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Abstract

The organizational perspective of Process Mining is a valuable technique that allows
knowing the social network of an organization. To do so, it provides means to make an
evaluation of networks by mapping and analyzing relationships among people, teams, de-
partments or even entire organizations. There are many tools available in the market for
social network analysis. However, for a long time the main focus was on developing ad-
vanced techniques for deriving a flat model and analyzing relationships at the individual
level. Whereas the study at a higher level, which allows us to study the communities that
exist inside an organization and how they are connected; has been neglected. Only recently,
has a considerable effort been made in algorithms for finding communities in networks. In
this work we present an approach that aims at finding communities inside a social network.
Our approach is based in two main ideas: a Hierarchical Agglomerative Clustering Algo-
rithm and Modularity concept. The last concept indicates which iteration of the clustering
algorithm is the best. The approach was implemented in the ProM framework and we
demonstrate its applicability analyzing the log files of an Emergency Department from a
medium size Portuguese Hospital.

1 Introduction

The spread and proliferation of Process-Aware Information Systems (PAI’s) [1] (such as ERP,
WFM, CRM and SCM systems) has led the way to a more efficient type of method to study the
execution of processes, called Process Mining. These systems typically record, in event logs, all
the events performed during a business process execution. Process Mining arises as a powerful
technique for analyzing these logs that can yield important knowledge to improve the execution
of processes and the quality of organization’s services.

Process mining research can be focused in many fields/perspectives, but three of them deserve
special emphasis: (1) the process perspective, focuses on the ordering of business process
activities and the main goal is to find a good characterization of all possible paths; (2) the
organizational perspective, focuses on performers involved in the process model and how
are they related; and (3) the case perspective, focuses on properties of cases [2].

In each of the above perspectives, there are three orthogonal aspects: (1) discovery, i.e.,
generates a new model based on event logs information; (2) conformance checking, i.e., exposes
the differences between some a-priori model and a real process model constructed based on an
event log; and (3) extension, i.e., an a-priori model is enriched and extended with new aspects
and perspective of an event log [1]. Therefore, all researches in Process mining can be classified
according to two dimensions: the type of the mining and the perspective.

This work focuses in the discovery aspect of the Organizational perspective.
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2 Mining the Organizational Perspective

As it was already discussed in Section 1, for all process mining techniques, an event log is needed
as input. Basically an event log is the foundation and the source that supplies all the information
necessary for deriving sociograms and to proceed with process mining analysis. In this chapter
we focus on the main topic of this dissertation: the organizational perspective, more precisely
in the mining of this perspective. Mining is the method for distilling process description from a
set of real executions (stored in event logs). We will focus only on information extracted from
log events that are helpful and valuable for the organizational perspective. We will start by
explaining from where process mining extracts the information to derive social networks and,
at last, we will explain which information is used to derive these social network structures.

2.1 Deriving social networks from event logs

An event log is a set of events. Each event in the log is linked to a particular trace and
is globally unique (i.e., can not appear twice in the same event log). Each event refers to an
activity which is related to a particular trace and is recognized by an unique identifier and can
have several properties associated, like: timestamp; the activity name; resource or performer,
which is the person that performed the activity; and event type of the activity, normally the
type of an activity is classified as: start or complete.

Thus an event may be denoted by (c, a, p) where c is the case, a is the activity, and p is the
person.

Table 1 depicts the information that can be found in an event log. In this example the
event log is composed by two traces (process instances) and each trace consists of a number of
events. For example, the first trace is composed by four events (1a, 1b, 1c and 1d) with different
properties.

Trace Event
Properties

Activity Resource Timestamp Type

1

1a A Mary 20-11-2007 08:00 start
1b A Mary 20-11-2007 08:13 complete
1c B John 20-11-2007 08:16 start
1d B John 20-11-2007 08:40 complete

2 2a A Angela 20-11-2007 09:30 start

Table 1: Table representing the content of a fragment from an event log

Now that we have explained carefully which information is stored in event logs, we are now
able to explain the metrics that have been developed to derive meaningful sociograms using
this information. Inside organizational perspective scope, some metrics have been studied. We
identify four types of metrics that can be used to establish relationships among individuals. The
first two metrics described below are the most important for this work.

