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ABSTRACT
Selecting an appropriate project management method is
important for achieving project success. There are two
main project management methods: traditional and ag-
ile approaches. Traditional approaches are characterised
by their adherence to a plan, established at the start of
a project. In contrast, agile approaches emphasise adapt-
ability and flexibility. The appropriate method for a project
is dependent on project characteristics. Selecting a suit-
able method is a difficult task, so a decision model is
desired. Considering that not much quantitative data is
available, such a model could be constructed using Bayesian
network modelling. Bayesian networks are probabilistic
graphical models that express uncertain relationships be-
tween variables. These models can often be built in the
absence of data. The purpose of this research is to in-
vestigate whether such a model for project management
method selection can be built. It was found to be possible
to construct a Bayesian network for selecting the appropri-
ate approach, even without the availability of quantitative
data.

Keywords
Project management methods, Bayesian network, project
decision-making.

1. INTRODUCTION
Project management (PM) is concerned with the planning
and control of a project, with the goal of achieving project
objectives [30]. The selection of an appropriate project
management method (PMM) plays an important role in
achieving desired project results. Many studies have con-
firmed that alignment between a particular project and
the chosen PMM is essential for project success [3, 5, 30].
Moreover, it has been argued that an inappropriate choice
of PMM has been a critical factor in project failure [34].

Regarding the choice of PMM, there are two main streams:
traditional and agile approaches. Typically one of these
two methodologies is chosen for managing a project [3, 33].
Traditional methodologies are plan-driven, ensure that all
requirements are established at the start of the project,
and typically follow a sequential design process [12]. In
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contrast, agile methodologies are characterised by their
flexibility and continuous adaptations to clients’ require-
ments [12, 35].

Although some argue that agile methodologies are supe-
rior to traditional methodologies [2], the most appropri-
ate PMM for a project is dependent on project charac-
teristics [36]. This is confirmed by project contingency
theory, which states that the best PMM depends on the
context [19].

Selecting the appropriate method has been identified as
a major challenge [41], and thus it seems that a decision
model is desired. However, such decision models are very
scarce [2, 19, 41]. In [41], a simple decision model is con-
structed, but this model is mainly informative, without
yielding an immediate suggestion regarding the preferable
PMM. Moreover, this model does not show relationships
between chosen variables.

Since there is little quantitative data available to con-
struct such decision models [41], Bayesian network mod-
elling could show to be useful. Bayesian networks are prob-
abilistic graphical models that allow for reasoning under
uncertainty [7, 20]. They consist of nodes, representing
random variables, and edges between nodes, representing
probabilistic dependencies. They can be built from incom-
plete data [16, 24, 27, 29, 39], for example by exploiting
expert knowledge [24, 27, 29]. Bayesian networks are eas-
ily understandable by humans due to their semantic clarity
[24]. Moreover, relationships between variables are repre-
sented explicitly.

In the domain of PM, some Bayesian networks have been
constructed regarding project cost, risk, and benefit, such
as in [45]. However, no Bayesian networks have been con-
structed to serve as a decision model for selecting the ap-
propriate PMM. This yields the following research ques-
tion:

How to build a Bayesian network for selecting the most
appropriate project management approach in the absence
of data?

Although it is stated that Bayesian networks can be built
with missing data [16, 24, 27, 29, 39], this remains a chal-
lenge, since there is a risk of having too little information
to construct a valid model. Therefore, part of the research
will consist of exploring whether it is even possible to de-
velop such a network. The PM approaches that are consid-
ered are the ones mentioned earlier; agile and traditional
methodologies. To answer the research question, the fol-
lowing sub-questions can be defined:

1: What are the characteristics, benefits, and constraints
of agile and traditional PMMs?

2: What are the qualitative relationships between the cho-
sen variables?
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3: What probabilities can be assigned to the relationships
between the chosen variables?

2. REQUIREMENTS
Several requirements for the Bayesian network can be for-
mulated. First of all, the decision model should yield an
immediate suggestion regarding the appropriate choice of
PMM. Secondly, the model should clearly show the re-
lationships between variables, such that it is easily un-
derstandable. Lastly, the relationships between variables
presented in the model should be consistent with existing
literature.

3. RELATED WORK
The importance of having a decision model for selecting
the appropriate PMM is emphasised in [2, 19, 41]. In [41],
it is acknowledged that no such model exists yet.

