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Title: Improving Organization Design by Clustering Project Actors to Mitigate the  

         Risks Induced by Complex Project Structure 

 

 

 

 

Project complexity can lead to uncertainty in decision making and ambiguity in the 

interdependencies and intricacies of project structure. A change or negative impact on 

one element of the project can propagate throughout the entire network of elements. 

These phenomena, coupled with concurrent engineering practices, can lead to time 

delays and cost overruns. The existing hierarchical structure of organizations is simply 

unequipped to handle this type of complexity. This is especially true for projects that 

encompass members from different departments of an organization or from different 

organizations altogether. This research thesis proposes to cluster project actors, or to 

form complementary teams, based on the interactions and interdependencies with each 

other. Creating coordinated, effective communication channels between members of a 

project can alleviate the negative effects induced by complex project structure. 

 

The Design Structure Matrix (DSM) is used as a modelling tool to represent the 

interactions between project actors, which are based on the number of deliverables 

exchanged between each member. An agglomerative clustering technique is then used 

to place the project members into groups. The proposed clustering algorithm was 

developed and implemented in MATLAB. The algorithm permits the project manager 

or the user of the algorithm to impose certain restrictions, such as the size of the teams, 

which members must be placed together, and which members must be kept apart. The 

algorithm also allows critical loops to be inserted into clusters. It produces as output the 

clustered communities of actors as well as the percentage of the total number of 

interactions that occur within the clustered groups. The latter is an evaluation of the 

performance of the algorithm. 
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CHAPTER I 

INTRODUCTION 

 

Increasing complexity in projects and more intense competition means that 

project managers should operate their teams in an innovative and highly effective 

manner in order to remain profitable and to maintain their market position. Otherwise, 

rising costs could price them out of the market. Thus, a streamlined approach is 

necessary to obtain the best possible performance out of the project team members and 

to realize their potential. This research thesis focuses on one of the most important 

elements that facilitate this objective: communication between project actors.  

Projects, nowadays, such as product development projects, have become 

complex to a degree where decision makers and managers cannot fully identify and 

even comprehend all the interdependencies and intricacies within a system (J. Thomas 

& Mengel, 2008). Furthermore, people are affected by their personal biases, culture and 

background, as well as their own limitations, such as intelligence and skill (Jaafari, 

2001). These factors lead to project actors having flawed or incomplete perceptions of 

the project. Another troubling possibility is that this perception can be different among 

several of the members involved. The result is an uncertainty in decision making as well 

as undesirable impacts and consequences of actions (Marle & Vidal, 2016). 

Furthermore, because of the intricate, dependent nature of the project structure, these 

consequences can propagate throughout the entire network of connected elements (Chua 
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& Hossain, 2012). Changes, costs, and uncertainty can spread through the system. 

Proper and coordinated communication, however, can help to mitigate these risks and to 

keep performance levels as desired. 

The lack of effective communication is a major roadblock to project success. 

According to a study by Thamhain, failed or uncoordinated communication is one of the 

five main reasons for weak project performance. The others are poor leadership, 

organization problems, conflicts, and the lack of involvement from superior 

management (Thamhain & Wilemon, 1986). Clearly, communication plays a key role in 

the remaining four categories as well; they all originate from “humanistic issues” (S. R. 

Thomas, Tucker, & Kelly, 1998). Members involved in the same project may be from 

different departments of a company or from different companies altogether. Thus, the 

existing hierarchical organization of project actors is not always conducive to effective 

communication. Managers who must have the same perception of scope, schedule, 

budget, and other project elements may not have a direct communication line with each 

other. This can cause problems in the implementation of certain tasks and may 

negatively affect the desired quality of results. Another example is when those 

responsible for strongly dependent, connected project elements do not communicate or 

coordinate with each other. In that case, changes, such as a change in scope or rework, 

can propagate throughout the project network without the project members being able to 

anticipate or mitigate these risks. This leads to delays and increasing costs. Therefore, 

forming groups, or clusters, made up of project members with strong interdependencies 

creates the necessary communication channels that increase the project’s chances of 
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success. This research thesis proposes a model to cluster project actors, i.e. to form 

complementary teams, in an optimal manner that mitigates the risks induced by 

complex project structure.  

Thus, the objective is to create high performing groups by clustering project 

actors. The amount, complexity, and interdependence of interactions between elements 

in a project lead to the emergence of risks and issues could easily arise if the 

communication channels between project members are inefficient and uncoordinated. 

Therefore, the clustering process is a method to manage and cope with the risks induced 

by project complexity. It is important to note that the clustering problem does not have 

an exact optimal solution. The aim of the proposed clustering algorithm is to attempt to 

obtain the best possible solution. 

The dissertation is structured as follows: Chapter II provides a review of some 

of the methods used to limit the effects of project complexity and the tools devised to 

analyze and improve organization design. Popular clustering methods that are prevalent 

in the literature as well as the concept of modularity are also discussed. In the following 

chapter, the methodology used to solve the problem of clustering project actors is 

explained. The modelling tool used, the Design Structure Matrix (DSM), is introduced. 

Furthermore, it is explained why the basis if the relationship between project members 

should be defined by the number of deliverables exchanged between them. Clustering 

techniques and algorithms are also discussed in this chapter. Chapter IV introduces the 

model developed, including the problem formulation and solution, which is the 
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proposed clustering algorithm. A case study is also presented. Finally, concluding 

remarks are made in Chapter V.  
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CHAPTER II 

LITERATURE REVIEW 

 

Strategies for improving the efficiency in the design and development process 

as well as reducing project complexity have been studied extensively in the literature. 

The objective of such studies is to reduce costs and delays as well as to obtain optimal 

performance on projects. A number of studies that attempt to improve project 

performance levels and to alleviate risks due to project complexity are introduced in 

Section A. Section B presents some common clustering methods. Finally, the concept of 

modularity and how it can apply to both products and social networks is explained in 

Section C. 

 

A. Improving Project Performance Levels 

Organization design and structure can be instrumental to project success. 

Creating coordinated and effective communication channels can be directly correlated 

to teams’ high-performance levels. In research conducted at MIT’s Human Dynamics 

Laboratory, Alex Pentland in his article for the Harvard Business Review finds that the 

manner of communication is key to successful team building (Pentland, 2012). 

Characteristics that are normally difficult to capture during human interactions such as 

body language, body position during conversations, and tone of voice were identified by 

using unobtrusive electronic badges that collect such data. Three parameters were 
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measured. The type of interactions exhibited by each individual in a group, the average 

of those for each group, and the interactions with members from outside groups. The 

best results occur when all members in a group share ideas and contribute equally. 

Imbalances in this respect can be detrimental. In fact, the research found that it is better 

to have members who do not interact a lot with each other but contribute equally to the 

team than to have groups with a few dominant individuals. It is also important for team 

members to interact outside the scope of formality and to seek fresh ideas from other 

teams in the organization. However, a trade-off occurs in this case, as time spent away 

from the team is time lost that could have been shared with the team (Pentland, 2012). 

Therefore, communication, especially the nature of interactions between team members, 

plays a crucial role in building teams with high performance levels. 

Carroll et al. use simulation to test several configurations of organization 

structure. Two simulation tools were used. The first compares the organization design 

with the firm’s environment, style of management, and strategy. For example, product 

development firms should have a flexible management structure in order to quickly 

adapt to new technologies and design changes (Burton & Obel, 2004). The second tool 

takes a tasks and schedule oriented approach. It shows whether the current configuration 

will lead to time delays. Thus, the research team try many configurations, such as 

management approaches with high centrality and low centrality. They also try adding 

more individuals to critical tasks and study the effect of lessening the scope of work 

(Carroll, Gormley, Bilardo, Burton, & Woodman, 2006).  
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Similarly, the Viable System Model (VSM) can be used to test the organization 

structure of a firm. The VSM is divided into five sub-systems, the first of which is the 

operations hub, where the organization’s activities are carried out. The second system 

coordinates and collaborates with the first. The third provides resources for the work to 

be accomplished. The fourth and the fifth systems develop strategies and objectives for 

the system, respectively (Beer, 1985). Many applications of VSM exist in the literature 

(Espinosa & Walker, 2013; Schwaninger, 2006). Some of the main drawbacks of VSM 

is that it necessitates knowledge of its intense theoretical background in order to be 

applied correctly and it requires decision makers to tackle the issue in a different 

manner than the traditional Organization Breakdown Structure (OBS) approach 

(Brocklesby & Cummings, 1996). Therefore, Elezi et al. develop a method where 

interactions between system elements are inserted as input in a matrix; this provides a 

more guided and structured approach to VSM (Elezi, Resch, Tommelein, & Lindemann, 

2013). The result is that decision makers will be able to compare the current state of the 

organization design with that recommended by VSM. Missing interdependencies and 

new information about the system can be determined. Another benefit of this approach 

is the depiction of the relationship between elements of different or same domains. For 

example, the relationship between employees of different or same departments can be 

portrayed. Also, employees that need to work together or be put in the same team can be 

identified (Elezi et al., 2013).   

Grouping individuals together and analyzing organization design is done with 

the aim of reducing the risks inducing by project complexity. Other methods to mitigate 
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these risks have been studied in the literature. For example, Clarkson et al. determine 

which components of a product are most likely to engender risk due to change 

propagation. Risk is defined as the product of likelihood and impact (Coppendale, 

1995). The likelihood of change of all other product components if an instigating 

component is changed is predicted for all the elements. The same process is repeated for 

impact, or cost, of change propagation. Thus, the highest risk is associated with 

elements that have high probability of change as well as severe impact due to change. 

Clarkson et al.’s contribution is to extend this analysis to include indirect dependencies. 

For example, the likelihood and impact on Component 1 due to change in Component 2, 

which was instigated by a change in Component 3. These dependencies are called 

combined likelihood and combined impact, while their product is the combined risk 

(Clarkson, Simons, & Eckert, 2004). The combined likelihood, for example, can be 

obtained using probability rules for the intersection and union of events. The result of 

this method is that the riskiest product elements are identified, along with their 

likelihood of change and impact, so that managers and decision makers are able to 

predict change propagation effects before they occur. 

A similar study developed a prediction system for change management in 

construction projects (Zhao, Lv, Zuo, & Zillante, 2009). Furthermore, discrete event 

simulation can be used to model the effects of change propagation on all components of 

a product (Xu, Nageshwaraniyer, Son, & Song, 2011). 

Another concept in the literature that has an influence on coordination and 

performance in a project is centrality. Centrality measures the relative importance of a 
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node to other nodes in the network. A network in this instance means a graph consisting 

of nodes and edges. Centrality plays an influential part in the study of social network 

analysis, which can be used to evaluate the design and structure of an organization. Four 

popular centrality measures are defined and described below (Newman, 2011). A node 

is identified as important, according to degree centrality, if it is connected to many other 

nodes. The degree centrality is simply defined as the number of nodes a node is 

connected to. In the case of directed graphs, the number of inbound and outbound 

connections can be calculated separately.  Closeness centrality refers to the average 

length of the shortest path from the node to the other nodes in the network. In a 

weighted graph, the shortest path is calculated using the weights of the edges along the 

path. Thus, more central nodes are on average, “close”, and can therefore quickly 

communicate with the other nodes in the network. According to betweenness centrality, 

the most central nodes are those that lie on the highest proportion of shortest paths 

between all other nodes in the network. Another common measure of betweenness 

centrality is that of the edges in the network. Eigenvector centrality states that a node is 

important if it is connected to other important nodes. Therefore, eigenvector centrality 

measures the influence of a node in a network. The eigenvector centrality of a node “v” 

is shown in the equation below. 
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In the equation above, λ is a constant and av,t is equal to 1 if “t” is a neighbor of 

“v”. Thus, the centrality of a node is proportional to that of its neighbors. Transforming 

the equation above into vector notation yields the following. 

