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Abstract. We introduce knowledge management and identify common
problems and challenges. We then introduce social mining, a technique
from the field of process mining. We show that the techniques used in
social mining could have added value for the knowledge management
challenges. We also identify areas for improvement in social mining. The
first of these concerns the joint activity metric. We argue that for this
metric only correlation measures should be used and the distance mea-
sures should be re-evaluated. Next we propose the more detailed use of
time information to add value to the existing metrics. Lastly we suggest
a way of validating the connection in a social network. As a conclusion
we find that social mining can be enhanced in these areas and then used
as a tool to tackle knowledge management problems.

1 Introduction

Knowledge management is the process of capturing, distributing, and effec-
tively using knowledge(Davenport,1994)[3]. A more formal definition is given
by Duhon[5]:

”Knowledge management is a discipline that promotes an integrated
approach to identifying, capturing, evaluating, retrieving, and sharing all
of an enterprise’s information assets. These assets may include databases,
documents, policies, procedures, and previously un-captured expertise
and experience in individual workers.”

We focus on the second part of this definition, meaning we consider the
expertise and experience in individual workers. The purpose of this paper is to
introduce some of the classical challenges in knowledge management and identify
how process mining might be used to provide solutions.

Process mining is the bridge between data mining and process modelling.
Starting from an event log we use data mining on this log to get process in-
formation. The main focus of process mining is process discovery, leading to an
increasing amount of discovery algorithms. We can however also use it to find
social networks, this is called social mining. Social mining is what we will use
to establish the link with knowledge management. For this paper we use the
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term social mining. If there is a chance for confusion with the practice of mining
information off of social media, we suggest the term social process mining.

However, limitations of the current techniques are preventing a direct appli-
cation of the social mining algorithms in the context of knowledge management.
We discuss the potential areas of improvement to leverage the use of social min-
ing for knowledge management challenges.

2 Knowledge management challenges

In knowledge management there are a few classic challenges[9,4]. We identify
the ones that are interesting and later show techniques from social mining that
might be applied to them.

A common activity in knowledge management is the generation of a knowl-
edge map that shows where knowledge is located in the company. This might
contain information about knowledge repositories but also about who knows
what. This can be constructed using surveys but it’s hard to keep such a map
up to date. People might change what they work on or their contact information
might change.

Another topic is team selection and the selection of the leader for such a
team. For the latter activity, we require an up to date list of the skills of our
employees. It might also be interesting to know who has worked together before
or which employees already communicate often. To select a leader we need to
find a person that is central in both the trust and the advice network. If both
these networks are up to date it will be easier to find a leader.

Part of knowledge management is the creation of new ideas. An often used
technique for this is fusion. This is a concept where people with a different
background (but with some common ground) are put together in a room in a
bid to generate new ideas. It’s based on the idea that innovation occurs at the
boundaries between mind-sets, not within. Again it appears to be important to
know what skills people have and what they have recently been working on.

A big problem in knowledge management is brain drain. This is a phe-
nomenon that appears when valuable knowledge leaves the company. The main
solution for this problem as identified by knowledge management literature is
making sure there is enough transfer of knowledge. This both includes appoint-
ing an experienced mentor to a novice entering the company and transcribing
or codifying the knowledge of people leaving the company. Sharing experience
is another aspect of this. If everyone shares their experiences this means that
knowledge will propagate throughout the company.

3 The details of social mining

In general process mining focusses on the discovery of a process model for a
given event log. Another branch of process mining uses the event log to create
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social networks. This is called social mining. Since this concerns the creation of
social networks and the analysis of people and the activities they perform, we
argue it can be applied to knowledge management.

In process mining an event log is a log listing the events that have occurred.
Here, each event is an atomic registration of an action in a process and contains
at least a timestamp and a link to a case.

For the purpose of extracting a social network, a resource field for each ac-
tivity is also mandatory. This resource field indicates the person (or machine)
that undertook the activity. Using the resource field we can construct a social
network based on the information in the log. In this paper we assume the re-
source field always indicates a unique employee. The terms resource, person and
employee are used interchangeably.

A social network is a graph in which each vertex represents a person. The
edges between these vertices then show the connections between these people.
An example of such a social graph can be seen in Figure 1. There are multiple
ways to create these social graphs based on bibliographical information, surveys
or even mailing data. [7,8]

Fig. 1: An example social network

Case Activity Resource

1 Register Bob
1 Negotiate Sally
1 Sign Dan
1 Sendoff Mary

2 Register Bob
2 Negotiate Sally
2 Sign Dan
2 Negotiate Sally
2 Sendoff Mary

Table 1: The log

The social network in Figure 1 is created by applying the handover of work
technique to the log found in Table 1. This technique is a part of the possible
causality metric of social mining.