In [2], several critical success factors (CSFs) for software
development projects are identified, and these are com-
pared between agile and traditional approaches. These
CSFs can be used to select variables for the Bayesian net-
work. In [3], the same authors compared the differences
in CSFs between agile and traditional approaches empiri-
cally. This will be used for deciding on the most significant
variables for the construction of the network.

In contrast to the requirements as given in section 2, in the
decision model constructed in [41], relationships between
variables are not shown, and no immediate suggestion re-
garding the appropriate methodology is yielded. Never-
theless, the criteria defined in the paper can be used for
the determination of variables for the network, as well as
to compare these criteria to the factors found in [2].

In [46], the lack of knowledge about the difference in per-
formance factors between agile and traditional firms is em-
phasised, and these factors are investigated relating to hu-
man resource management (HRM). Although HRM is not
the focus field, some factors may appear to be useful.

Strategies and challenges regarding agile and traditional
PMMs are defined in [12]. While it is stated in the paper
that the examination of success factors regarding the in-
troduction of agile methodologies into the traditional field
would be helpful for future research, the strategies and
challenges mentioned in the paper could already be useful
for the construction and support of the Bayesian network.

Lastly, in [19, 22, 28, 35], several success factors regarding
PM, but not specifically relating to the comparison be-
tween agile and traditional PM, are stated. This could be
helpful for the formulation of the variables.

Regarding Bayesian networks, there are several papers in
which these models are constructed, such as in [9, 15, 21,
45]. These papers will be used as examples for the design
procedure of the network. Moreover, in [26], a design prin-
ciple for the construction of Bayesian networks is detailed.
This design principle will be followed, and is explained in
the next section.

4. METHODOLOGY
4.1 Notation and Representation
A Bayesian network (BN) is a graphical model that repre-
sents both qualitative and quantitative information about
probability distributions. The qualitative information is
given by a graph. Following the structure of the graph, nu-
merical probabilities can be assigned, such that the quan-
titative information is represented.

To represent random variables in the network, upper case
letters, such as X, will be used. The domain of a random
variable X, which indicates the set of values that X may
have [13], is represented by dom(X). Random variables
may be either discrete or continuous. In this thesis, all
random variables are discrete, meaning that their domain
is finite or countably infinite. Moreover, the domains are
ordered, meaning that, if dom(X) = {a, b, c, d}, then a <
b < c < d.

To denote the probability distribution of a random vari-
able X, the notation P (X) will be used. The probability
of a certain value x ∈ dom(X) is given by P (X = x),
or, when it causes no confusion, P (x). The notation for
a set of random variables is a bold face letter, such as
X = {X1, . . . , Xn}. The probability distribution of such
a set of random variables is denoted by P (X1, . . . , Xn) or
P (X), and is called a multivariate or joint probability dis-
tribution. Given a joint probability distribution, any other
(conditional) probability distribution can be computed by
combining summation (also called marginalisation):

P (Y) =
∑
Z:X|Y

P (Y,Z)

with disjoint sets Y and Z, X = Y ∪ Z. and the definition
of conditional probability distributions:

P (Y | Z) =
P (Y,Z)

P (Z)

with P (Z = z) > 0 for any value of z.

A Bayesian network consists of a joint probability distri-
bution P and an associated graph G, that is defined as a
pair G = (V,A), where V is a set of objects i ∈ {1, . . . , n},
n = |V|, called nodes, and A ⊆ V × V is a set of node
pairs called edges. If G is a directed graph, then each edge
of A is an ordered pair (i, j), also represented by i → j,
such that (j, i) 6∈ A. The edges are then called directed
edges or arcs. A certain node i is called the parent of a
certain node j if i→ j ∈ A is an arc, and in that case j is
called the child of node i.

In this thesis, G is a directed acyclic graph (DAG). This
is a directed graph that contains no directed cycles, i.e.,
there is no sequence of arcs of the form i → j → · · · → i
(first and last node in the sequence are the same). As
usual, each node i in the DAG with V = {1, . . . , n} will
be associated in a one-to-one way to a random variable
Xi from the set of variables X1, . . . , Xn. In the following,
nodes and variables will be referred to interchangeably,
and Xi will be used to refer to both the node and the
variable.

One way to define Bayesian networks is from the notion
of factorising a joint probability distribution according to
the structure of a graph as follows.