 

 The eigenvector centrality of a node “v” is the “vth” component of the 

eigenvector corresponding to the largest eigenvalue in the solution to the equation 

above. 

 Centrality can be used to assess many aspects of social networks in organization. 

Hossain measures the effect of centrality on coordination in an organization. A few of 

the findings are that more central project members show more coordinative activity and 

that betweenness centrality is the most important basis for coordination (Hossain, 2009). 

Dogan et al. also studied the coordination performance of an organization by measuring 

the centrality of emails communicated between co-workers (Dogan, Arditi, Gunhan, & 

Erbasaranoglu, 2015). 

 

B. Clustering Methods 

In order to be able to group similar objects together and separate dissimilar ones, 

information about the objects in question should be obtained as well as the relationships 

between them. Forming the data matrix is thus the first step towards completing cluster 

analysis. The data matrix is a two-mode m x n matrix (Everitt, 2011). It is described as 

having two modes simply because the entries along the rows and columns of the matrix 

represent different domains. The m rows of the matrix denote the m objects or elements 

DSM  
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to be clustered. These represent the focus of the analysis and the result of the clustering 

problem places them into separated groups or communities. The score, value, or 

measure of one of n attributes corresponding to each element is shown across the rows 

of the data matrix. The attributes can be objective measurements, such as amount, mass, 

or length. They can also be more subjective readings, such as ratings or subjective 

probabilities.  

One problem arises due to the fact that the different columns in the data matrix 

can pertain to differently measured attributes. Since this matrix will be used to obtain a 

quantitative measure of the relationships or interactions between elements, the values of 

the various attributes should be standardized first. One method of standardization, 

which is especially useful if the data are uniformly distributed, is to divide each entry by 

the maximum value observed by its corresponding attribute. The values would thus 

range from 0 to 1. Outliers may, however, adversely affect the result. Another way to 

standardize results is to subtract the mean value of an attribute from an entry and then to 

divide this amount by the standard deviation belonging to the attribute. The resulting 

quantities would vary between -1 and 1 if the data is normally distributed, but, just as 

was the case in the first method, outliers can affect calculations. Replacing the standard 

deviation of the attribute with its absolute deviation can improve results in the second 

method (Milligan & Cooper, 1988). Another issue worth considering is the relative 

importance of the attributes with respect to each other. Attributes of greater importance 

can be given larger weights in the clustering process. These weights may be subjectively 

assessed by the decision maker. The disadvantage of this approach, though, is that these 
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weights could reflect the decision maker’s bias in the final result as objects with larger 

weights are more likely to be paired together. This could prevent unnoticed or 

unexpected groups from emerging as the subjectivity of the user heavily influences the 

result. On the other hand, having equal weights for all variables or attributes means 

irrelevant or less relevant variables can lead to inaccurate groupings (Gnanadesikan, 

Kettenring, & Tsao, 1995). Another approach recommends that the weights should be 

inversely proportional to an attribute’s range or standard deviation. Attributes with more 

variability are thus considered less important. However, this method has been shown to 

have limitations as well (Gnanadesikan et al., 1995). Gordon, in his method, uses 

pairwise comparisons between pairs of elements to obtain the weights (Gordon, 1990). 

A value, indicating a score or rating, is chosen for the pair of objects representing the 

dissimilarity between them. These are then inserted into the model which in turn yields 

the weights for every object. 

The information contained in the (possibly standardized) data matrix, in addition 

to any weighted variables, will be used to assess the proximity between each of m 

objects contained in the matrix. A proximity measure can be defined either as a 

similarity or dissimilarity. During the clustering or classification process, similar objects 

will be placed together while dissimilar objects will be kept apart. A proximity matrix, 

which is an m x m matrix, containing these similarity or dissimilarity measures must be 

generated (Liebetrau, 1983). The m rows and columns represent each of the elements, 

and an entry pij of the matrix shows the proximity measures between elements i and j. 

There are various methods presented in the literature to calculate the proximity between 
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objects (A. Jain, Murty, & Flynn, 1999). One of the most popular measures is the 

Minkowski distance shown below: 

 

In the equation above, r is a parameter that is equal to or greater than one, n is 

the number of attributes in the m x n data matrix, and dik along with djk correspond to the 

value of the kth attribute for the ith and jth objects respectively. In the case where 

variables are weighted, the distance for each attribute in the equation is multiplied by its 

weight raised to the power r. One popular form of the Minkowski equation is when r is 

equal to 1. This is also known as the rectilinear, city block, or Manhattan distance. 

Another common form of the formula is the Euclidean distance, where r is equal to 2.  

There are several restrictions for proximity matrices (Schaeffer, 2007). In the 

case of a dissimilarity matrix, all entries along the diagonal are equal to zero. This 

simply implies that each element is not different from itself. On the other hand, entries 

along the diagonal should be greater than any other entry for each object in similarity 

matrices. This indicates that it is not possible for an element to be more similar to 

another element than itself. Another condition is symmetry. The distance between 

object i and object j is equal to the distance from object j to object i. Thus, a proximity 

matrix is undirected and is often presented as a lower triangular matrix. In addition to 

these requirements, all entries in the matrix should be nonnegative. It is important to 

make the distinction between two measurements of proximity. Dissimilarities are 
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measures that satisfy the three requirements stated above only. Distances, on the other 

hand, must abide by two additional constraints. The first is that only diagonal entries are 

allowed to be equal to zero. All other entries should be positive. The second is called the 

triangle inequality. Suppose three entries in the proximity matrix are considered: pik, pij, 

and pjk. The objects i, j, and k are thus said to be connected in a “triangle”. The 

inequality states that each of these distances must be less or equal to the sum of the two 

other measures. These proximity measures are called distances only if all of the five 

constraints described are satisfied. 

Proximity measures are then used to place objects into groups. The k-nearest-

neighbor (kNN) method is one example of a clustering technique (Dong, Moses, & Li, 

2011). A distance measure, commonly the Euclidean distance, is used to obtain the k 

nearest neighbors of an object in question, where k is a value determined by the decision 

maker. Thus, an element’s most similar or closest objects are identified, and it joins the 

cluster that the majority of its k neighbors belong to. If k is equal to one, then the object 

in question simply joins the same community that its closest neighbor belongs to, and 

the method is called the nearest neighbor rule or algorithm. If k is larger than one, it 

typically takes an odd value if the number of clusters or groups is even. Suppose there 

are two classes of communities, if k is even, then that could often result in ties as 

exactly half of the nearest neighbors are made up of one class while the other half is 

made up of the other. Weights can also be incorporated into the kNN algorithm 

(Hechenbichler & Schliep, 2004). Farther elements should have lesser weights. 

Therefore, a common approach is to use the inverse or reciprocal of a distance measure, 
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such as the Euclidean distance, as a weight. Another issue is to determine a proper value 

of k (Altman, 1992). A small value means that the computation process is easier and not 

too costly, but the result is easily affected by noisy data. Larger values are more 

computationally expensive and may even defeat the purpose as neighbors “farther” 

away impact the result as much as the element’s nearest neighbors. A common rule of 

thumb is to use the square root of the total number of objects as the value of k. 

Another popular and relatively easy technique for clustering is the k-means 

method (Aggarwal & Reddy, 2014). The main idea behind the k-means clustering 

method is that the centroid of each cluster represents that cluster. The algorithm requires 

the user to select the number of clusters, k, as well as the k points that will initially act 

as the centroids of the clusters. The algorithm works as follows: the distance from an 

object to each centroid is calculated and then the object is assigned to the cluster 

pertaining to its closest centroid. The procedure is repeated until convergence; that is, 

until the clusters do not change. The city block or Euclidean distances are the most 

commonly used in the k-means method.  

The k-means clustering method is efficient computation-wise, yet it has many 

drawbacks (Singh, Malik, & Sharma, 2011). The first is that k, the number of clusters to 

be formed, must be specified. The second, and most important, is that the algorithm 

often terminates at a local optimum. The initialization process, which involves selecting 

the first k centroids, is thus important in order to obtain results of good quality. There 

isn’t a straightforward approach to determine good initial centroids, though. One 
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solution would be to perform multiple runs with different initial centroids at each run. 

The resulting clusters are then evaluated and the best result is chosen as the solution. 

However, random sampling does not guarantee good results. The main criterion for 

obtaining a good, globally optimal solution is that the final clusters each contain one 

initial centroid. There is a small probability of this occurrence when the initialization is 

random. Hence, a good option is to select the initial centroids based on the densely 

populated regions in the Euclidean space, since these are most likely to constitute 

individual clusters in the final solution. Another possible way of improving the 

clustering process is to update the centroids incrementally after each point is assigned to 

a cluster rather than after all the points have been assigned. This can increase the 

accuracy of the method as well as lead to the convergence of results more quickly. 

Another issue with this method, though, is that it is sensitive to noisy data and outliers. 

Therefore, while the k-means clustering method is simple, it is relatively one of the 

weaker clustering techniques available. 

One of the most popular and relatively accurate grouping techniques is called 

spectral clustering. The spectrum of a matrix is its set of eigenvalues. Thus, the 

spectrum of a matrix based on the proximity measures between elements will be used to 

solve the clustering problem. First, though, it is important to explain the intuition behind 

the spectral clustering algorithm. The proximity matrix of a set of elements can be 

visualized as a graph where the nodes of the graph represent the elements and the 

weights of the edges between objects represent the distance or proximity measures 
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between them. The objective, therefore, is to divide the graph into partitions where each 

partition represents a cluster (Von Luxburg, 2007). A cut is defined as follows: 

 

 The objective is to minimize the cut between clusters. The weights of the edges 

between elements between clusters should be low. This signifies that dissimilar objects 

are paired in different clusters. Meanwhile, the weights of the edges between elements 

in the same cluster should be large as similar objects are grouped together. The number 

of clusters, k, is also specified in the spectral clustering algorithm. Therefore, the sum of 

the cuts between each cluster and the remaining groups should be minimized, as 

illustrated below: 

 

 This minimization problem is relatively easy to solve; however, it leads to a 

trivial solution. Suppose that k is equal to two. The solution will result in two clusters. 

One of the clusters, though, will contain only one node, while all the remaining nodes 

would pertain to the other group. Minimizing the cut according to the objective function 

above only separates the element having the smallest edge weight to any other element 

from the rest of the graph. This result is obviously unacceptable as clusters should be 

“balanced” or they should be of reasonable size. One way to resolve this issue is to 

modify the objective function by dividing the cut of each cluster by its corresponding 
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size. The size of each cluster, represented by , is the number of nodes contained in 

it. The modified function, called RatioCut, is shown below (Kannan, Vempala, & Vetta, 

2004): 

 

 Dividing each entry by the size of the group forces the function to deliver 

balanced results ideally with groups of equal sizes. The problem encountered, though, is 

that this modification of the objective function turns the simple problem into NP hard. 

Thus, the spectral clustering algorithm is required to solve the new objective function. 

 The first step in the spectral clustering algorithm is to generate the diagonal 

matrix of degrees, D, from the adjacency matrix. The adjacency matrix, A, has a size of 

nxn and it describes the relationship between each of the n elements. The proximity 

matrix can thus be used as the adjacency matrix if distance or similarity measures define 

the interactions between the objects or elements under consideration. The entry of each 

row of the diagonal matrix of degrees is made up of the sum of the corresponding row 

of the adjacency matrix. The Laplacian matrix, L, is then computed according to the 

equation below (Von Luxburg, 2007): 
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 Therefore, the diagonal of the Laplacian is made up of the diagonal matrix of 

degrees. Meanwhile the other entries are the same as those corresponding to the 

adjacency matrix, except that the values are negative instead of positive. 