• Metrics based on (possible) causality monitor for individual cases how work moves
among performers. Examples of such metrics are: handover of work (determines who
passes work to whom, identifying unidirectional relations between originators) and subcon-
tracting (determines who subcontracts whom, identifying bidirectional relations between
originators).

• Metrics based on joint cases count how frequently two individuals are performing
activities for the same case. The metric Working Together is an example, if individuals
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work together on cases, they will have a stronger relation than individuals rarely working
together.

• Metrics based on joint activities focus on the activities performed by individuals.

• Metrics based on special event consider the type of event.

These metrics are possible because events are ordered in time, allowing the inference of casual
relationship among activities and the corresponding performers.

2.2 The ProM framework

ProM 1 [2] is a powerful tool aimed at process mining in all perspectives (process, organizational
and case perspective). We are talking about a framework that is issued under an open source
license. Currently, more than 280 plug-ins have been included.

The event log that usually is used as input to the plug-ins is in Mining XML (MXML)
format, which is a specific format based on XML and specially designed for this framework
[3]. ProM Developers decided to create this standardize event log format (MXML) because
each Process-Aware Information Systems has its own log file format. The lack of a standardized
format makes the use of process mining tools and the interoperability between them too difficult,
forcing the user to perform constant format conversions.NEWMAN, M.E.J. (2006). Modularity
and community structure in networks. Proceedings of the National Academy of Sciences, 103,
8577-8582. MXML format follows a specified schema definition, which means the log does not
consist of random and disorganized information; rather it contains all the elements needed by
the plug-ins at a known location [2].

All mining techniques for social network analysis described in Section 2.1 are available in
ProM.

3 Social Network Analysis (SNA)

In the previous chapter we have explained where the information, used to draw social networks,
comes from. After generating a social network as a graph (sociogram), it is necessary to define
measures to perform SNA, so that it is possible to make a comparison among actors or networks.

3.1 SNA Measures

Measures in SNA can be separated in the ones that evaluate the entire network and the ones
that only evaluate a specific node. Further we will list and explain some of the existing measures
[4].

3.1.1 Measures for an individual level

When analyzing a specific individual (i.e., a node in the graph) it is necessary to determine
his role and influence in the network, i.e., to know if the individual is a leader or is isolated
from the rest of the network, to know if it is a crucial link enabling the connection between
two other individuals. The most commonly metrics used at this level are: Degree (determines
the popularity of each individual and it is also used to find possible bottlenecks), Betweenness
Centrality(identifies bridges, i.e., who establish the connection between two groups), Closeness
Centrality, Eigenvector Centrality and Clustering Coefficient.

1For more information and to download ProM visit www.processmining.org
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Figure 1: Network with community structure. In this case there are three communities (repre-
sented by the dashed circles) composed by densely connected vertices. Links of lower density
(depicted with thinner lines) are the ones that establish a connection between the different
communities

3.1.2 Measures for the network level

The metrics above are restricted to a single individual. But when doing network analysis it is
also necessary to make some conclusions about the entire network, i.e., to determine the capacity
of the network to be separated in smaller sub-networks (clusters), to determine if the network is
sparse or dense. In order to know this kind of information some of the metrics that are usually
used to accomplish these notions are: Density, Clustering coefficient (determines the capacity
of a network to be partitioned in a finite number of sub-networks) and Centralization.

3.2 Finding community structures in networks

When dealing with social networks, a characteristic that seems to be common is that nodes
usually appear to group in distinct community structures. A community is defined as a set of
nodes densely connected with one another; nodes that belong to the same group have a high
level of similarity. Different communities are linked by sparse connections. Figure 1 depicts
a network with community structures. Identifying communities can be very helpful and can
simplify SNA because it is much easier to analyze a network as an agglomerate of sub-networks,
in which nodes have some kind of similarity, than to analyze a messy network with several nodes
and links.