Definition 1 (Factorization). Let G = (V,A) be
a directed acyclic graph with nodes V = {X1, . . . , Xn}.
A joint probability distribution P over the same variables
factorises according to G if P can be written as:

P (X) = P (X1, . . . , Xn) =

n∏
i=1

P (Xi | π(Xi))

where π(Xi) refers to the parents of the node Xi in G, and
each factor P (Xi | π(Xi)) is called a conditional proba-
bility table (CPT, for short).

Definition 2 (Bayesian network). A Bayesian net-
work is a pair B = (G, P ), where P is a joint probability
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distribution that factorises according to a directed acyclic
graph G.

4.2 Design Principle
The stages in the knowledge-driven development of a Bayesian
network are presented in Figure 1 [26].

In the first step, a causal graph will need to be estab-
lished. For this, critical variables and relationships have
to be identified by using existing literature on the topics
of agile PM and traditional PM. The relationships in the
graph are not necessarily causal, since a causality nota-
tion is not per se embodied in the semantics of a Bayesian
network. The variables and relationships will be deter-
mined by taking into account the characteristics, benefits,
and constraints of both methodologies. Moreover, to de-
termine the relations with project success, it is important
that the definition of project success is discussed first.

The domains of the variables have to be indicated us-
ing qualitative order words, to show the relationships be-
tween the variables. Thereafter, the domains will have to
be quantified, using literature and logic. Since not much
quantitative data can be found about the relationships be-
tween variables regarding agile PM and traditional PM, it
is highly likely that the exact needed information for the
quantification will not be available. Therefore, it is impor-
tant that substantial literature from experts regarding the
relationships between the determined variables is found,
and perhaps some numerical assessments for certain vari-
ables. This literature can then be compared and used to
establish the quantitative relationships.

When the quantitative network is established, the network
has to be evaluated. This can be achieved by comparing
the results from the model to results from the literature
with respect to the desired PMM.

In this research, Genie will be used for the development of
the model [6], but several other tools with the same func-
tionality are available for constructing a Bayesian network.

In this thesis, only one Bayesian network will be devel-
oped. Although it may be possible that more Bayesian
networks are suitable for selecting the appropriate PMM,
the model developed in this research should cover the most
critical variables. Moreover, relationships between vari-
ables will be supported by literature. Therefore, it seems
sufficient to construct one network, that could be devel-
oped further for future research.

Figure 1. Design of a Bayesian network (diagram taken
from [26]).

5. DEFINITIONS, VARIABLES, AND DO-
MAINS

5.1 Project Success
While the choice of an appropriate PMM contributes to
project success [3, 5, 30], there is no direct relationship
between the two [30]. First of all, there is a distinction
between PM success and project success [1, 30, 32]. This
distinction, as well as the definition of project success that
will be used in this research, is discussed below. Secondly,
although the choice of PMM plays a significant role in the
overall PM performance, there are other factors influenc-
ing PM as well, such as PM staff and PM leadership [28].
However, to avoid too much ambiguity and complexity,
these factors will be disregarded in the determination of
the relationship between the PMM and the overall PM
performance.

The main difference between PM success and project suc-
cess is related to the expected total life-span of a project.
Specifically, PM success generally concerns the achieve-
ment of short-term goals that can be evaluated immedi-
ately after completion of the project, while project success
relates to the evaluation of the higher, long-term goals of
the project overall [1, 30, 32].

Although successful PM contributes to project success,
project failure is not prevented by it [30]. Moreover, a
project may be successful, despite its PM being unsuc-
cessful [32]. Thus, in this research, the concept of project
success from [2] will be followed, where PM success may
be part of project success, but is not equal to it. In [2],
project success is composed of process success and product
success. Process success in this case is measured against
budget, time, and scope criteria, and product success is
related to product outcomes, such as the overall quality of
the produced outcome, and the user satisfaction.

5.2 Critical Success Factors
CSFs are elements that, if addressed appropriately, con-
tribute to the likelihood of achieving project success cri-
teria [1, 3]. For the construction of the Bayesian network,
some of the CSFs defined in [2] will be used as variables
in the network. To determine which variables are suitable
for the network, it is appropriate to assess them based on
criteria. In this paper, the following criteria will be eval-
uated: (C.1.1) the percentage of papers on project suc-
cess in which the CSF is mentioned, as investigated in [2],
should be larger than 70%, (C.1.2) if the influence of the
CSF is investigated in [3], that influence is found to be
significant, and (C.1.3) a domain can be indicated for the
CSF at the start of the project.

Some additional CSFs, that are not identified in [2] may
be formulated, if their importance is evident from other
literature. In that case, the variables conform to criterion
(C.2) importance evident from literature other than [2].