Social mining was introduced by Song and Van Der Aalst[1,10,11]. They use
the resource field and other information from the log to determine if there should
be a connection between a pair of resources or not. There are different ways to
calculate these connection, they are grouped in the following four metrics.

1. Possible causality (containing handover of work)
2. Joint cases
3. Joint activities
4. Special event type

The first metric assumes that when people handover cases to one another,
they have a connection. This means that following events lead to a connection
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between these resources in the social graph. Part of this metric is the handover
of work metric which counts immediate handovers between people. Another ex-
ample is subcontracting, which counts cases that get handed from person A to
person B and then get handed back to person A. In a knowledge management
context, this metric can be used to identify the flow of information between
resources.

The second metric establishes a connection between two resources if they
work on the same case.It is harder to establish relevance for this metric in the
described knowledge management problems. However if we assume that a case
corresponds to a project, this metric can be used to find out who worked on
projects together. That information could then be used when we are selecting a
team or a team leader.

The third metric yields a connection if two resources perform the same ac-
tivities. Typically if a company is divided in functional departments this is the
case.

This metric is promising for a lot of the knowledge management problems.
This metric can be used to create profiles that relate people with the activities
they perform, identifying the skills of a person. Knowing these skills can help,
not only in team selection, but also when we are generating a knowledge map.
It can also identify the risk of a brain drain if it is know that an activity is
only performed by one employee. These profiles can also be used when trying to
generate new ideas. Employees can be selected with both different skills and a
few common skills to simulate fusion.

The last metric relies on special event types. Imagine an event that represents
the activity of assigning a task to someone else. In this case it is known that the
resource gives a task to someone else, so there is a connection between the two.
Since it’s so specific this metric does not have a clear knowledge management
application.

The field of social mining dates back to 2004, having been originally intro-
duced by Van Der Aalst[1].However no recent work builds on it. The last paper
we could find that uses process mining as a tool of creating a social network
stems from 2008[10]. We think this proves a chance to pick up an area of process
mining that is now less used.

4 Social mining’s areas of improvement

In the previous section we have given the details of social mining linked to
the knowledge management challenges. There are opportunities for added value,
however the current state of social mining still shows some room for improve-
ment. There are a few areas which we first wish to improve before applying social
mining to knowledge management.

We identify three main areas for improvement. The first area is of a smaller
scale, concerning the distance measures used in the joint activity metric. As a
next improvement we suggest that added value can be created by taking times-
tamps into account. A last improvement opportunity is the validation of the
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connections in the social network. We suggest using email traffic as a way of
verifying the connection between two people. We will now look at these possible
improvements in more detail.

4.1 Joint activity metric

The joint activity metric assumes that there is a relation between people who
perform the same activities. To calculate this metric, a performer-activity matrix
is created. In this matrix every row corresponds to a resource and every column
to an activity. The cells of the matrix represent the number of times the resource
performs the activity.An example of such a matrix, related to the log of Table
1, can be found in Figure 2. To determine if there is a connection between two
resources, the distances between the rows in the matrix are calculated. To do
this calculation a few distance measures and a correlation measure are proposed
[11]. The result of these measures is then used to determine if there should be a
connection between the resources corresponding to these rows.

Register Negotiate Sign Sendoff

Bob 2 0 0 0
Sally 0 3 0 0
Dan 0 0 2 0
Mary 0 0 0 2

Fig. 2: An example of a matrix representing the resources and the activities they
carry out

The measures proposed (based on the implementation of the metrics in ProM
6 [12] a process mining toolkit) are euclidean distance, Pearson correlation coeffi-
cient, Hamming distance and a similarity coefficient. However the original paper
also mentions Minkowksi distance. The main improvement that can be made
here is to add clarity for the end user. Using the current implementation, mining
the same log with a different measure can lead to opposite results. An example
of this can be found in Figure 3. Here we show the social networks mined from
the same log, once using euclidean distance and once using the Pearson correla-
tion coefficient. Using the euclidean distance connects every one in the network
except for Dan and Sally whereas using the Pearson correlation coefficient only
connects Dan and Sally.