 The next step is to calculate the spectrum of the Laplacian. The set of 

eigenvalues are calculated and sorted in ascending order. The spectrum reveals 

properties of the graph that are not readily apparent from the adjacency matrix. The 

amount of eigenvalues equal to zero reveals the number of separate connected 

components in the graph (Marsden, 2013). For example, three null eigenvalues reveal 

that the graph is made up of three clusters of connected graphs. Usually, only the first 

eigenvalue, when sorted in ascending order, is zero as all of the graph is one connected 

component. The second eigenvalue is called the algebraic connectivity (Fiedler, 1973). 

As this value increases, the connectivity of the graph increases. A graph with a larger 

algebraic connectivity has a larger density of connections between its elements and it 

contains more edges. Thus, a graph with a small value of algebraic connectivity leads to 

better clustering results, as elements of the graph are more easily separated and they are 

not too interconnected with each other. 

 The eigenvectors corresponding to the eigenvalues of the Laplacian are then 

used to classify the various elements. In the case where two clusters will be formed, the 

eigenvector of the algebraic connectivity can be used. The size of the vector is equal to 

the number of objects or nodes present in the graph. Thus, each entry in the vector can 

be assigned to a node in the graph. Then, the nodes can be separated into clusters 
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according to certain criteria. For example, nodes corresponding to entries with positive 

values are placed in one group while those with negative values are placed into the 

other. This process is extended when k clusters are to be formed (Von Luxburg, 2007). 

The value of k is specified in advance in the spectral clustering algorithm. The first k 

eigenvectors of the Laplacian are calculated and then they are placed in a matrix where 

each column is made up if one eigenvector. Thus, the matrix has a size of nxk. The k-

means algorithm can then be applied to this matrix and the result is the formation of the 

k clusters. The dimensionality reduction and change of representation used when 

calculating the spectrum of the Laplacian enhances the cluster properties of the data. 

The clustering process becomes trivial after the transformation. This is the reason why 

the k-means algorithm can easily be used in the final step. The detection of the clusters 

becomes an easy task and therefore the limitations of the k-means algorithm are not 

exposed. 

 

C. Modularity 

The concept of modularity initially focused on the product itself and improving 

its design. Modularity is essentially the breakdown of a system into smaller units 

(Gershenson, Prasad, & Zhang, 2003); thus, product modularity usually refers to the 

building blocks of the product, typically its components. Modularity increases as more 

of its components form part of the modules, rather than being isolated elements. 

Interactions between modules, however, should be minimal. That is, modules should be 

as independent as possible (Gershenson, Prasad, & Zhang, 2004). Some of the 
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advantages of modular design include economies of scale as components can be used 

across a range of products, as well as a capacity to accommodate change. Variations are 

easier to implement since only the affected modules undergo the change, rather than 

having the effects propagate throughout the entire network of components. Furthermore, 

different project risks become less intertwined and connected, and order lead time is 

reduced (Ulrich, 1994). 

The model used to break down the product into modules can be optimized for 

cost, quality, time, etc. Kusiak’s approach represents the model as a graph with vertices 

and edges. The advantage with this approach is that almost any type of interaction can 

be modelled, including those not usually comprised in classical methods, such as 

competition. The best configuration of modules is found as per some constraints. For 

example, trivial solutions, such as empty modules, should be avoided. Also, each 

module should abide by certain quality standards. Finally, the solution is evaluated. 

Tools provided by behavioral decision theory can be used to help decision makers with 

their final judgement (Kusiak, 2002). Different approaches exist as well. For example, 

Stone et al. devised a method where the product architecture’s function structure 

diagram is divided into smaller, more easily solved functions that are related by energy, 

material, and signal flows (Stone, Wood, & Crawford, 2000). Kremer and Gupta 

provide a detailed comparison of three common methods that implement the modularity 

concept (Okudan Kremer & Gupta, 2013). 
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Borjesson and Holtta-Otto devised an algorithm that incorporates both coupling 

and similarity-based modularity methods. Coupling methods aim to increase the 

connectivity of components within modules. Meanwhile, similarity-based methods 

produce modules based on the similarity between product components and “strategic 

drivers”. The algorithm combines two objective functions relating to each of the 

methods into a single value; thus, the novelty of the algorithm is that both approaches 

are simultaneously utilized in module generation (Borjesson & Hölttä-Otto, 2014). 

Holtta-Otto et al. compare eight different coupling modularity measures (Hölttä-Otto, 

Chiriac, Lysy, & Suk Suh, 2012). The best metric of the ones evaluated is that of Yu et 

al. The measure is based on the minimum description length (MDL) principle. The 

modules can then be formed by using a genetic algorithm (GA) to search for the optimal 

solution (Yu, Yassine, & Goldberg, 2007).  

The concept of modularity introduced above can be extended to include not just 

products, but other types of networks as well, such as social interactions. The algorithm 

by Yu et al., for example, can also be used to group product development teams (Yu et 

al., 2007). Just as the product model was optimized for certain criteria, the resource 

model can be as well, where, in this case, the resources are the individuals in a company 

or the project actors. The key to proper coordination and efficient communication 

among team members is still rooted in the “information structure” of the product 

(Sanchez & Mahoney, 1996). Each project requires the expertise of people of different 

skills and backgrounds. The focus for each person or team is on a different aspect of the 

development of the project; thus, the intricacies of each project or product govern the 
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interactions among the individuals. However, there are cases where the communities are 

formed based on the quality of past interactions with team members (Sosa & Marle, 

2013). 

Chen et al. apply the concept of modularity to form communities in social 

networks. Most of the research in the literature is focused on forming clusters in a way 

where placing elements together either leads to a gain in modularity or not. Groups are 

eventually formed in a manner that maximizes modularity. Modularity can be defined as 

a probability and expressed as a mathematical formula (M. E. J. Newman & Girvan, 

2004). Once the final clusters are formed, some elements within groups may be 

disconnected, i.e. some nodes within a cluster in the directed graph are not linked 

together. Therefore, Chen et al. extend the typical models by including a penalty 

function for such elements. Their method, called Max-Min Modularity aims to 

maximize modularity gain while also minimizing the presence of “unrelated pairs” in 

clusters (J. Chen, Zaïane, & Goebel, 2009). Not all elements who lack interactions 

between each other are unrelated. Some interactions may be left unobserved or 

neglected. This is the reason why the unrelated pairs are defined by the decision maker; 

the disconnection between those elements are certain. 
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CHAPTER III 

METHODOLOGY  

 

The Design Structure Matrix (DSM) can be used as a modelling tool to represent 

the interactions between projects actors. An overview of the DSM is presented in the 

following section (Section A). In Section B, the deliverables issued throughout the 

project will be used as the basis of the link between project actors in the DSM. The 

result is the Actor-Actor DSM, showing the number of deliverables exchanged between 

individuals. Finally, techniques and methods that can be used to cluster the Actor-Actor 

matrix are discussed in Section C. 

 

A. Design Structure Matrix (DSM) 

Modelling the information flow and interactions between elements in complex 

projects requires a tool capable of handling the large size of elements and the different 

types of dependencies between them. Typically, a weighted directed graph can show 

these relationships with the nodes representing the elements and the arcs representing 

the interactions. However, for better visual clarity and ease of understanding, the graph 

can be shown in matrix format, called the Design Structure Matrix (DSM). 

The DSM was first developed by Professor Steward in California State 

University to model the variables or parameters involved in systems design. He 

established the technique primarily to manage iterations in design and to predict in 
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which parameters estimates must be made (Steward, 1981). Today, there is a research 

community focused on DSM and its applications. This first started when a research 

team at the Massachusetts Institute of Technology (MIT) applied the techniques 

introduced by Steward to a wide variety of industrial projects. For example, a variation 

of Steward’s original DSM was used to model the relationship between design tasks in 

product development projects (Eppinger , Steven D., Daniel E. Whitney, Robert P. 

Smith, & David A. Gebala, 1990). The aim was to identify the critical tasks and reduce 

bottlenecks in order to speed up the development process. 

One of the reasons why the Design Structure Matrix has attracted interest from 

researchers is that it is one of the few tools available that can portray the system 

architecture of a model. System architecture is the structure of a system of elements, 

defined by their interactions with each other and the systems (or environments) around 

them (Eppinger & Browning, 2012). This structure is essentially what powers the 

behavior, attributes, and functions of the system. Therefore, an accurate DSM model is 

a powerful tool; capturing the behavior of a system means it is possible to predict its 

performance. The way the system reacts to changes in certain parameters or variables 

can be anticipated and different system architectures can be compared. 

 

1. Definition 

A DSM is a square (N x N) matrix with identically labelled and ordered rows 

and columns that represent the interdependent (N) system elements to be analyzed 
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(Browning, 2001). Figure 1 shows an example of a DSM with twenty-three elements. 

The diagonal cells in a DSM are typically shaded as they denote the elements 

themselves, i.e. the nodes or vertices in a directed graph. The interactions between 

elements are mapped via the off-diagonal marks. Two conventions exist for interpreting 

these interactions. The first, and the one used throughout this thesis, is that element 

inputs appear across columns and outputs across rows. Identifying an element and 

reading across its corresponding row shows which elements depend on it. Information 

flows from that element to those across the row. Meanwhile, reading across an 

element’s column shows which elements it is dependent on. In other words, elements 

corresponding to row labels initiate the information flow while column headings denote 

affected elements. For example, in Figure 1, elements A, C, E, P and S depend on 

information from element B while element B depends on elements C, D and P. The 

other convention is simply the opposite; inputs appear across rows while outputs appear 

across columns. 
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Figure 1: An example of a Design Structure Matrix (DSM) 

 

The DSM in the figure above is called a binary DSM since the interactions are 

marked with an “x”. This simply indicates the presence of an interaction or dependency 

between the elements involved. Taking this one step further, numerical DSMs can show 

the number, strength, or importance of an interaction. For example, the impact of 

changing the scope of work of a design task on the other tasks can be shown on a scale 

from 1 to 10. These numbers would replace the marks in the matrix. It should be noted 

that numerical DSMs do not necessarily include numbers only; the strength of the 

interactions can be shown by shading, colors, or symbols etc.  

 A B C D E F G H I J K L M N O P Q R S T U V W 

A                        

B X  X  X           X   X     

C X X  X X  X         X   X     

D X X X                X     

E 
      X                 

F X       X  X X X X X X X X X  X    

G X                       

H X                       

I  X  X X                    

J X            X X          

K X     X    X  X X X    X      

L X     X    X X  X X          

M X  X X      X X X  X X   X      

N X         X   X     X      

O X             X    X      

P X X X   X  X X X     X  X   X   X 

Q X     X    X     X         

R X  X X  X   X X     X X X   X   X 

S X  X X     X    X X   X       

T X     X    X  X  X X X X       

U X     X    X X  X X X X X       

V    X  X   X    X X  X X   X    

W X  X           X  X X       
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2. Advantages of the DSM 

One of the advantages of the DSM is its visual clarity and concise format. Large 

and complicated networks can be represented in a clear, practical manner that is 

intuitive and easily comprehensible. For illustration, the equivalent directed graph of the 

DSM in Figure 1 is shown in Figure 2 below. 

 

Figure 2: Equivalent directed graph of the DSM in Figure 1 

 

The DSM is easier to read and the feedback and feedforward interactions are 

easily observed. If the matrix was a numerical DSM, the graph would be even more 
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congested with weights on the arcs. On the other hand, the only difference in the DSM 

is that numbers would replace the “x” marks. Furthermore, since the DSM has its roots 

in graph theory, analysis tools and analytical techniques used in graph theory can be 

applied to study DSMs. 

There are many types of interdependencies between elements described in the 

literature. Two main categories are hierarchical and lateral. Hierarchical links are 

vertical relationships in the decomposition of elements in a system. Common examples 

are the work breakdown structure (WBS) and the organization breakdown structure 

(OBS). Lateral or horizontal dependencies are interactions between elements at the 

same level of the hierarchy. Even though a DSM can show where elements fit in a 

hierarchical system, it is mostly used to model lateral links. In fact, one of the main 

reasons Steward chose to adopt the model was because it can model types of lateral 

dependencies that classical methods cannot (Steward, 1981). Three types of such 

relationships can be described: parallel, sequential, and coupled as shown in Figure 3 

below (Yassine, 2004). 