5.3 Variables
Factors relating to the project scope, such as technologi-
cal uncertainty, are most important to consider when se-
lecting the appropriate PMM [3]. Based on the decision
variables in [41] and the CSFs in [2], the most relevant vari-
ables, relating to the project scope, can be formulated as
(i) technological uncertainty (TU), (ii) technical complex-
ity (TC), (iii) level of specification (LS), and (iv) project
team’s expertise with the task (PTE).

Variables (i) and (ii) meet criteria (C.1.1), (C.1.2), and
(C.1.3). Variables (iii) and (iv) meet criteria (C.1.1) and
(C.1.3). These variables are not specifically investigated
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in [3], so criterion (C.1.2) is not applicable.

In agile methodologies, the role of the customer is critical
[46], because requirements set for the project are subject
to change depending on feedback of the customer [35]. In
contrast, with traditional methodologies, project require-
ments are not to be adapted during the implementation
process [12]. Therefore, the role of the customer can be
considered less critical for traditional methodologies [46].
The following variables related to the customer can be de-
fined: (v) communication with the customer (CC), (vi)
knowledgeability of the customer (KC), and (vii) impor-
tance of the role of the customer (IRC).

The CSF ’user participation’ from [2] meets criteria (C.1.1)
and (C.1.2), but fails to meet criterion (C.1.3) due to its
ambiguous formulation. Thus, this CSF has been parti-
tioned into variables (v), (vi), and (vii), such that crite-
rion (C.1.3) is met. Moreover, the variables meet criterion
(C.2).

Regarding the project team, the size of the project team
plays a role in the determination of the suitability of a
PMM [41]. The size of the project team is not given as
a CSF in [2], but the importance of it relating to agile
methodologies is confirmed in [47], and thus, (viii) project
team size (PTS), is an appropriate variable for the net-
work, meeting criterion (C.2).

Lastly, the two variables relating to project success have to
be defined, as well as the variable for the preferred choice of
PMM. These are the following: (ix) project success with a
traditional PMM (PST), (x) project success with an agile
PMM (PSA), and (xi) choice of PMM (C).

5.4 Domains
The variables and their domains can be found in Table 1,
and these are explained in this section.

Table 1. Variables with corresponding domains.
Variable (X) Domain (dom(X))

TU {low,medium, high, superhigh}
TC {assembly, system, array}
LS {nf,nff }

PTE {< 2, 2− 5, 5− 10, > 10}
CC {> 4, 2− 4}
KC {associate, bachelor,master, doctoral}
IRC {low,moderate, high}
PTS {7− 9, 10− 30}
PST {failure, success}
PSA {failure, success}
C {agile, traditional}

5.4.1 Technological Uncertainty (TU)
To indicate the levels of technological uncertainty, the di-
mensions and definitions of technological uncertainty from
[37] will be used. This results in the following categori-
sation: (i) low; implementing familiar technologies, (ii)
medium; adaptations of familiar technologies, (iii) high;
first use of new technologies, and (iv) super high; develop-
ment of new technologies.

5.4.2 Technical Complexity (TC)
The dimensions of technical complexity and the corre-
sponding definitions from [37] will be used to indicate the
domains of technical complexity: (i) assembly; building
a single component or a collection of components for a
single unit, (ii) system; building a complex collection of
interactive elements and subsystems for a single product,

and (iii) array; “building a large, widely dispersed collec-
tion of different systems that function together to achieve
a common purpose” [37], p.611.

5.4.3 Level of Specification (LS)
The level of specification can be measured in the level of
requirements. Requirements specify the facts that must be
accomplished by a system or application [18]. They can be
categorised into (i) non-functional requirements, which are
the basic conditions for a product or system, and (ii) func-
tional requirements, which are higher-level requirements
that may be formulated after the non-functional require-
ments are defined [11]. The following classification will be
used to indicate the level of specification: (i) only non-
functional requirements (nf), and (ii) both non-functional
requirements and functional requirements (nff).

5.4.4 Project Team’s Expertise with the Task (PTE)
The level of expertise with the task can be measured ac-
cording to the years of experience of the team members.
In [3], experience is categorised into the following: (i) < 2
years, (ii) 2-5 years, (iii) 5-10 years, and (iv) > 10 years.
This categorisation will be followed.