The problem with using a mix of correlation and distance measures is that
while a correlation measure yields a result in [−1, 1] a distance measure yields a
result in the range [0,∞[. A threshold needs to be determined such that values
above( or below) this threshold signify a connection. When using the Pearson
correlation coefficient, a threshold value of 0.0 is suggested, but no threshold
values are given for the distance measures [10].

Establishing a threshold value for the distance measures proves to be more
difficult. Consider for example the Hamming and the euclidean distance. The
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(a) the social network using euclidean dis-
tance

(b) The social network using the Pearson
correlation coefficient

Fig. 3: Side by side comparison of both social networks

Hamming distance has a maximum that corresponds with the number of activ-
ities in the matrix. The euclidean distance however has a maximum depending
on the amount of times activities are preformed. When applying these measure
to the example from Figure 2, we can use these metrics to find the distance
between Bob and Sally. The Hamming distance between them is 2 and the
euclidean distance between them is

√
13 ≈ 3.6. Assume now that instead of

3, Sally performs the negotiate activity 10000 times. Using the Hamming dis-
tance as currently implemented in ProM, every non-zero value of the matrix is
rescaled to one. This means the Hamming distance between both of them stays
unchanged. However with the new values the euclidean distance between them
becomes

√
(100000004) = 26

√
(147929) ≈ 10000. This makes it very clear that

both distance measures operate on a different scale.

Our suggestion is to drop the use of distance measures and instead focus
on correlation measures. We should look at the different correlation measures to
determine which ones are most appropriate.It is not guaranteed that the Pearson
correlation coefficient is the most appropriate one. Using these measures there is
already a possible threshold value at 0.0 and there is no danger of them operating
on a different scale since they stay between −1 and 1. It will also make it easier
for the end user to identify what measure to use since they will have to choose
between the same sort of measures.

4.2 Timestamps

The original approach only uses timestamp information to order the activities.
We believe the addition of more timestamp related information can add value to
the results obtained. The addition of timestamps can be considered an improve-
ment of a different scale since it affects more than one metric. There are a few
reasons why the addition of this information to the metrics might add value.

We can assume that people who are performing the same activity at the same
time have a better chance of knowing each other than people performing the
same activity at another time of day. Similarly we can assume that when there
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is an instant follow up, that this indicates a stronger connection. This means
the handover of an activity from person A to person B with only 5 minutes
in between corresponds to a stronger connection than the same handover with
hours or even days in between.

Time related information is also interesting when it comes to joint activities
or cases. It could be used to find out when a resource last performed an activity
or when they were last in a case with another resource. This is important when
trying to determine the skills of a person. A person might have done activity
A a thousand times, but never in the last five years. Whereas another person
might have done the same activity only five hundred times, but more recently.
The latter person will probably be able to answer our questions about activity
A more rapidly than the former.

We thus propose to examine all existing metrics and develop expanded met-
rics making use of the time related information. This information can then be
used to add weight to the connections in the social network or to determine what
happened more recently and thus is more important.

4.3 Validation of connections

The third area where we see room for improvement relates to the validation of
connections in our social network. The different networks (created using the dif-
ferent metrics) are successful at showing the flow of information and the grouping
of resources according to activities. It would be interesting to be able to con-
clude that there is a certain flow of communication based on the information
in these networks. Right now this is not always the case. Consider for example
two people who perform sequential activities, meaning a connection would be
established when using the possible causality metric, but that are grouped in
different departments and don’t know one another.

Our proposal here is to enrich the social networks with information from the
email system. Mining the emails sent in a company we can see actual communi-
cation between people [2][6]. This allows us to validate connections in our social
network by checking if there is email activity between the connected people.

5 Conclusion

We started off by introducing knowledge management and some challenges from
the domain. The main challenges are the brain drain, the creation of knowledge
maps and team selection. We then proposed social mining as a possible way to
add value. We did this by liking the social mining metrics with the knowledge
management challenges.

We suggest some areas of improvement for social mining to be addressed
before applying social mining to knowledge management. There are three areas
of improvement. The first addresses the distance and correlation measures used in
the joint activity metric. Here we suggest to drop the distance measures and focus
on correlation metrics. A second suggestion concerns timestamp information.
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This information is only used to order the events. We see chances to add value by
using more details of this information. A last improvement lies in the validation
of connections in the social network. Here we propose the use of existing email
mining algorithms to validate the relation between connections in the social
network and communication.

Brining these results together we have identified possible value improvement
for knowledge management by using social mining techniques. We have also
identified some steps to be taken first to improve the existing social mining
techniques.
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