Recently, a huge effort has been made to develop algorithms to identify community struc-
tures.

The most traditional approaches are: Graph partitioning and Hierarchical algorithms. Graph
partition [5] is a top-down approach based on interactive bisection. This kind of algorithm finds
the best division of the network into two groups. If it is necessary to divide the social network
in more than two groups is needed, each one of the groups generated in the previous interaction
is divided into two new groups. The subdivision is repeated until we have the required number
of groups. This kind of division results into a very abrupt and artificial division.

Hierarchical algorithms can be agglomerative (bottom-up) or divisive (top-down). Agglom-
erative algorithms begin with a cluster for each element of the network and ends with a cluster
containing all the members in the network. In Agglomerative algorithms, each iteration merges
two of the existing clusters, so that we have one cluster less. Divisive algorithms work on the
opposite way. They start with a single cluster containing all the elements of the network and
end with a cluster for each element. In this kind of algorithm each iteration divides the existing
cluster in two, so that at the end we will have one cluster for each element in the network.
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Recently many approaches have been developed, such as: the algorithm of Girvan and New-
man [5, 6], the algorithm of Tyler [7] (used in studies of email networks), the algorithm of
Radicchi [6], the algorithm of Wu and Huberman [6]

All the algorithms mentioned above, both Traditional and Recent Approaches have draw-
backs. A disadvantage that is common to all approaches and is receiving a considerable amount
of attention is that algorithms do not provide us any hint about how many communities a
network should be split into. To address this problem a new concept has recently emerged -
Modularity [6, 7]. The authors of the algorithm of Girvan and Newman [7] developed this
concept when they realized that the algorithm developed by them also had the same problem.
Modularity is a quality measure for graph clustering. It measures if a specific division of a
network into a group of communities is good or not, in the sense that the connections inside a
community are dense and the connections between communities are sparse.

4 Proposed Approach

4.1 Motivation

Even if several tools to make process mining analysis are available in the market, the truth is
that few of them support all the three Process Mining Perspectives. We have analyzed and
compared some open-source tools for organizational analyzes available in the market (NetDraw,
Pajek, NetMiner, UCINET, MultiNet and ProM) and we have came to the conclusion that
ProM is one of the most complete tools.

After some experiments with organizatinal mining tools in ProM, we faced with some chal-
lenges when analysing large networks. ProM generates ”spaghetti models” which are highly
complex models difficult and too confusing to understand. These challenges are due to two
main reasons: 1) poorly representation of data by ProM. This framework uses a very rudimen-
tary tool to represent graphically the big amount of data, becoming very challenging for the
user to analyze and explore sociograms. 2) Although ProM enables over than 280 plug-ins for
process mining, only one is capable to make organizational analysis at the hierarchical level,
i.e., ProM algorithms are only able to map the relationships between two individuals, it cannot
map the relationship among communities or teams or groups (analysis at a hierarchical level).

4.2 Proposal

Due to ProM pitfalls discussed above, the main goal of this dissertation is develop a new tech-
nique to identify communities in networks. Furthermore, we want to provide this divide-and-
conquer approach with advanced visualization techniques that can show a progressive formation
of the communities. To do so, we implemented an Hierarchical Agglomerative Clustering which
not only help us identifying communities inside the network, but it also helps us in some way to
simplify the representation and visualization of the big amount of data required in this kind of
analysis. In our proposal we have also adopted a new concept - Modularity - which is a quality
measure for graph clustering. It measures if a specific division of a network into a group of
communities is good or not, in the sense that the connections inside a community are dense and
the connections between communities are sparse.

Our last goal is to implement this technique as a plug-in, called Organizational Miner Cluster,
in the upcoming ProM v6.
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5 Implementation in ProM

The algorithm we propose for identifying communities is a merger of two already known concepts:
Hierarchical Agglomerative Clustering and Modularity. Our plug-in has been implemented in
two different scopes: (1) Working Together technique which is a metric based on joint cases,
and (2) Similar Tasks technique which is a metric based on joint activities.