5.4.5 Communication with the Customer (CC)
In agile practices, communication with the customer is
an important aspect [40]. Usually, projects with an agile
PMM are divided into two to three week cycles [14], after
which a meeting with the customer is scheduled. In some
cases, the duration of these cycles may be four weeks [10].
Thus, it can be concluded that for agile PM, the frequency
of communication with the customer is every two to four
weeks.

In traditional practices, communication with the customer
is of less importance, because all requirements for the
project are established at the start of the project [12].
Thus, although frequent communication with the customer
is recommended [44], the frequency of communication with
the customer in a project with traditional PMM may ex-
ceed four weeks.

Thus, the following classification will be used: (i) every
2-4 weeks, and (ii) > every 4 weeks.

5.4.6 Knowledgeability of the Customer (KC)
The knowledgeability of the customer can be measured
with respect to the academic level of the customer regard-
ing the topic of the project. In general, there are four
levels of degrees, from less advanced to more advanced:
(i) associate degrees, (ii) bachelor’s degrees, (iii) master’s
degrees, (iv) doctoral degrees.

5.4.7 Importance of the Role of the Customer (IRC)
The importance of the role of the customer concerns the
amount of input required from the customer. In [8], the
level of customer participation across different services
is categorised. This categorisation will be followed, but
adapted in such a way that the categories may relate to
all types of project, instead of merely relating to service
projects. This results in the following: (i) low; customer
presence required during feedback moments, (ii) moder-
ate; customer inputs required during creation, (iii) high;
customer co-creates.

5.4.8 Project Team Size (PTS)
The exact recommended project team size for agile method-
ologies is 7-9 individuals [23, 31]. The reason for this is
that, for agile methodologies, team efficiency is at its peak
with this number of people [23]. Medium-sized teams (11-
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30 individuals) are most prevalent with traditional ap-
proaches [42]. Also according to [41], a traditional ap-
proach is more appropriate when the number of individu-
als in a project team is larger than 10. Thus, the classi-
fication used is the following: (i) 7-9 individuals, and (ii)
10-30 individuals.

5.4.9 Project Success with a Traditional PMM (PST)
The value of project success with a traditional PMM can
be either (i) success, or (ii) failure. The definition of
project success as defined in section 5.1 will be regarded.

5.4.10 Project Success with an Agile PMM (PSA)
The value of project success with an agile PMM can be
either (i) success, or (ii) failure. The definition of project
success as defined in section 5.1 will be regarded.

5.4.11 Choice of PMM (C)
The choice of PMM can be either (i) agile, or (ii) tradi-
tional. The PMM that yields the highest percentage of
project success will be the recommended choice of PMM.

6. BAYESIAN NETWORK
6.1 Qualitative Probabilistic Network
In a qualitative probabilistic network, signs, instead of con-
ditional probabilities, capture the probabilistic influences
and synergies between variables [43]. A qualitative prob-
abilistic influence between two variables denotes how the
values of one variable influence the probabilities of the
values of the other variable. In this thesis, X↑ → Y ↑ indi-
cates that observing a higher value for X makes a higher
value for Y more likely, regardless of any other direct influ-
ences on Y , where X and Y are variables in the network.
Thus, P (y|x, z) ≥ P (y|x̄, z), for any combination of values
z, where z is a direct influence on Y , other than X, and
x̄ is the negation of x. Other influences are defined anal-
ogously, e.g. for X ↑ → Y ↓, the ≥ in the above formula
can be replaced by ≤. The general notation for a relation
between X and Y is X → Y .

In Figure 2, the relations between variables in the network
are depicted. These relations are explained below.

First of all, although TC → TU is not necessarily causal
[37], it is likely that TC↑ → TU↑. The reason for this, is
that when more complex systems have to be built, there
is a higher probability that technologies have to be imple-
mented that are not familiar. Some studies even consider
TC and TU under the same variable [3]. Moreover, in some
studies TC is considered to be part of TU [17]. Therefore,
TC→ TU is depicted in the Bayesian network.

Moreover, PTE → TU. The reason for this relation, is
that it is probable that technologies are more familiar
(TU↓) when the person implementing those technologies
is more experienced in the field (PTE ↑). This relation is
also hypothesised in [3].

Regarding LS, the relation TU → LS is depicted. TU →
LS in that it is likely that TU↑ → LS↓, since it is more dif-
ficult to establish requirements for unfamiliar technologies.
In [38] it is also suggested that for high-tech projects, re-
quirements must be specified during the project, such that
advantage can be taken from the knowledge gained during
the process.