 

Figure 3: Parallel, sequential, and coupled relationships between elements (Yassine, 2004) 

 



 

 

 

 

 

 

30 

 

 

Traditional techniques like the Critical Path Method (CPM) and the Program 

Evaluation and Review Technique (PERT) specifically fail to model coupled 

interdependencies (Fayez, Axelsson, Oloufa, & Hosni, 2003). Coupled elements can 

lead to design iterations in product development projects or rework in manufacturing 

and construction. Therefore, the capability of modelling these types of relationships can 

be important for project managers. DSMs can easily represent this type of dependency 

with a “feedback” relationship. The three types of relationships in Figure 3 modelled 

using the DSM are shown below. 

Parallel 

 

Sequential 

 

Coupled 

 

A B 

   

A B 

   

A B 

 A 
  

  

A 
 

X 

  

A 
 

X 

 B 
  

  

B 
  

  

B X 
 

  

Figure 4: Parallel, sequential, and coupled relationships as DSMs 

 

3. Types of DSMs 

DSM applications can be classified into four types or categories (Dorf, 1999): 

• Component-based or product DSM 

• Team-based or organization DSM 

• Activity-based or process DSM 

• Parameter-based DSM 

Product DSMs model the relationship between the components of a system. The 

system is basically broken down into smaller constituents. Teams or individuals are the 
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elements in organization DSMs, where the communication between people is modelled. 

These two types of DSMs are static architecture models. All the elements exist 

simultaneously. In process DSMs, the activity network of tasks is modelled, along with 

the flow of information or materials between them. Parameter-based DSMs are used for 

sequencing low-level activities and design decisions. Activity and parameter based 

DSMs are time-based models, also called temporal flow models. Reading through the 

element labels along rows or columns indicates a flow of time. Downstream elements or 

activities usually indicate a movement forward in time.  

Since all elements of a DSM belong to a certain category, they are said to be in 

the same domain (e.g. the process domain or organization domain). Mapping 

interactions between elements of different domains is possible. The result is a 

rectangular matrix called a Domain Mapping Matrix (DMM). DMMs can model the 

interactions between people in an organization and the activities they have to undertake, 

or between the components of a system and the processes required to manufacture them. 

A multidomain matrix (MDM) is an extension of DSM modelling where DSMs 

comprised of different domains and the corresponding DMMs showing interactions 

across domains are combined into one matrix. The MDM is square matrix with DSMs 

of each domain along the diagonal, and the DMMs occupy the off-diagonal spots 

(Eppinger & Browning, 2012). Figure 5 below shows an example of product, 

organization, and process DSMs along with their corresponding MDM. The MDM is 

comprised of the three DSMs along its diagonal along with six DMMs. 
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Figure 5: Product, organization, and process DSMs and their respective MDM (Eppinger & 

Browning, 2012) 

 

4. Organization DSMs 

This research thesis aims to cluster project actors in a manner that facilitates 

effective communication and reduces the risks induced by project complexity. 

Therefore, the type of DSM under study is the organization or team-based DSM. Flow 

of information is a central issue in project management. It is obvious to realize the 
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problems in the case where there are few, uncoordinated communication channels 

between project actors. However, why isn’t the solution to communicate everything to 

everyone so that everybody has all the information he or she could ever require? This 

could easily lead to an “overload” of information. If people receive an amount of emails 

they could not possibly manage or if they spend a lot of their time on meetings, little 

time would be spent on carrying out actual work. A lot of communication results in 

inaction, confusion, and reduced decision capability. At first, increasing the information 

load on a project actor increases his or her decision accuracy, but, at a certain point, as 

the load increases the decision accuracy will start to decrease. Information overload is 

thus described by a concave or inverted U-curve (Eppler & Mengis, 2004). 

The level of decomposition of the network can be an issue when modelling 

organization design. Most DSMs are built at the level of the individual. This allows for 

more detailed, better accuracy analysis. However, for large organizations and projects, 

the network can be built at the level of teams or even the organization’s departments. 

It might be intuitive to say that organization DSMs are symmetrical; 

communication should occur in both directions. However, the DSM’s purpose is to 

model the information flow between project actors. For example, it would be expected 

that most of the information flow would occur from the manager to his or her 

subordinate. Therefore, many elements in the DSM have flow in one direction only. 

Furthermore, the data collection process in itself can have a positive effect. The DSM is 

usually verified by several project members, and this can help each member to realize 
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how others perceive the organization design and project concept. They can have a more 

accurate realization on which actors interact with each other and those who do not, and 

where most of the information flow occurs. This helps individuals to create a shared 

mental model across the organization. Establishing a shared mental model would reflect 

that members have a joint understanding of the project concept, their individual tasks as 

well the collective tasks of the group, and the team’s goals and objectives (Piet Van den 

Bossche, Gijselaers, Segers, Woltjer, & Kirschner, 2011). Project ambiguity is 

significantly reduced if the teams involved develop a shared mental model. 

A notable issue with organization DSMs, and also other types of DSMs, occurs 

when representing the strength of interactions between elements. Numerical DSMs 

represent the number or the strength of interactions between elements. The data 

collection process to represent the number of interactions is relatively easily 

accomplished. However, the strength of interactions can be difficult to model. Expert 

opinion can be used where the strength of interactions is predicted on a scale (for 

example a scale from 1 to 10). However, this can lead to biased or inaccurate data. The 

analytic hierarchy process (AHP), developed by Saaty, is a method that alleviates this 

problem since it does not require an explicit measurement of the strength of interactions 

(Saaty, 1987). Only two elements are compared at a time which simplifies the issue for 

the decision maker and can lead to more accurate results. The method can also evaluate 

the consistency of the estimations. 
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B. Deliverables 

The organization DSM containing interactions between individuals will be 

partitioned into groups of project actors to create more efficient communication 

channels. However, a question remains unanswered: What forms the relationship 

between project actors? In other words, what does the DSM represent and how is it 

going to be built? This section will argue that the basis for the link between team 

members should be the deliverables used throughout the project. The deliverables issued 

and transmitted across project actors form an accurate representation of the strength of 

the interactions between them. 

A project, undertaken by the client, is a temporary process where the 

requirements and specifications of the client are met (Cano & Lidon, 2011). The 

deliverables used throughout the project represent and define these requirements. 

Therefore, they capture the unique features and complexities of the project at hand. The 

importance of deliverables is underscored by studies that show that late deliverables can 

have a considerable impact on project performance (Barry, Leite, & O'Brien, 2015). 

That is, deliverables and project complexity are closely related. This is reverberated by 

recent literature which advocates a deliverables-oriented approach when building the 

Work Breakdown Structure (WBS), rather than the traditional activity-based approach. 

One perceived advantage for activity-based (or schedule-based) WBS is that almost the 

same WBS can be used for multiple projects. The shortcoming, however, is that this 

does not capture the unique features of each project. Meanwhile, the advantage for 

having a deliverable-oriented WBS is clear since, in that case, the WBS will be 
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structured in the point of view of the client (Rad, 2002). Using the WBS to form the 

schedule is better practice than using the schedule to form the WBS. Deliverables model 

the information flow among activities at the same level of a hierarchy. They aid the 

decision maker by showing the interactions between activities, rather than leaving him 

or her to rely on the schedule and sequencing of activities alone (Browning & 

Ramasesh, 2007). A deliverable-oriented WBS may contain some activities but only in 

the lower levels. The upper divisions should be based solely on deliverables.   

Deliverables are not always issued by the client. A decision, therefore, must be 

made on the best source to draw the list of deliverables from. There are several 

alternatives for project managers to determine what the deliverables will be for a 

particular project. The requirements document is the best source to obtain the 

deliverables (Miller, 2008). The main reason for this is that it is written by the client. 

The outputs or results of the project at each stage is the client’s main interest, and these 

are embodied in the deliverables. Therefore, it is best that the deliverables are based on, 

if possible, the client’s requirements and objectives for the project. The quality of 

project deliverables also needs to be of a high standard. The deliverables should, as 

much as possible, not contain any defects. They should be issued and submitted on time 

without causing any delays or negative consequences for the project. The deliverables 

should be thorough as they should cover all the aspects and features of the project. 

Finally, the deliverables should reflect owners’ changing demands, if those occur, as 

they represent the clients’ requirements at all times. 
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The relationship between each project actor, based on project deliverables, 

should be modelled in the DSM. First, the dependency between the actors and each 

deliverable should be determined. This can have three possibilities. An actor could 

transmit a certain type of deliverable to another project member. An actor may receive a 

deliverable from another project member. Finally, an actor simply does not deal with a 

certain deliverable. This is shown in Figure 6 below. 

 

Figure 6: An actor transmits a deliverable (top). An actor receives a deliverable (bottom). 

 

 First, a DMM defined as the Actor-Transmitter matrix is built. The DMM 

shows which deliverables an actor transmits to others. This is a type of a responsibility 

assignment matrix (RAM), which shows which project resources, in this case the project 

members, are assigned to each work item (Project Management Institute, 2013). 

Second, another DMM, the Actor-Receiver matrix, shows the deliverables received by 

each project member. Multiplying the Actor-Transmitter matrix with the Actor-Receiver 

matrix yields the Actor-Actor matrix, as shown below: 
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The Actor-Actor matrix is a DSM showing the interactions, the number of 

deliverables exchanged, between project actors. It is a weighted, directed graph. An 

example is shown in the figure below. 

 

Figure 7: a) Actor-Transmitter matrix, b) Actor-Receiver matrix, c) Actor-Actor matrix, the 

result of the multiplication of the Actor-Transmitter and Actor-Receiver matrices 

 

C. Clustering Design Structure Matrices 

A cluster can be defined as a community of actors with strong interactions 

within each group and few interactions between communities (Sharman & Yassine, 

2004). The objective is for the clusters to, as much as possible, act as independent sub-

systems within the DSM. This is often referred to as modularity; modularity increases as 

the clusters, or modules, become more independent. Modularity allows systems to 
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greater accommodate change, since only certain modules, rather than the whole system, 

are affected (Clark & Baldwin, 2000).    

The algorithms used to cluster DSMs can be classified into two main categories: 

hierarchical and partitional (A. K. Jain & Dubes, 1988). Everitt explains hierarchical 

clustering methods in detail in his 2011 book (Everitt, 2011). Hierarchical techniques 

generate a set of nested clusters. They can be either agglomerative or divisive. 

Agglomerative methods begin with singleton clusters. There are as many clusters as 

there are DSM elements where each cluster is made up of one element. Then, step-by-

step, members with strong interactions are joined together as the clusters’ sizes begin to 

grow. Eventually, one cluster containing all the elements remains. Divisive techniques 

use the opposite approach. One cluster made up of all the elements is sequentially 

divided into smaller sized clusters until singleton clusters remain. The decision maker, 

therefore, should choose the correct number of clusters to stop the algorithm at a certain 

point. A drawback of hierarchical methods is that once an element joins a cluster 

(agglomerative) or leaves a cluster (divisive) it cannot be undone. In other words, 

“mistakes” cannot be corrected and this issue may hinder global optimization.  

In the agglomerative technique, an element joins a cluster based on its distance. 

Elements that have high similarity or low distance or dissimilarity are joined together. A 

proximity matrix (a lower triangular matrix) showing the distance between elements is 

created from the original DSM. This can be the squared Euclidian distance for example. 

First, the two elements with the smallest distance (dissimilarity) are joined together. The 
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proximity matrix is then updated. It becomes an N-1 x N-1 matrix as one of the entries 

is now the cluster of two elements. The distance between the newly formed cluster and 

the remaining elements should be calculated, while the remaining entries stay the same. 