We have implemented all the mining process, i.e., we extracted from event logs all the
information necessary for each of the two techniques, and then we applied the following algorithm
to draw the social network and find community structures. The algorithm is stated as follows:

1. Each node is assigned to a cluster (if there are N nodes, will exist N clusters, each
containing just one item). In this step the distances (similarities) between the clusters
correspond to the power of the relationship of the nodes they contain;

2. Then we will search for the most powerful relationship between two clusters and merge
them into a single cluster, so that now there is one cluster less; If here are several candi-
dates, i.e., more than a couple of clusters with the most powerful relationship, we decide
which candidates to agglomerate according with two options:(1) we choose the last couple
of clusters found, or (2) we choose the couple of clusters that maximizes the modularity.
Compute distances (similarities) between the new cluster and each of the old clusters. For
this step we may use one of these methods:

(a) Single Linkage, also known as the nearest neighbor technique defines similarity be-
tween two clusters as the distance between the closest pair of elements of those
clusters.

(b) Complete Linkage, is similar to the previous one, but instead of considering the
minimum value, it considers the maximum value.

(c) Average Linkage, defines the distance between two clusters as the average distance
from any member of one cluster to any member of the other cluster.

3. We determine the value of modularity for this number of clusters;

4. Repeat steps 2, 3 and 4 until all items are clustered into a single cluster of size N.

Adopting this approach it will help us to achieve our main goals. The first goal (identify
community structures) will be achieved because Hierarchical Agglomerative Clustering (HAC)
is widely used to identify teams/groups/communities in the network. And the second goal
(advanced techniques of social network visualization) will also be achieved because in some way
HAC reduces the size of the network. HAC allow us to analyze the network at the individual
level (first iteration), i.e., the relationships between originators; and also allow us to analyze
the network at the organizational level, i.e., identifies communities and shows the relationships
between those communities.

6 Case Study

To validate the approach discussed in this work, we have conducted a case study based on the
experience at a medium size Portuguese public hospital. The focus of our study was to analyze
how people, from the Emergency Department of Hospital of São Sebastião, worked together.
We pretended to analyze if emergency workers easily form communities structures; how the
communities work among them; if the communities are stable or dynamic; the dimension on the
communities, etc.
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6.1 Context

Hospital of São Sebastião (HSS), located in the north of Aveiro district, came into operation
in 1999. Since the beginning HSS has decided to take advantage of the new technologies and
having Portuguese Universities and Microsoft as partners, decided to develop an Information
System, fully adapted to its needs. Medtrix EPR is an Electronic Patient Record system, which
provides doctors and hospital staff with a clear accurate single view of each patient, ensuring
the very latest diagnosis and information is always available. Medtrix stores all business process
activities into an event log, and has the option to available event logs in MXML format. This
way we were able to get three MXML log files containing business process from HSS’ emergency
department: (1) a log with 12 days; (2) a log with 14 days and (3) a log with 6 months.

6.2 Mining Results

Using the Organizational Miner Cluster Plug-in and its capabilities of visualization, it was possi-
ble to identify communities, relationship among communities and relationship among originators
inside the same community.

Figure 2 depicts the social network derived from a log event that for 12 days has registered
all the activities carried out in the emergency department. During this period the log has stored
all steps of 231 originators. The social network in Figure 2 is the result of the first iteration of
our algorithm, where any really attempt of clustering has been made, because in this step each
originator is attributed to a single cluster. Thus if our network has 231 originators in the first
iteration of our algorithm we will have a social network composed by 231 clusters (Organization
Units).

Figure 2: Social Network of the 12 days event log from HSS emergency department. This
screenshot corresponds to the 1th iteration of Working Together HAC Algorithm.
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Figure 3: Social Network of the 12 days event log from HSS emergency department. This
screen-shot corresponds to the 180th iteration of Working Together HAC Algorithm. Here the
relationships among Organization Units of the social network are represented.