With regard to CC, the relations KC → CC and IRC →
CC are given. When the customer has more knowledge
relating to the project (KC↑), it is likely that more fre-
quent communication with the customer is needed (CC↑),

so that this knowledge can be obtained when needed dur-
ing the process. Furthermore, if the role of the customer is
of great importance (IRC↑), it is likely that more frequent
communication with the customer (CC↑) is necessary to
obtain the required input. Also, KC → IRC, since it can
be expected that the role of the customer is more impor-
tant (IRC ↑) when the customer is more knowledgeable
with respect to the project (KC↑).
The variables concerning project success (PSA,PST) are
directly related to the variables LS, PTS, and CC. PSA↑
when LS↓, such that requirements can be established and
adapted during the process [3, 12, 35, 41]. The reason for
this, is that agile methodologies are especially developed
for projects where requirements are unknown or uncer-
tain at the start of the project [3, 12, 35]. In contrast,
projects where a traditional PMM is followed require an
early specification freeze, meaning that the level of speci-
fication should be high [3, 12, 35]. Thus, LS↑ → PST↑.
Project success with an agile approach is higher (PSA↑)
when the project team size is small (PTS↓), while a larger
project team size (PTS↑), up to 30 people, is preferable
for traditional approaches (PST ↑) [4, 28, 41]. For ag-
ile methods, communication and coordination are of great
importance, and these aspects become more difficult when
the team size increases [25]. Moreover, documentation is
likely to be more prevalent when the team size is larger,
and documentation is an important part of traditional PM
[4].

In agile practices, much emphasis is placed on commu-
nication with the customer [3, 35, 41]. In contrast, tradi-
tional approaches usually involve low customer interaction
[35], and do not require full-time customer involvement [3].
Thus, in the case that communication with the customer
is low (CC ↓), a traditional PMM can better be chosen
(PST ↑) [3]. On the contrary, since agile methodologies
allow for much communication with the customer, it can
be stated that, when communication with the customer
should be more frequent (CC↑), project success with an
agile PMM is likely to be higher (PSA↑).
Lastly, C depends on both PSA and PST. The PMM that,
according to the model, yields the greatest project success,
will be the recommended choice.

6.2 Quantitative Probabilistic Network
Although Bayesian networks can be built from incomplete
data [16, 24, 27, 29, 39], it can be difficult to establish
a quantitative model without training data and test data
to validate it. For the Bayesian network described in this
paper, no data is available that can be used immediately.
However, relations between variables in the model have
been specified in the literature, as described in section 6.1.
For the construction of the quantitative network, probabil-
ities are assigned to these relations. Since no probabilities
regarding these relations are known, these numbers are es-
timated. Because the PMMs that are investigated in this
study differ quite significantly, these estimations seem to
be sufficient for yielding the most appropriate approach in
most cases. Nevertheless, for future research, it would be
important to obtain quantitative data to make the model
more precise and to validate the proposed relations fur-
ther. An initial validation of the network is given in the
next section.

The quantitative probabilistic network is given in Figure
2. For all nodes, evidence can be set for a certain domain,
meaning that a variable is assigned a certain domain value.
The bold domains indicate the evidence that is set, and
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Figure 2. Bayesian network for determining the appropriate choice of PMM, given by the highest percentage for C.

the percentages indicate the probabilities for the domains,
which are obtained after running the model with the given
evidence.

7. VALIDATION
7.1 Results by Domain
In the network, it is possible to specify the domains of all
nodes. However, when the value for a certain node Xi is
set, parent nodes of Xi have no influence on child nodes of
Xi. For example, when LS is set to nf , the values for TU,
PTE, and TC, are not relevant for the choice of PMM.
Nevertheless, to validate that the relations described in
section 6.1 are satisfied in the network, it is useful to test
all nodes.

For the validation, the nodes that lack a parent node have
a uniform probability distribution, e.g., there are four do-
main values for PTE, which all get assigned a probability
of 0.25. This way, it is possible to analyse the influence of
all nodes and their domains.

The probability distribution when certain evidence is given
is denoted by Pe, where Pe(x) = P (x|e). In Table 2,
all variables are shown, with all possible values of their
domains. For every possible domain value, Pe(C = agile)
and Pe(C = traditional) are given. Thus, e.g. for TU with
TU = low, the following is given: Pe(agile) = P (C =
agile|TU = low) = 0.40, and Pe(traditional) = P (C =
traditional|TU = low) = 0.60.