The minimum distance between each element in the new cluster and the rest of the 

matrix elements is chosen as the updated entry in the proximity matrix. Next, the entries 

with the smallest distance are joined together and this process is repeated until only one 

cluster containing all the elements remains. Different methods exist for calculating 

distance between clusters. Single linkage defines the proximity as the shortest path 

between clusters. Complete linkage considers the largest distance. Average linkage 

takes the average proximity between elements in the clusters. 

Divisive methods use a similar approach. The large cluster containing all the 

elements is first split into two. The element with the largest average distance to the other 

elements forms its own cluster. Next, the average distance of each element in the 

original cluster to the elements in the new cluster is computed as well as the average 

distance to the remaining elements in the original cluster. For each element in the large, 

original cluster, the average distance to the newly formed cluster is subtracted from that 

of the original cluster. The element with the largest positive difference is selected to join 

the new cluster. The average distances are updated until all the calculated entries 

become negative. The two clusters should then be divided separately until clusters 

containing individual elements remain. 
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The partitional technique divides the elements into clusters or “partitions” where 

the configuration of elements is optimal as per an evaluating criterion. The process is 

explained by Jain and Dubes (A. K. Jain & Dubes, 1988). The number of partitions may 

or may not be specified. The chosen criterion should be simple enough to be stated as a 

mathematical formula yet complex enough to capture the decision maker’s notion of 

similarity. All combinations of possible clusters could be evaluated and optimized based 

on the chosen criterion; however, this is impractical. For example, nineteen elements 

organized into four clusters yields over eleven billion partitions to be examined. A 

popular solution is to use a hill-climbing technique. Elements are moved across clusters 

only if the value of the criterion shows an improvement. Thus, a smaller number of 

partitions is examined. One drawback is that the optimal solution could turn out to be at 

a local minimum. Another workaround to the problem is to use dynamic programming 

to identify and eliminate a considerable amount of undesirable partitions.  

Many applications of such methods exist in the literature. McCord and Eppinger 

use the DSM to solve the “integration problem”. Integration and coordination is 

required in product development teams because of the challenges faced due to 

concurrent engineering. The primary method used in the solution is to form overlapping 

or non-disjoint clusters (McCord, 1993) . Chen and Lin use a clustering approach to 

effectively group interdependent teams in concurrent engineering projects. Large, 

complex projects require teams to work simultaneously; the teams must be organized 

effectively to prevent excessive design iterations. A method to transform binary 

interactions among team members to a numerical DSM is first devised. Then, the 
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squared Euclidean distance is used to generate the proximity matrix and a hierarchical 

clustering technique is applied utilizing the average linkage method. Furthermore, a 

simulation study showed that clustering using numerical DSMs is superior to clustering 

with binary DSMs (S.-J. (Gary) Chen & Lin, 2003). Behncke et al. employ a partitional 

technique where the first step is to generate all possible combinations of clusters. 

Information about the system, which is the project actors’ interactions in this instance, 

are modeled via DSM. Seven performance criteria to evaluate partritions were selected 

from the literature. The decision maker has the capability to choose the most relevant 

criterion for his or her particular case. Finally, the different cluster configurations are 

ranked according to their performance relative to the selected criterion (Behncke, 

Maurer, Schrenk, Schmidt, & Lindemann, 2014). Sosa and Marle use a different 

approach in modelling the DSM in their research regarding product development 

projects. Innovation and creativity are essential among team members particularly in 

development projects. Firms looking to maximize results usually organize members 

depending on how often they have interacted together in the past. The researchers in this 

study extend this model by considering the quality rather than just the amount of past 

interactions among project actors. This notion of creative team familiarity is modelled 

in the DSM by asking the members of the organization to complete a survey regarding 

their previous interactions with the rest of the project actors during past projects. The 

result is a three-level metric to measure creative team familiarity, where interactions can 

be positive, neutral, or negative. Clustering analysis is then utilized to group the actors 

in a manner to maximize creative team familiarity within clusters (Sosa & Marle, 2013). 
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Algorithms for clustering, typically written in a coding language, aim to find the 

best possible solution to the problem. The complexity of the problem means that the 

optimal solution is not easily obtained. Leicht and Newman, for example, devise an 

algorithm with the objective of maximizing modularity. Modularity is defined as the 

amount of interactions within clusters minus the expected amount of such interactions 

(M. E. J. Newman & Girvan, 2004). Thus, a high modularity means that there are a lot 

more interactions within communities than there would be if the clusters were formed 

randomly. A mathematical expression for modularity is devised, with parameters based 

on the input DSM. A main contribution of the paper is that the algorithm takes into 

account directed edges. It is a divisive algorithm in the sense that the starting point is 

one cluster including all elements. Divisions are made based on increasing the 

modularity of the network. First, the cluster is divided into two, and then each two are 

divided again until the modularity cannot be increased any further (Leicht & Newman, 

2008). The algorithm by Blondel et al. is also based on the concept of modularity; 

however, it uses the agglomerative technique. It consists of two phases. In the first 

phase, the gain in modularity is computed for each element if it joins a local community 

of elements. The element is placed in the cluster that maximizes the modularity gain. 

The second phase replaces the formed clusters with single nodes. The weights of the 

edges are computed between the newly formed nodes. The reason for the second phase 

is that the procedure in the first phase can now be easily repeated. Therefore, this 

iterative process is repeated until forming new clusters does not yield any more gain in 

modularity (Blondel, Guillaume, Lambiotte, & Lefebvre, 2008). Borjesson and Holtta-
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Otto introduce improvements to the IGTA (Thebeau, 2001). The Idicula-Gutierrez-

Thebeau Algorithm’s (IGTA) two main parameters, ClusterBid and TotalCost, form the 

pillar of the algorithm. ClusterBid measures how much of a fit an element is relative to 

each cluster. TotalCost measures the quality of a solution and it is calculated using the 

number of interactions within clusters as well as those between clusters. IGTA first 

picks a random element and then evaluates its ClusterBid relative to all clusters. Before 

moving the element to the cluster corresponding to the best fit, the TotalCost is 

calculated. This is done to compare the proposed configuration to the best one already 

found. If the TotalCost is lower than that of the best configuration, the element is moved 

to its new cluster. The algorithm also uses random numbers to stochastically change or 

modify the solution thus preventing it from getting stuck at local minima. IGTA allows 

clusters to be non-disjoint; elements can belong to more than one cluster. Disabling this 

feature allows the TotalCost to be calculated more efficiently, according to Borjesson 

and Holtta-Otto. Furthermore, IGTA does not store previous iterations; configurations 

that have been tested before may be tried many times. To improve the speed of the 

algorithm, another improvement was introduced. A list with configurations that have 

not been tested is stored and continuously updated. Once the list is empty, the algorithm 

is terminated (Borjesson & Holtta-Otto, 2012).  
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CHAPTER IV 

PROPOSED CLUSTERING 

ALGORITHM 

 

This section introduces the model to cluster project actors. The problem 

formulation is described in the following section (Section A). The algorithm developed 

to solve the problem is presented in Section B. The algorithm is applied to a case study 

in Section C to illustrate its use and capability. 

 

A. Problem Formulation 

The problem at hand can be formulated as follows: the objective is to cluster the 

Actor-Actor Matrix, where interactions within clusters are maximized and those 

between clusters are minimized. Suppose there is a known number of actors “n” and an 

unknown quantity of clusters “m”. An n x m binary matrix, Actor-Cluster, can be 

defined where an entry of 1 means that actor j (1 ≤ j ≤ n) belongs to cluster k (1 ≤ k ≤ 

m). Thus, the objective function is the following: 
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INTRA represents the total number of interactions within clusters. The 

interaction strength between project members is only added to the value of INTRA if 

both members belong to the same community. The Actor-Cluster matrix is the result or 

output of the model. The issue encountered here is that the trivial solution is to have one 

large group that encompasses all individuals. Therefore, some constraints need to be 

added to the problem. For example, a minimum number of clusters can be imposed: 

   

Furthermore, due to the complexity and difficulty in managing large groups, the 

maximum number of actors in each cluster can be limited: 

 

The maximum number of communities one actor is limited to may also be 

constrained: 

 

Typically, clusters are disjoint. This means that each actor can belong to one 

cluster only. This is mainly due to the difficulty in managing actors with an affiliation to 

more than one cluster. Furthermore, the decision maker may like to place certain actors 

in the same cluster: 
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A restriction can also be imposed where certain project members must be kept 

apart in separate clusters: 

 

 Project managers can also stipulate the number of critical loops, “i”, that must 

be placed in clusters: 

 

Sometimes, the Actor-Actor matrix may be difficult to obtain yet the interactions 

between project components or activities are known and accurate. In that case, given the 

actors’ affiliation to or ownership of these project elements (through a RAM for 

example), the Actor-Cluster matrix can still be determined. The Element-Element DSM, 

in place of the Actor-Actor matrix, is clustered to obtain the Element-Cluster matrix. 

The Actor-Element matrix, showing which project elements each individual is 

responsible for, is built as a DMM. Multiplying the Actor-Element matrix with the 

Element-Cluster matrix yields the Actor-Cluster matrix.  

 

B. Solution 

A clustering algorithm, implemented in MATLAB, was developed to solve the 

problem stated above. It uses the agglomerative technique, where the starting point is a 

number of clusters equal to the number of DSM elements. Each cluster is made up of 
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one element, and then the concept of modularity is used to decide which clusters should 

join together. The algorithm takes as input three mandatory constraints which are the 

Actor-Actor matrix, the minimum number of clusters required, and maximum size 

allowed for each cluster. The size restriction can be the same for all clusters, or different 

limits can be applied to the various clusters. The latter two inputs are required to avoid 

the trivial solution of one large cluster containing all the project actors. Therefore, along 

with the DSM to be clustered, these inputs are necessary for the algorithm to provide a 

practical solution. In addition to these three constraints, four other optional inputs can 

be used by the algorithm. The actors that must be placed together in the same cluster 

can be imposed by the project manager or the decision maker as well as the actors that 

must be kept apart in separate clusters. All of the loops present in the Actor-Actor DSM 

can also be inserted as an input. Loops, also known as cycles or elementary circuits, are 

feedback processes where information is exchanged on a cycle between a group of 

project actors. The number of the most critical loops to be included in clusters is 

stipulated by the decision maker as well. 

The algorithm produces two outputs. The first is a matrix showing the formed 

clusters in each row where the elements in a row show the individuals that make up 

each cluster. The second output is the percentage of the total interactions within clusters 

(INTRA) to the number of all the interactions in the Actor-Actor matrix. This can be 

regarded as a parameter that tests the performance of the algorithm. The algorithm can 

be divided into five stages as shown below. Each of these will be explained along with 

some examples in order to describe the algorithm and how it was implemented. 
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• Main clustering function  

• Tracking the size and size limit of each cluster 

• Identifying and including critical loops in clusters 

• Obtaining the Actor-Cluster matrix 

• Calculating the INTRA value 

 

1. The Clustering Process 

The clustering function uses the concept of modularity to determine how the 

clusters should be formed, i.e. which elements should join together. The modularity gain 

is computed for each element if it joins any of its connected neighbors. The cluster that 

leads to the largest gain in modularity is formed. The gain in modularity is calculated as 

per the following formula by Blondel et al. (Blondel et al., 2008): 

 

In the equation above, the change in modularity is computed if an element i joins 

a cluster.  is the sum of the number of interactions of the elements that belong to the 

cluster under consideration, and  is the sum of all the interactions from element i to 

all the nodes present in the cluster. The sum of all interactions directed to nodes in the 

cluster is represented by , while  signifies the sum of the interactions directed to 

element i. The sum of all interactions in the network is represented by . 
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The clustering algorithm by Blondel et al. is capable of handling large networks. 

Therefore, for the sake of speed and efficiency, the gain in modularity is calculated for 

each element with a local cluster of elements. That is, local communities are created 

with one pass through the formula, as shown in Figure 8 below. 