Our algorithm computes the value of Modularity for all iterations, i.e., each iteration gives
a specific set of organization units, and modularity is used to determine if this set is the best
scenario possible. In event log of 12 days, our algorithm has determined that the best iteration
was the 180th, which respective social network is depicted in Figure 3. When comparing Figure
2 and Figure 3, the second one is much more friendly and simple to analyze. From Figure 3 we
can analyze the relationship among the communities. If we want to analyze a specific community,
i.e, analyze the relationship among all originators that compose that specific community, the user
only needs to select the community and our algorithm shows the relationships in two different
ways: as a Graph (sociogram) and as a matrix.

6.2.1 Similar Tasks Technique

With Similar Task Analysis we pretended to identify communities in which individuals per-
formed similar tasks. With our algorithm we were able to identify three different and distinct
communities (doctors, nurses, and imaging and scan specialists community) in emergency de-
partment, which are depicted in Figure 4.

We can observe that do not exist any kind of relationship among the tree communities,
which means that do not exist any activity simultaneous performed by originators from different
communities. Thus we can conclude that there are three distinct roles in emergency department.

This information was known from the beginning, i.e., it is known from previous studies done
in the same hospital, that in the emergency department exist three distinct roles. However we
applied Similar Tasks Technique to determine if Modularity concept was fully working. We were
able to conclude that it is working, because the iteration with the highest (depicted in Figure
4 value of modularity corresponded to the communities expected.
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Figure 4: Communities found using Similar Tasks Technique.

6.2.2 Working Together Technique

With Working Together Technique we were able to determine who works with whom. Our
plug-in helped us extracting different kind of information from the social network, for example:

• If we focus only on Nurses we observe that they rarely work with each other. The few
times that we see two nurses working together is due to crew change, were they need to
update the nurse that will replace them.

• The previous conclusion is also valid for Imaging/Scan specialists. If we focus only on
Neither Imaging/Scan specialists we observe that rarely they rarely work with each other.

• Inside each group exists always at least a doctor and a nurse.

• Doctors have more tendency to work in group.

• Each doctor has its own specialty. In the event log operate doctors from: Emergency, Pedi-
atrics, Emergency relay, Obstetrics/Gynecology, Orthopedics, General surgery, Neurology,
Internal Medicine, Ophthalmology, ENT (ear, nose and throat specialty), Pediatrics relay,
Anesthesiology, Gastroenterology, SAP (Customer Service Standing, is a hospital Por-
tuguese service parallel to the Emergency service) and Obstetrics relay.
We have determined that doctors from emergency department are always in the center of
the network playing a very important role in the network. After nurses do the triage, most
of the patients are routed for emergency doctors. Other specialties only participate in the
business process in two specific cases:

1. Nurses determine from the beginning that the patient will need a specific treatment.
For example, when a pregnant woman arrives at the emergency department with
contractions, she is immediately routed for an Obstetrics/Gynecology doctor;
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2. when emergency doctors realize that they have already done everything that they
could do. In this case patients are routed to a doctor from another specialty, which
has the knowledge and resources necessary to treat that specific patient.

The conclusions we have mentioned above, are some of the many conclusions that we were
able to achieve with our plug-in.

7 Conclusions

We have chosen an hospital as a scenario to conduct our case study because of its characteristics
that are, in so many ways, helpful to test Cluster Social Network plug-in. The complexity and
large dimensions of event logs from the hospital helped us testing the behaviour and performance
of our plug-in. Initially we were using only graphical representation of networks, however when
analyzing sociograms with more that 400 nodes, we noticed that the analysis turned more
difficult no matter how powerful the tool is. To overcome this issue we decided to support
graphical visualization with a matrix displaying all the relationships among nodes/communities.

With our approach, more precisely with Similar Tasks analysis we were able to prove that
Modularity concept fully works and that our algorithm discovers communities correctly.

Our case study was really important to prove that a social network analysis is not only used
for deriving conclusions about the social network. Our study has not only derive conclusions
about who works with whom (through working together technique) and who performs similar
tasks (through similar tasks technique) but as also help us to derive the business process of the
emergency department. This proves that the three different perspectives of process mining are
inextricably intertwined.
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