The results from Table 2 were obtained indirectly, through
estimated probabilities that were assigned to each direct
relationship between variables. The results were obtained
by running the model in Genie. All probabilities sat-
isfy the relations implied in section 6.1. Moreover, from
the survey results obtained from project managers, that
were found in [3], it is evident that (i) PTE↓ → Pe(C =
agile)↑, (ii) TC↑ → Pe(C = agile)↑, (iii) TU↑ → Pe(C =
agile)↑, (iv) LS↓ → Pe(C = agile)↑, (v) PTS↑ → Pe(C =
traditional) ↑, (vi) CC ↓ → Pe(C = traditional) ↑, and

(vii) KC↓ → Pe(C = traditional)↑. All these relations are
satisfied. The variable IRC is not investigated in [3]. How-
ever, from [46], it is clear that IRC↑ → Pe(C = agile)↑,
which is satisfied.

Table 2. Obtained probabilities for each domain value.
Variable Value Pe(agile) Pe(traditional)

PTE < 2 years 0.54 0.46
PTE 2-5 years 0.53 0.47
PTE 5-10 years 0.47 0.53
PTE > 10 years 0.45 0.55
TC Assembly 0.42 0.58
TC System 0.48 0.52
TC Array 0.59 0.41
TU Low 0.39 0.61
TU Medium 0.47 0.53
TU High 0.60 0.40
TU Super High 0.64 0.36
LS nf 0.68 0.32
LS nff 0.32 0.68

PTS 7-9 0.61 0.39
PTS 10-30 0.38 0.62
CC > Every 4 0.41 0.59
CC Every 2-4 0.58 0.42
IRC Low 0.43 0.57
IRC Moderate 0.50 0.50
IRC High 0.56 0.44
KC Associate 0.43 0.57
KC Bachelor 0.48 0.52
KC Master 0.52 0.48
KC Doctoral 0.56 0.44

As can be seen, the probabilities for either an agile ap-
proach or a traditional approach are quite close. The rea-
son for this is that the values of the other nodes are not
set. When the values of several nodes are known, the net-
work will usually yield more distinct results. Nodes that
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are closer to C show a greater difference, since there is less
interference with other variables.

In contrast to [41], this decision model shows the relations
between variables, and yields an immediate suggestion re-
garding the desirable PMM. In some cases, both PMMs
seem to be equally suitable. However, in most cases there
is a clear preference for one of the two methodologies.

7.2 Sensitivity Analysis
For further validation of the model, a sensitivity analy-
sis was performed. Such an analysis shows which nodes
contain parameters that are important when calculating
the posterior probability distributions for a certain target
node. The sensitivity analysis was performed three times,
for three different target nodes. The figures given in this
section were obtained from the sensitivity analysis option
in Genie. Lightly coloured nodes are less sensitive for the
target node, while intensely coloured nodes are more sen-
sitive for the target node. The figures serve to show the
structure of the network with the sensitivity of the nodes.
For a more detailed figure, where all variables and their
domains are clear, Figure 2 is given.

First of all, C was set as target node, so that it was pos-
sible to analyse the sensitivity of all nodes on the final
decision for the appropriate PMM. As can be seen in Fig-
ure 3, three nodes, apart from the target node (C), are
coloured more intensely. These three nodes are TC, LS,
and PTS, which are related to the project scope. Since
variables relating to the project scope were found to be
most important to consider when selecting an appropri-
ate PMM [3], this sensitivity is as to be expected. From
the factors relating to project scope, TU has the light-
est colour. The reason for this, is that TU contains the
largest number of parameters, meaning that a change in
one of these parameters does not yield a great change in
C.

Secondly, PST was set as target node, such that it could
be analysed which nodes were most sensitive specifically
for project success with a traditional PMM. From Figure 4
it is clear that these factors are also related to the project
scope. More specifically, the most intensely coloured nodes
are PTE, TC, LS, and PTS.

Lastly, to analyse which nodes are most sensitive specif-
ically for project success with an agile PMM, PSA was
set as target node. From Figure 5, it can be concluded
that factors related to the customer are more important
in this case as compared to the previous cases. The most
intensely coloured nodes are PTS, CC, and KC. The rea-
son for customer factors being of greater importance, is
that the role of the customer is critical for agile method-
ologies, while for traditional methodologies this role is less
critical [46].