 

Figure 8: Visualization of the algorithm by Blondel et al. (Blondel et al., 2008) 

 

The figure above shows the visualization of the algorithm by Blondel et al., 

where the first step is to identify the local communities that lead to the largest gain in 

modularity. These groups are color coded as shown in the “Modularity Optimization” 

step in the example of the figure above. In the next step, “Community Aggregation”, 

each of the local communities recognized in the first step are transformed into single 

nodes. Thus, the first step can be applied again as local communities are found among 
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the newly formed nodes and this process is iterated until maximum modularity is 

attained. One “pass” through the algorithm denotes one iteration, which includes the 

two steps of community identification and aggregation.  

Blondel et al.’s algorithm is usually applied to large social networks with 

upwards of 100 million nodes. Since organization DSMs typically contain less than a 

hundred elements, and rarely more than a few hundred, only two elements will join in 

one pass of the proposed algorithm. This allows the capability of managing the clusters’ 

number, size, and the rest of constraints inserted as the algorithm’s input. Such 

restrictions cannot be imposed on the algorithm by Blondel et al. For example, the 

maximum size restriction is ignored if a local community with a size that exceeds the 

limit is formed in the first step of the algorithm. However, the objective when dealing 

with large social networks, such as Facebook, is to simply discover the natural 

communities that occur within the network. Enforcing conditions and restrictions would 

defeat the purpose. On the other hand, project managers and decision makers aim 

towards having a certain number of teams working on the project as well as being able 

to manage the size of each team. Similarly, they may stipulate that certain project actors 

should be in the same group and that some members should be kept apart in separate 

teams. Therefore, the algorithm by Blondel et al. is modified in order to abide by and 

respect these different objectives. Instead of calculating the gain in modularity if an 

element i joins a cluster of elements as is the case in Blondel et al.’s algorithm, the gain 

in modularity is computed for an element i if it joins an element j in the proposed 



 

 

 

 

 

 

52 

 

 

algorithm. The formula used to compute the gain in modularity is thus modified and it 

reduces to: 

 

Now,  signifies the interaction directed from element i to element j, while 

 is the sum of all interactions directed towards element j. Thus, the algorithm forms 

a new cluster by joining the two elements that lead to the largest modularity gain. The 

new cluster formed can be treated as if it is any other element. Therefore, the equation 

can be applied iteratively until the solution is reached.  

In each iteration, the gain in modularity for pairs of clusters is calculated and the 

pair with the largest value are placed in the same cluster. However, the gain in 

modularity cannot be computed for all pairs of DSM elements. Unlike the algorithm by 

Blondel et al., the proposed algorithm is restricted by a set of constraints. In particular, 

two elements can be considered to join to form a cluster only if they meet two 

conditions. The first is that the newly formed cluster should not violate size restrictions. 

This constraint is straightforward if the size limit is the same for all clusters. In that 

case, the sum of the size of each of the two groups is compared to the limit and only the 

combinations that are at or below the limit are deemed to abide by the rule. This 

restriction, however, becomes much more complicated if different size limits are 

required. The maximum possible size of each cluster during each iteration must be taken 

into account in this case. Consider the example shown in the table below. 
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Table 1: An example showing five clusters along with their sizes and corresponding size limits 

Cluster # Cluster Size Maximum Size 

1 1 - 

2 2 2 

3 3 5 

4 8 8 

5 8 10 

 

Five communities are present in the clustering process in the example shown 

above in Table 1. The size of each cluster as well as its size limit are shown in the 

second and third columns respectively. The clusters are always sorted by size in 

ascending order. The third column shows that four clusters should be formed with sizes 

ranging from two to ten. Suppose that the iteration process is at the stage where it is 

being considered whether the gain modularity for clusters 1 and 4 should be computed. 

In order to determine whether this combination is possible, it is assumed that the two 

groups join together to form one community and then the size of the new cluster is 

obtained. The clusters are then sorted by size again, in ascending order, as shown below. 

Table 2: Determining whether the gain in modularity should be calculated for a certain 

combination of clusters 

Cluster # Cluster Size Maximum Size 

2 2 2 

3 3 5 

5 8 8 

1 + 4 9 10 
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For the clusters to abide by the size restrictions, all of the sizes shown in the 

second column of the table above should be less than or equal to their corresponding 

limits in the third column. Since all of the entries in this example meet this restriction, 

this means that the combination of clusters 1 and 4 is permissible and, therefore, the 

gain in modularity is computed for this pair of clusters. To illustrate the other scenario, 

another example pertaining to five clusters is shown in the table below. 

Table 3: An example showing five clusters along with their sizes and corresponding size limits 

Cluster # Cluster Size Maximum Size 

1 1 - 

2 2 2 

3 3 5 

4 8 8 

5 10 10 

 

The example shown above is similar to the first one, except that the size of the 

Cluster 5 is ten instead of eight. Repeating the process described earlier, the 

combination if Cluster 1 and Cluster 4 leads to a community containing nine project 

actors, as before. However, sorting the groups by size places the new cluster in third, 

rather than fourth, place. This is due to Cluster 5 having a larger size than that of the 

newly formed cluster. This is shown in Table 4. 
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Table 4: Determining whether the gain in modularity should be calculated for a certain 

combination of clusters 

Cluster # Cluster Size Maximum Size 

2 2 2 

3 3 5 

1 + 4 9 8 

5 10 10 

 

Since the new cluster places in third place, it should have a maximum size of 

eight project actors. However, as it exceeds its limit, this combination of Cluster 1 and 

Cluster 4 is deemed not permissible. Thus, the gain in modularity for this combination is 

not computed and the cluster cannot be formed in this iteration.  

There is a second restriction that must be met as well in order for the gain in 

modularity to be computed. The pair of clusters under consideration should not contain 

any project actors that must be kept apart. One of the constraints imposed by the 

decision maker or the user of the algorithm is that some actors may be prevented from 

being placed together in the same cluster. Thus, actors who must be kept apart and were 

originally in different clusters cannot join together and coexist in the same cluster.  

Therefore, the gain in modularity of a pair of clusters is computed if the two 

specified restrictions are met. That is, the change in modularity is considered only for 

possible combinations of clusters. This is an important note as this helps to improve the 
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efficiency of the algorithm as computation time is not wasted on impossible 

combinations. 

At the start of the clustering process, the first iteration begins with singleton 

clusters. Each cluster contains one project actor, and the total number of clusters is 

equal to the number of individuals involved in the project. After every iteration, the 

Actors-Actors DSM loses one dimension as two of its elements join together. That is, 

the size of the DSM decreases by one after every iteration. The DSM entries are thus 

updated for the new cluster formed after each iteration. An example is shown in the 

figure below. 

               a)    b)

1 2 3 4

1 2 0 1

2 3 1 0

3 0 0 0

4 2 1 1

3 4 1 + 2

3 0 0

4 1 3

1 + 2 1 1

 

Figure 9: a) Actor-Actor DSM and its equivalent directed graph, b) The DSM and graph after 

one iteration 
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In part “a” of Figure 9, a sample DSM containing four project actors and its 

equivalent weighted directed graph is shown. In this example, the largest gain in 

modularity corresponds to the pair of clusters containing actors 1 and 2. Therefore, the 

DSM, after one iteration, will contain three clusters, one of which corresponds to actors 

1 and 2. To obtain the weight of the edge directed from a node k to the new cluster 

(formed from elements i and j), the edge weights directed from element k to elements i 

and j are simply added together. Thus, the weights of the edges directed from cluster 4 

in the sample DSM to clusters 1 and 2 are combined into one edge directed from cluster 

4 to the new cluster containing actors 1 and 2. The weight of the edge is the sum of the 

weights of the edges in part “a”. Similarly, the weights of the edges directed from 

elements i and j (the elements belonging to the new cluster to be formed) to element k 

originally are added together to form one edge originating from the newly formed node 

after one iteration. In part “a” of Figure 9, two edges are directed from clusters 1 and 2 

towards clusters 4 and 3 respectively. Therefore, these edges originate from the same 

node in the updated graph. The updated weighted graph as well as its corresponding 

DSM are found in part “b” of the figure.  

The clustering algorithm begins with a number of clusters equal to the total 

number of project actors. Furthermore, the DSM, at the first iteration, has a size equal to 

the total number of actors. Then, since only one community is formed in each iteration, 

the number of groups decreases by one after each iteration. The size of the DSM also 

loses one dimension as one cluster joins another. Therefore, the size of the DSM relays 

the number of clusters present during each iteration. Thus, the total number of clusters is 
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easily tracked in the algorithm. Knowing the number of clusters at each stage of the 

algorithm is essential in order to terminate the algorithm properly, i.e. while abiding by 

the constraints set by the user or decision maker. There are two terminating conditions 

for the algorithm. The first pertains to the minimum number of clusters constraint 

imposed by the decision maker. The size of the Actor-Actor DSM is reduced by one in 

each iteration; therefore, once the DSM’s size reaches the value of the minimum desired 

number of clusters entered as input, the algorithm terminates. The input is a minimum 

simply because the algorithm also terminates if there is no possible gain in modularity. 

This is the second terminating condition. Therefore, the algorithm terminates either 

when the desired number of clusters is reached, or when there is a larger than desired 

number of clusters but all possible combinations of elements do not lead to an increase 

in modularity, whichever occurs first. 

 

2. Loops 

Loops are defined as feedback processes that influence system dynamics. 

Information is shared by a group of project actors on a cycle. Placing different project 

members of a certain loop in different clusters may break up the loop as communication 

lines could break down between project actors. This is the reason why loops influence 

the behavioral dynamics of a system. Key information is exchanged along the circuit 

and the uninterrupted presence of several of the loops could be necessary for the system 

to function healthily as a whole. Only elementary cycles are considered in the proposed 
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clustering algorithm. Elementary or simple cycles do not allow repetitions of nodes or 

edges in the loop, except for the starting and ending node, which is the same. Figure 10 

shows an example of a loop. Four project actors make up the loop. Actor A transmits 

three deliverables to Actor B, who in turn send two deliverables to Actor C. Actor D 

receives four deliverables from Actor C and then sends one back to Actor A. The 

deliverables exchanged from actor to actor could be from members outside the cycle. 

For example, the two deliverables sent to Actor C from Actor B need not be from Actor 

A. The loop is an important aspect of the Actor-Actor DSM regardless of whether the 

same set of deliverables are exchanged. The presence of communication channels 

between a specific group of actors renders loops significant in the clustering process. 

The cycles can be considered communities and therefore the proposed clustering allows 

the decision maker to include the project actors that make up certain loops into clusters. 

Thus, significant loops are not broken up. 
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Figure 10: Loop containing four project actors 

 

Incorporating loops into clusters ensures that an important feature of the DSM 

and the communication process is not ignored. However, it is obvious that not all loops 

can be placed in clusters. A DSM can have thousands, and even millions, of loops 

depending on its size. It is also worth noting that the more loops that are incorporated 

into the clustering process, the worse the value of the objective function becomes. 

Actors that wouldn’t have been placed together based on the gain in modularity can be 

allocated to the same community if they part of the same loop. Thus, the INTRA value, 

the number of interactions within clusters, decreases as more loops are involved with 

the process or even as the size of the loop increases. For example, consider a DSM 

made up if a hundred individuals. A loop with a size of ten project actors makes up ten 

percent of the DSM. Therefore, ten percent of all project actors are placed in one cluster 
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not based in gain in modularity, but because they form part of the same loop. This may 

affect the objective value greatly. This is the reason why the size of the loops 

considered, as well as the number, may be limited by the user.  

Since only a limited number of loops can be considered, it is important to 

identify the most important ones to incorporate into the clustering process. But how is it 

possible to quantify the importance of loops? Centrality measures calculate the relative 

importance of nodes in a graph based on their connections and relationships to other 

nodes in the network. Four popular centrality measures are degree, closeness, 

betweenness, and eigenvector centrality. Typically, centrality measures refer to single 

nodes, rather than a group of nodes. However, the notion can be extended to groups as 

well. Everett and Borgatti came up with definitions and algorithms for group degree, 

closeness, and betweenness centrality measures (Everett & Borgatti, 1999). One 

important procedure in group centrality measures is normalization. Typically, 

normalization is ignored as its effects are negligible when applied to single nodes. 

