory, and this can result in novel practical insights for organizations. From the 
theoretical perspective, the analysis of real-time dynamic decision-making be-
havior in a business simulation context is rare and focused on quite narrow is-
sues. This study utilizes a relatively large and unique dataset, which is consti-
tuted of the decision-making behavior logs while teams are playing the simula-
tion; also it contains information about the demographic profiles of the players 
which were aggregated into team level. Additionally, the data contain infor-
mation about the success of decision making, such as business result. As such 
the data itself is a rich source of information. This kind of data enables compre-
hensive studies. This dissertation showed that the composition of a decision-
making team has an impact on the team’s success. Also it was shown that good 
decision making has a unique DNA, which is based on a more deliberative deci-
sion-making style. Finally, from data it is possible to derive different decision-
making strategies. These findings should be tested in future studies and thus get 
understanding about their theoretical validity and whether generalizations are 
possible. 

From the practical perspective, the results are interesting ones. Essay I re-
searched the role of decision-making teams’ composition in decision making 
success, and some practical advice can be given based on our findings.  Nowa-
days many organizations are multinational, meaning that there are employees 
from a variety of countries all over the world. In these kinds of organizations, 
there can be functions in many countries, and boundaries related to culture have 
the potential to emerge. Then the intelligent planning of working units which 
takes into account different aspects is really an important issue. As was shown 
in this study, different compositions of teams can result into totally different 
outcomes. Finding the right compositions can mean a big improvement in the 
organizational level. For instance, organizations could form different composi-
tions of teams based on our results and link success measures to team perfor-
mance. Then experiments could be done to analyze the linkage between team 
composition and success. The external validity of the simulation could be 
checked by studying whether there is some correlation between the simulation 
and real-world performance (Dickinson & Faria, 1996). 

This study also introduces a generic approach on how to design the decision-
making analysis, and it could be suitable for real-life organizational levels. Essay 
II explored with a data-mining approach the information usage patterns related 
to success, and based on our results practical advice can be given. Organizations 
are facing a lot of heuristic decision making that is not based on data. Although 
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heuristics may be beneficial in some cases, these are likely to contain bias, which 
can mean lost opportunities and wasted money for organizations. A solution for 
this problem is a shift towards data-based decision making. This means that or-
ganizations start to collect data from decision making and create solid analytical 
principles to derive knowledge about the DNA of good decisions—for instance, 
the designing of databases, information architecture, development of algo-
rithms, and intelligent decision support systems based on artificial intelligence. 
Integrating ideas into business is also important; without this, the benefits are 
hardly gained. This can also mean that some kind of resistance in organizations 
is likely to occur, but this could be overcome by the means of attitudinal affec-
tion.  

Decision-making strategies are also something which can be analyzed from 
data. Essay III studied the role of individualism/collectivism in decision-mak-
ing strategies, and based on the findings some practical advice can be given. In 
organizations, for instance, different teams may have totally varied approaches 
to tasks. These approaches may be related to teams’ backgrounds (for instance, 
culture). This information can be valuable, and in different domains it can be 
that some strategies are more favorable than others. Then organizations can 
plan which kind of strategies are multiplied. This would, for instance, mean that 
strategies with the best success are analyzed and teams are profiled. Then these 
strategies could be used as learning targets and teams planned in a way to in-
crease the probability of performance success. However, it is important to note 
that there is not necessarily only one strategy for the good result, and in different 
cases different strategies may also be beneficial. Thus it is important for organ-
izations to be familiar with different views of their employees related to their 
background.   
   There are also some limitations in this study. The external validity of results 
would need some real organization to be tested. This would give an idea of how 
well the results can be generalized in a real-world business context. The intro-
duced analytical ideas are important, and these should be implemented and 
tested in real organizations to reveal their own decision-making patterns and 
the DNA of novel decisions. The data also has own limitations because there is 
some missing information about the background of players and prior experience 
in similar simulation sessions. The appropriate level of log data is an issue that 
has also implications for the analysis: The more aggregation is done, the more 
information is lost, and on the other hand, the more detailed the data is, the 
more likely is the finding of trivial patterns. The future studies should focus on 
these issues and be planned in a manner that support these. For instance, the 
psychological profiles of participants and more systematic collection of the de-
mographic data (like experience in work life) would provide new insights into 
analysis. Also expectations towards the team collaboration and measures of the 
gaming experience could serve as an interesting part of the study design. The 
results in this study are preliminary ones needing more research in other simu-
lation contexts. The real benefit of analysis in business simulation gaming could 
be tested, for instance, in such a way that some teams would have decision sup-
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port based on the results of this study while others would play without any sup-
port. Still, a fully robotic player designed by the principles of this study could be 
implemented and tested in decision making. The rise of artificial intelligence is 
likely to affect many domains, and it could be a remarkable support in organi-
zations.  
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