7.3 Scenario Analysis
For a more intuitive interpretation of the applicability of
the model, it seems useful to design some scenarios in
which it is necessary to select a PMM, and to analyse
the suitability of the proposed PMM.

7.3.1 Example: Assembling a Radio
The first example project concerns the assembling of a
radio. In that case, TC will have the value assembly [37].
Since many radios have already been built, it seems likely
that people working on the project have experience with
the task, so the value 5−10 will be assigned to PTE. PTS
may vary depending on the type of radio to be built, but
it seems likely that not many people will be needed, since

Figure 3. Sensitivity analysis with target node C.

Figure 4. Sensitivity analysis with target node PST .

Figure 5. Sensitivity analysis with target node PSA.

the project is not very extensive. Therefore, 7 − 9 seems
suitable for PTS. Regarding KC, let us assume that the
customer has very little knowledge about the components
of a radio, and thus KC = associate.

After running the model, the following values are obtained:
Pe(agile) = 0.42, and Pe(traditional) = 0.58. Thus, it is
clear that even though PTS for this project is perfect for an
agile PMM, the other variables are more appropriate for a
traditional PMM, yielding a traditional PMM suggestion.
This seems appropriate, since building a radio is a known
task, where it is possible to establish a detailed plan at the
beginning of the project. Moreover, it is expected that,
unless the design of the radio is extremely important, not
much communication with the customer is required.

7.3.2 Example: Designing a Combat Aircraft
The second example concerns the design of a completely
new combat aircraft. Such a project can be classified as an
array project [37], and, since the new aircraft should be
very innovative, PTE = < 2 years. In this case, it is also
possible to immediately set the value of TU to superhigh,
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since it is clear that the development of new technologies
is needed. It is assumed that PTS = 7 − 9, consisting of
knowledgeable engineers, designing separate parts of the
aircraft. Furthermore, the customer is specialised in the
design of aircrafts, so KC = doctoral. Lastly, it is clear
that IRC = high, since the customer would like to be
very much involved in the project. The following results
are obtained: Pe(agile) = 0.84, and Pe(traditional) =
0.16. Clearly, an agile approach should be taken, where
the unknown requirements can be established during the
project, and much communication with the customer is
possible.

8. CONCLUSIONS
The purpose of this research was to construct a Bayesian
network for selecting the appropriate PMM in the ab-
sence of data. Part of the research consisted of explor-
ing whether it is even possible to develop such a model
in this case. It has appeared that this is possible, since
the network yields an immediate suggestion regarding the
appropriate PMM, which is explainable using literature.
However, it is preferable that more empirical data is avail-
able for the construction of the quantitative probabilistic
model and the validation thereof.

A reason for the lack of data not being a significant prob-
lem, is that the PMMs that were analysed in this research
are quite distinct. To answer the first research question,
agile approaches are more applicable when there is un-
certainty regarding the project scope, such as high tech-
nical complexity and little expertise concerning the task.
Moreover, the team size is preferably small and commu-
nication with the customer is an important aspect. In
contrast, traditional approaches are characterised by their
fixed scope, where almost all requirements are established
at the start of the project. This means that less commu-
nication with the customer is required. Furthermore, the
preferred project team size is larger.

The second research question concerned the investigation
of the relationships between chosen variables for the es-
tablishment of the qualitative probabilistic model. The
variables concerning the level of specification, the project
team size, and the communication with the customer are
directly related to the variables concerning project suc-
cess. The level of specification is influenced by the level
of technological uncertainty, which itself is influenced by
the project team’s expertise with the task and the level
of technical complexity. The level of communication with
the customer is influenced by the knowledgeability of the
customer and the importance of the role of the customer,
where the importance of the role of the customer is also
dependent on the knowledgeability of the customer.

After the establishment of the qualitative probabilistic
model, probabilities were assigned to the relationships be-
tween the chosen variables, answering the third research
question. Exact probabilities were not available from lit-
erature, so these were estimated. It is apparent that, for
traditional approaches, the project scope should be clear,
and factors relating to the customer are of less importance.
Conversely, customer factors are of great importance for
agile approaches, and the project scope is likely to be un-
certain.

For further validation of the model it is important to ob-
tain quantitative data. This data could be used to verify
the relations between the variables presented in the model,
and to refine the probabilities assigned to the relations.
This could be achieved by analysing the values of the cho-

sen variables among many projects. Moreover, variables
other than those presented in this research, such as organ-
isational culture and project criticality, could be investi-
gated and empirically validated. This way, the model can
be developed further.
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