However, different groups of nodes can have different sizes, so normalization is 

necessary when calculating group centrality. This helps to compare the centrality of 

different groups with each other as centrality is a relative measure. 

The loop centrality measure used in the proposed clustering algorithm is based 

on the amount of information flow passing through the loop (Giscard & Wilson, 2017). 

Thus, the more central or critical loops are those that intersect most of the information 

flow through the network. Giscard and Wilson’s measure always provides a value 
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between zero and one; thus, normalization is not necessary and this is an important 

feature of this method. The method is also closely related to eigenvector centrality. 

When the centrality measure is applied to a single node, rather than a group of nodes, 

the result is a measure nearly identical to eigenvector centrality. The measure can also 

be applied to any group of nodes, and not necessarily a loop. Loop centrality is 

calculated as per the equation below (Giscard & Wilson, 2017):  

 

In the formula above, “I” refers to an identity matrix with a size equal to that of 

the DSM, and  is the largest eigenvalue of the Actor-Actor DSM. Meanwhile, 

 is the Actor-Actor DSM but where all the nodes and edges pertaining to the 

loop under consideration are removed.  

The most important loops in an Actor-Actor DSM are thus now easily identified. 

In the proposed algorithm, the user decides the number of the most critical loops to be 

included in clusters. All of the loops to be considered are inserted as input by the user or 

decision maker. Then, the algorithm places the specified number of loops in clusters. 

However, the most central loops given by the loop centrality measure are not always the 

ones that are inserted into the solution. For example, suppose the decision maker wishes 

to incorporate the three most central loops in the clustering process. It is not necessarily 

true that those loops are the top three central loops as given by loop centrality. The 

reason for this is that there are some restrictions that the loops must abide by before 
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being placed in the solution. Therefore, the algorithm searches for the most central 

loops that are eligible and places them in their communities. In the example described 

above, the search for three loops is performed and those may not be the three most 

significant loops but they should all meet certain criteria. In fact, it may be the case that 

none of the loops are able to abide by the restrictions. In that case, the algorithm does 

not place any loops into communities. The algorithm, therefore, always incorporates at 

least zero loops, and, at most, the number specified by the user.  

There are four restrictions that must be met. The first is that the loops may not 

exceed the maximum size allowed for clusters. It is because of this restriction that loops 

as well as the project actors that must be kept together are placed in clusters before the 

first iteration of the main clustering algorithm begins. It is important that the first slots 

are allocated to the actors who must be put together. This is because the loops could 

take up the available space available in clusters. Then, the loops are allocated into their 

clusters. First, the loops are sorted in descending order from most central to least 

central. The loop at the top of the list is considered first. The algorithm tests the 

eligibility of each loop until the number required is satisfied. Loops that don’t meet the 

necessary criteria are skipped and then the algorithm moves down the list to the next 

loop. The size constraint is simple if the limit is constant for all clusters. In that 

instance, the loop under consideration meets the size requirement if it contains a number 

of nodes less or equal to the limit. The start and end node of the loop, which is the same, 

is counted once. If the size limit varies, then a procedure similar to that of the main 

clustering function is required. When the first loop is under consideration, the only other 
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clusters present are singleton clusters and those that are formed due to the project actors 

that must be placed together. To determine the size limit of the loop under 

consideration, it is added to the clusters already present and then all the clusters are 

sorted by size. This list is compared to a similar list containing the size limits (also 

sorted). The size of the loop is compared to its corresponding limit, which is placed in 

the same rank. If the size of the loop does not exceed its allocated limit, it is deemed to 

have passed the size constraint. It must pass the remaining three constraints to be placed 

in a cluster.  

The second constraint states that loops cannot contain project actors that must be 

kept apart. The restrictions imposed by the user, whether that be actors who must 

remain together or be kept apart, have priority over all other requirements. Thus, a 

critical loop containing actors that should be kept apart must be rejected.   

The third restriction concerns project actors that must be paired with other 

members as imposed by the decision maker. A loop may contain actors who must be 

paired with other project members. Therefore, the cluster that houses the loop must also 

contain the other actors who must join them. However, this can only be done if the first 

two restrictions are not broken. Consider the example shown below.  

Table 5: Example: clustering with loops 

Loops 

1 2 3 4 

1 2 3 6 
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In the example, two loops are considered. Suppose that the decision maker 

would like to add both loops to the clustering process if possible. The first loop consists 

of project actors 1, 2, 3, and 4. The second loop contains members 1, 2, 3, and 6. 

Suppose that the decision maker also imposed a restriction where actors 1, 2, and 5 must 

be placed together in the same cluster. At the start point of the algorithm, only singleton 

clusters exist. The total number of project actors in this example is irrelevant. In the 

next step, a cluster containing actors 1, 2, and 5 will be formed, with the remaining 

clusters containing only single project members. Then, the loops will be incorporated 

into clusters. Suppose that the most central loop is at the first row of Table 5. Therefore, 

the algorithm will attempt to place it in a cluster first. The first step is to check whether 

the size of the loop is acceptable. Next, the algorithm inspects whether the loop contains 

any actors that should be kept apart. If the loop meets all the criteria thus far, the 

algorithm moves on to the next part. Actors 1, 2, and 5 must be placed in the same 

cluster. Since the loop contains actors 1 and 2, project member 5 must be added to the 

same cluster as the loop so that all constraints are met. The cluster containing actors 1, 2 

and 5 is redundant at this point. The new cluster containing the loop and the project 

member 5 can replace it. This means that any size limits or constraints due to the 

presence of a cluster of size three are not applicable since, at this point, the cluster is 

replaced. The first two restrictions must be assessed again before the new cluster is 

formed. The new cluster has a size of five individuals rather than four. If, for example, 

the size limit was four, then the loop is rejected. The algorithm restores the cluster 

containing actors 1, 2, and 5 and it moves on to the loop that is next on the list. If the 
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new loop abides by the size constraint, then the second restriction must be inspected 

again. If the decision maker imposes, for example, that actors 4 and 5 must be kept 

apart, then the loop is rejected as well. The actors that must be placed together and those 

who must be kept apart hold priority over the loops. Suppose that the first loop meets all 

requirements; then, the first cluster formed will contain actors 1, 2, 3, 4, 5, and 6. 

The final and fourth restriction is regarding the constraint that the clusters in the 

proposed algorithm are disjoint. This means that a project actor can appear in one 

cluster only. Different loops, however, can have some nodes in common. In the example 

described by Table 5 above, the second most critical loop has three nodes in common 

with the first. Since clusters must be disjoint and this restriction cannot be violated, the 

solution is to deal with this issue in the same manner as in the third restriction. In that 

case, the actors who must be kept together are added to the loop provided that the first 

and second constraint still hold. The fourth restriction will be treated in the same 

manner. The uncommon nodes present in the new loop under consideration will be 

added to the cluster containing the loop which has shared nodes. An important note is 

that, in this instance, one cluster can contain two or more loops. In the example above, 

project actor 6 is the only member not present in the first loop. As yet, the only cluster 

which is not a singleton cluster is the community containing actors 1, 2, 3, 4, and 5. 

Actor 6 can only be added to this cluster if its new size of six project members does not 

exceed its limit. Furthermore, if project actor 6 must be kept apart from any members 

already present in the group, then the second loop in Table 5 is rejected. If all 

requirements are met, the algorithm, at this stage, will contain one cluster containing 
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members 1, 2, 3, 4, 5, and 6 besides the clusters pertaining to individual project actors. 

Since the number of required loops has been incorporated into, in this case, one cluster, 

the algorithm moves to its next step and begins iterations which include the process of 

calculating the gain in modularity for pairs of clusters. 

 

3. Outputs of the Algorithm 

The proposed clustering algorithm generates two outputs. The first is a version 

of the Actor-Cluster matrix. It is a matrix where each row shows one cluster and the 

project actors that belong to it. Thus, if k clusters are generated, the matrix will contain 

k rows. The matrix must first be generated before any of the iterations begin; it is then 

continuously updated with each iteration until the algorithm terminates. The matrix is 

then produced as an output of the algorithm. The reason for updating the matrix with 

every iteration is due to the fact that when the DSM entries are updated, the constituents 

of each cluster are not tracked. Consider the Actor-Actor DSM shown in the figure 

below. It is the same example presented in Figure 9. The figure shows the DSM before 

any iterations begin. Each cluster is made up of an individual project member only. The 

matrix that is stored in the algorithm, however, only shows the main entries of the DSM. 

Those entries represent the weights of the edges between nodes. The labels at the top 

and at the left of the DSM, which depict the constituents of each of the four clusters, are 

not stored as part of the DSM. Therefore, a matrix is generated in order to track the 

project actors and to show which cluster each one of them belongs to. 
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1 2 3 4

1 2 0 1

2 3 1 0

3 0 0 0

4 2 1 1
 

Figure 11: Example of an Actor-Actor DSM before iterations begin 

 

Similar to the labels shown in the DSM above, a matrix has to be created 

showing the singleton clusters but in the same order as the DSM. Keeping the clusters in 

the same order in both matrices is essential. If elements i and j of the DSM are to join 

together and form one cluster, then that must correspond to the same elements i and j in 

the output matrix. Failing to keep the matrices in the same order will prevent the 

algorithm from tracking the project members in the output matrix. For the DSM in 

Figure 11, the output matrix, generated at first before any iterations begin and before 

loops and the actors who must be placed together are incorporated into the clustering 

process, is shown below: 

 

The order of the project actors is the same as in the DSM. For example, the first 

row in the matrix above corresponds to project member 1, and the first row and column 

in the DSM correspond to the same project actor. Based on the gain in modularity, the 
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clusters containing project members 1 and 2 should join together. The resultant DSM is 

shown below. 

3 4 1 + 2

3 0 0

4 1 3

1 + 2 1 1
 

Figure 12: Example of the Actor-Actor DSM after one iteration 

 

The updated DSM in the algorithm only contains the 3x3 entries. Therefore, the 

output matrix must be updated as well to reflect the changes of the new DSM. Since the 

first and second DSM elements joined, this corresponds to the first and second rows of 

the output matrix. All of the elements in the first and second rows of the matrix are 

copied into a row placed last in the matrix. The new row must be placed last because, as 

shown in the DSM above, the new cluster is placed last in the DSM as well. The first 

and second rows of the DSM are then deleted. The result is shown below: 

 

Just as the updated DSM, the first row of the matrix above corresponds to 

project actor 3. Meanwhile, the second and third rows contain member 4 and members 1 

and 2 respectively. This is why it is necessary to have both matrices show the clusters in 
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the same order. In each iteration, the clusters pertaining to the rows and columns of the 

DSM will correspond to the same communities shown in the rows of the output matrix. 

The output matrix begins with singleton clusters, then it is updated accordingly if there 

are any actors that must be placed together and if there is a specified number of loops 

that should be placed in clusters. Then, the matrix is updated with each iteration once 

the main clustering process begins. Finally, once the algorithm terminates, the matrix is 

shown as an output to the user. This output matrix can be considered as an alternate 

version of the Actor-Cluster matrix. It relays the same information but in a different 

format. 

The second output of the algorithm is the percentage of the total interactions 

within clusters. In other words, the INTRA value of the solution, divided by the total 

number of interactions present in the Actor-Actor DSM is produced as an output. This is 

shown in the equation below: 

 

The percentage of total interactions within clusters is mostly used to evaluate the 

quality of the solution. The INTRA value constitutes the objective function of the 

general problem statement. Thus, since it is a maximizing function, higher INTRA 

value indicate a better solution. This output can be used to compare solutions when 

using different constraints in the algorithm, as well as to compare the solution with that 

of another algorithm.  
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In conclusion, the proposed clustering algorithm uses the agglomerative 

clustering technique to place project actors in complementary teams in order to reduce 

the risks generated by project complexity. Several constraints can be imposed by the 

decision maker or the user of the algorithm. The algorithm calculates the gain in 

modularity between pairs of clusters to determine the best solution. This method is a 

modified version of the algorithm by Blondel et al. (Blondel et al., 2008). A flowchart 

depicting the algorithm is shown in the figure below. 
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Figure 13: A flowchart depicting the proposed clustering algorithm 
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The first step in the proposed clustering algorithm is to generate a number of 

clusters equal to the total number of project members, where each cluster contains an 

individual project actor. Then, the actors who must be placed together, if specified, are 

inserted into the solution. Loops are incorporated into the clustering process as well, if 

such a constraint is imposed. The output matrix is updated after each of these 

operations. Next, the main clustering function begins and it involves an iteration process 

which continues until one of the two terminating conditions is met. As long as there is a 

number of clusters greater than the minimum, the gain in modularity is computed for all 

possible combinations of pairs of clusters. Possible combinations denote those that meet 

the size restrictions as well as the constraint that the combined cluster cannot contain 

project members that must be kept apart. The pair with the largest gain in modularity is 

selected and a new cluster consisting of a combination of the pair is formed. The 

algorithm terminates either when the minimum number of clusters is reached or when 

the maximum gain in modularity for all possible combinations of pairs of clusters is 

zero, whichever occurs first. 

 

C. Case Study 

The Actor-Actor DSM used in the case study has a size of 86x86, and it is 

sourced from Jaber’s dissertation (Jaber, 2016). Data was collected from a vehicle 

development project at Groupe Renault. A total of 736 deliverables were exchanged 

across the 86 project members in the DSM. The matrix is shown in the figure below. 
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Figure 14: The Actor-Actor DSM under analysis in the case study 
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The Actor-Actor DSM above has its entries color coded to render it easier to 

read. Entries are in green if the number of deliverables exchanged is less than four. 

When seven or more deliverables are interchanged, the entries’ color is red. Values that 

lie in between are represented with an orange color. Therefore, after the clustering 

process is complete, it is expected that most of the darker colored entries should lie 

within clusters in order to obtain a good solution. In the following section, the proposed 

clustering algorithm is implemented on the case study using a certain set of constraints. 

The optional constraints will be applied gradually to the analysis in order to study their 

effect on the solution. In the next section, different sets of constraints are applied in 

order to compare possible solutions provided by the algorithm. The clusters generated 

by Blondel et al.’s algorithm are also compared to those produced by the proposed 

algorithm. 

 

1. Implementing the Proposed Clustering Algorithm 

The proposed clustering algorithm was applied to the Actor-Actor DSM shown 

in Figure 14. First, only the mandatory constraints were imposed on the solution. The 

DSM is inserted as an input in MATLAB, and then the size constraints were specified 

as follows. A minimum of eight clusters were required where three clusters should have 

a maximum size of fifteen project actors and two clusters are limited to two members. 

The remaining clusters have a limit of eleven, nine, and six project actors. These limits 

were selected as they represent a realistic approach to determining a solution. Three 
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medium-to-large groups were chosen as well as three medium sized communities. A 

project manager or decision maker could sensibly take this approach. The limits were 

also chosen in a manner where the maximum size is fulfilled once the solution is 

complete. This is the reason why two clusters of size two as well as this particular set of 

values were mandated. A more even distribution of the limits would have yielded the 

same result, but the limit would not have been reached. The total number of project 

members placed in clusters is 75. No further combinations of clusters lead to a gain in 

modularity; therefore, 11 members remain unaccounted for. More than the minimum 

eight clusters will be formed. This occurrence is ordinary in most of the available 

clustering methods. The clustered DSM is shown in the figure below. 
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Figure 15: The clustered Actor-Actor DSM after the proposed clustering algorithm is 

implemented 
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The figure above shows that almost all of the red entries have been placed in a 

group. The INTRA value of the solution, denoting the percentage of total interactions 

that occur within clusters, is about 78%. The solution is summarized in the table below. 

Table 6: Solution for the following size limits: 15, 15, 15, 11, 9, 6, 2, and 2 project actors 

Cluster # Size INTRA 

1 15 202 

2 15 195 

3 15 116 

4 11 20 

5 9 11 

6 6 17 

7 2 12 

8 2 1 

Total 75 574 

 

The total number of interactions within groups is 574, which leads to the INTRA 

value of 78%. Adding the constraint that project actors 36 and 51 must be placed in the 

same cluster reduces the INTRA value to 77.6%. Adding a constraint reduces the 

objective value of the solution as these two project actors were not grouped together 

based on the gain in modularity. Similarly, imposing the restriction that members 6 and 

10 must be kept apart as well as that the most critical loop should be added reduces the 

INTRA value to 77.3% and 74.5% respectively. Loops of size four and five were 

considered. The largest dip in the objective value occurs when the loop is placed in a 

cluster because it forces a larger number of project actors into the solution. The other 

constraints only stipulate that a couple of actors must either be placed together or kept 

apart. Another important note is that 85% of project actors were placed in the same 
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clusters as in the algorithm by Blondel et al. This underlines the connection between the 

proposed clustering algorithm and the algorithm by Blondel et al. as the solutions are 

fairly similar. 

 

2. Comparison with Different Size Constraints 

One of the advantages of the proposed clustering algorithm is that it allows the 

user to inspect and discover a number of different solutions. The size constraints will be 

changed in the examples below. The remainder of the restrictions will remain the same. 

Choosing three clusters of size fifteen, two of size eight, two of size two, and one of size 

six leads to the solution shown below. 

Table 7: Solution for the following size limits: 15, 15, 15, 8, 8, 6, 2, and 2 project actors 

Cluster # Size INTRA 

1 15 202 

2 15 195 

3 15 116 

4 8 16 

5 8 10 

6 6 17 

7 2 12 

8 2 1 

Total 71 569 

 

This solution has an INTRA value of 77.3%. Imposing the restriction that 

project actors 36 and 51 must be together does not change the INTRA value. This 

means that this is a non-binding constraint as the members were already placed together 
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in the original solution. Meanwhile, keeping members 6 and 10 in separate clusters 

reduces the INTRA value to 76.9% and adding the most central loop in the DSM 

reduces it to 74.2%. Increasing the size of the clusters considerably is expected to lead 

to a larger INTRA value. This is shown in the example below. 

Table 8: Solution for the following size limits: 20, 20, 15, 11, 6, 2, and 2 project actors 

Cluster # Size INTRA 

1 20 258 

2 20 249 

3 15 44 

4 11 23 

5 6 13 

6 2 12 

7 2 1 

Total 76 600 

 

 The INTRA value obtained is 81.5%. Opting for larger cluster sizes leads to 

higher INTRA values, but there is a tradeoff with the manageability of clusters. Large 

groups of people are more difficult to coordinate and direct. Forming large groups could 

thus negate the effectiveness of the clustering process. In the example above, placing 

actors 36 and 51 in the same group is also a non-binding constraint. Imposing the 

restriction that project actors 6 and 10 must be kept in separate clusters reduces the 

INTRA value to 80.6% and adding the most central loop in the DSM reduces it to 

75.5%. In the next example, size limits of fourteen, thirteen, eleven, nine, eight, four, 

and two project actors were chosen, as shown below. 
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Table 9: Solution for the following size limits: 14, 13, 11, 9, 9, 8, 4, 2, and 2 project actors 

Cluster # Size INTRA 

1 14 196 

2 13 184 

3 11 91 

4 9 21 

5 9 17 

6 8 12 

7 4 13 

8 2 12 

9 2 1 

Total 72 547 

 

 The size limits were chosen in this manner because these most closely resemble 

the solution provided by the algorithm by Blondel et al. The example in Table 9 yields 

an INTRA value of 74.5% while Blondel et al.’s solution has an INTRA value of 

76.6%. Blondel et al.’s algorithm outperforms the proposed clustering algorithm due to 

the search formula it applies in the “Modularity Optimization” step of the algorithm. 

The proposed clustering algorithm employs the agglomerative clustering technique 

which provides it with much greater flexibility over Blondel et al.’s algorithm. Imposing 

the restriction that project members 36 and 51 must be placed in the same community 

reduces the INTRA value to 72.8%. Meanwhile, the constraint that forces members 6 

and 10 to be apart is non-binding in this case. Adding the most central loop to a cluster 

reduces the value to 69.6%. All of the examples in the case study are shown in the graph 

below. It is important to note that the four constraints do not have any effect on the 

INTRA value of Blondel et al.’s algorithm; it is shown for comparison purposes only. 
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Figure 16: Comparison of solutions due to 4 different size constraints and the algorithm by 

Blondel et al. 
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CHAPTER V 

CONCLUSION 

 

The aim of this research thesis is to cluster project actors to mitigate the risks 

induced by complexity related phenomena. The main contributions of this work is that 

the decision maker or user of the algorithm can impose certain constraints which are 

applicable to cases in project management and that loops are incorporated into the 

clustering process. 

The DSM was used as a modelling tool to represent the relationship between 

project actors. The interactions between project members are represented by the number 

of deliverables exchanged between them. The result is the Actor-Actor DSM. The 

proposed clustering algorithm, based on the gain in modularity as presented by Blondel 

et al. (Blondel et al., 2008), was developed to group the project members in the Actor-

Actor DSM into communities. The main objective of the process is to maximize 

interactions within clusters while minimizing those between clusters. 

The clustering algorithm, implemented in MATLAB. It takes as input the Actor-

Actor DSM, the minimum number of desired groups, and their maximum size. Optional 

constraints that can be added are specifying certain groups of project members that must 

be placed in single clusters as well as groups of actors that must be kept apart. The 

number of critical loops to be placed in clusters can also be specified. The outputs of the 
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algorithm are the formed clusters, as well as the percentage of interactions that occur 

within clusters. The latter is an evaluation of the performance of the algorithm. 

A case study consisting of 86 project actors and more than 700 deliverables 

exchanged was analyzed using the proposed clustering algorithm. Four different sets of 

size constraints were compared, and then three additional restrictions were added for 

each set for further comparison. The solution by Blondel et al.’s algorithm was also 

evaluated and compared with those provided by the proposed clustering algorithm. 

In future work, more constraints and restrictions can be added to the algorithm. 

For example, a limit on the INTRA value for each cluster can be imposed. In this work, 

it is also assumed that all deliverables have an equal weight while forming the DSM. 

Weights can be included in order to give more influence and importance to some 

deliverables. However, weighting variables can be a complicated process as it 

sometimes only reveals the prejudice and bias of the user while diminishing the chance 

of unexpected yet important clusters from emerging. Another limitation of the algorithm 

is that it is outperformed by Blondel’s algorithm when the cluster sizes produced are the 

same (or very similar) in both instances. This suggests that the formula calculating the 

gain in modularity may be enhanced. Furthermore, a drawback of the algorithm is that 

the user of the algorithm imposes a size limit on clusters rather than stipulating the exact 

size required. While this could be an area for improvement, the reason for this 

occurrence is to prevent forced or unrelated clusters to be formed. Therefore, several 

clusters will have sizes below the limit if the algorithm terminates when the largest gain 
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in modularity for all possible pairs of clusters is zero. The algorithm may also be 

extended to applications in other fields, such as market segmentation. The algorithm 

could be adapted to suit different DSM patterns or architectures as well.  

In conclusion, the objective of the proposed clustering algorithm is to improve 

organization design by forming high performance groups. Creating coordinated and 

effective communication channels between project actors can alleviate the effects of 

project ambiguity and uncertainty, as well as impact propagation throughout the entire 

project network. The algorithm produced good, effective solutions and showed 

flexibility as it can deal with several imposed constraints. 
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