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Abstract. Collaborative work leads to better organizational performance.
However, a team leader’s view on collaboration does not always match
reality. Due to the increased adoption of (online) collaboration systems
in the wake of the COVID pandemic, more digital traces on collabo-
ration are available for a wide variety of use cases. These traces allow
for the discovery of accurate and objective insights into a team’s inner
workings. Existing social network discovery algorithms however, are of-
ten not tailored to discover collaborations. These techniques often have a
different view on collaboration by mostly focusing on handover of work,
resource profile similarity, or establishing relationships between resources
when they work on the same case or activities without any restrictions.
Furthermore, only the frequency of appearance of patterns is typically
used as a measure of interestingness, which limits the kind of insights
one can discover. Therefore we propose an algorithm to discover collab-
orations from event data using a more realistic approach than basing
collaboration on the sequence of resources that carry out activities for
the same case. Furthermore, a new research path is explored by adopt-
ing the Recency-Frequency-Monetary (RFM) concept, which is used in
the marketing research field to assess customer value, in this context to
value both the resource and the collaboration on these three dimensions.
Our approach and the benefits of adopting RFM to gain insights are
empirically demonstrated on a use case of collaboratively developing a
curriculum.

Keywords: Collaboration network · mining resource behavior · RFM ·
social network analysis.

1 Introduction

Collaborative work leads to better organizational performance in terms of ef-
ficiency and quality when the teams are well implemented, managed and sup-
ported [25, 11]. This requires that team leaders have accurate insights into the
collaboration characteristics, in order to improve team effectiveness through
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team-oriented interventions [11]. However, a team leader’s view on how collabo-
ration is taking place does not always match reality [18, 23]. Research has shown
that people have difficulties in accurately perceiving the informal structure of
groups and that there is a negative relationship between the hierarchy level and
the accuracy of perception [18, 10, 7].

Due to the increasing digitization however, more digital traces on collabora-
tion have become available as teamwork is increasingly supported by communi-
cation and coordination tools [9]. The global COVID pandemic has further sped
up the adoption of these information systems that support online collaboration
out of necessity to keep businesses running. This shift provides a great oppor-
tunity as the data in these systems provide a more objective and complete view
on the work that actually took place in reality.

In this study we aim to extract the resources (the actors in the team) and
the collaboration relationships between these resources (based on the objects
they worked on) from this type of data. This work is related to existing work in
the field of Organisational Network Analysis (ONA) [9, 28], the organisational
perspective in Process Mining [1], and Developer Social Networks (DSN) [12],
but these are all subject to some limitations when applied to this collaboration
context. The main shortcomings are that the data from collaboration systems
is not suitable to use with these existing techniques, and that the existing tech-
niques have a view on collaboration that differs from the view adopted in this
paper. This will be further elaborated on in Section 2. Furthermore, for all these
research areas there is often no clarity or agreement on what constitutes a valu-
able resource or a valuable relationship. Therefore we will expand on related
work by also assessing the value of a resource and a relationship in the collab-
orative context, based on the Recency-Frequency-Monetary (RFM) model [6]
presented in marketing literature. This model is a widely used tool designed to
measure customer value, which, given an event of interest, measures how recent
the event occurred (R), how frequently it occurred (F) and the monetary aspect
of the event (M) [22]. Since the concept of an event can be interpreted broadly,
the RFM model can be adapted to many different contexts [22]. This is usually
done by modifying one or more RFM segmentation variables, such as redefining,
adding or excluding variables [15]. This concept has already been successfully
applied in other data mining applications to find interesting patterns, not solely
based on their frequency of appearance (see Section 2).

Therefore the contribution of this paper is twofold: (1) we provide an algo-
rithm that, using realistic constraints, can uncover how collaboration takes place
in reality. The input data can come from any information system that captures
digital traces of collaboration, as long as the resources, the objects of collab-
oration, and the timestamps of when a resource worked on an object can be
extracted from it. The output is the set of resources and the set of collaboration
relationships between these resources, which could be represented as a network.
Furthermore (2) we substantiate the value of resources and their relationships
by adopting and redefining the RFM model to gain valuable insights.
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The remainder of this paper is structured as follows. In Section 2 the relevant
related work on ONA, Process Mining, DSN and RFM-enriched networks is dis-
cussed. Section 3 elaborates on the algorithm’s design and implementation, and
formalization of the RFM concepts in the context of collaboration. A demon-
stration on a use case is given in Section 4. Finally, this paper is concluded in
Section 5.

2 Related Work

2.1 Organizational Network Analysis

Organizational Network Analysis (ONA) is a type of Social Network Analysis
(SNA) that tries to uncover and provide insights into relationships between peo-
ple in an organisation [9, 28]. There exists a broad array of research within this
domain, as it covers all sorts of different networks. Research on collaborative
networks has covered actors in movies [17], co-authors on research papers [17],
software developers on a project [17, 12, 4], problem-solving collaborations [9]
and more. A downside of the ONA approach is that it requires the input data
to explicitly state the collaboration relationships (usually collected through sur-
veys [9]), which is not necessarily the case for the data in these collaboration sys-
tems. Often only information on who worked on what and when this happened,
is recorded in this data. Therefore firstly, a method is needed that can discover
collaboration relationships from this type of data. The two other domains on the
other hand, can handle this type of input data, but have shortcomings in other
areas. As for the value of resources and their relationships, ONA provides met-
rics such as degree, closeness and betweenness centrality, and modularity [28].
One could for example derive the core members and boundary spanners, but
these insights are limited to the network structure, not the actual importance of
a resource or a relationship for collaboration.

2.2 Process Mining

The goal of the field of Process Mining is to turn data on events in a process,
collected by process-aware information systems, into insights and actions [1].
The lion’s share of research in this field is focused on control-flow discovery [26,
16], which aims to discover a model that best represents the process in terms
of activities and their dependencies [1]. There has been some attention, albeit
limited, to the organizational perspective of Process Mining, where the focus
lies on the resources that carry out the activities in the process [1]. The view on
collaboration that is put forward in this literature is strongly intertwined with
the process context and therefore differs from the view on collaboration adopted
in this paper. In this paper, a collaboration relationship between resources is
assumed when they work on the same objects in close proximity in time. In
the Process Mining field a relationship between resources is not established on
object level, but either on the level of working on the same case (i.e. the specific
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process instance) or activities [2, 26, 3, 23, 24]. Therefore analyses mostly focus
on handover of work networks [2, 26, 3] or resource profile similarity [3]. As for
the value of relationships in these networks, if this value exists at all, it is based
on its frequency of appearance [2, 3]. The resources itself are almost never given
an importance value, with the exception of the work of Pika et al. [23] where
resource utilization and productivity is analysed.

2.3 Developer Social Networks

Lastly there is a large body of work dedicated to Developer Social Networks
(DSN), which focuses on constructing social networks that represent the collab-
orative effort of writing software code [12]. Often however, the most commonly
used definition of collaboration is very lax, stating that two developers are con-
nected when they worked on the same code file, without taking into account
any constraints [4, 5, 29]. In reality however, collaboration is often more nuanced
than this. Therefore some efforts have been made to refine this definition (some
of them we will also adopt in this work): by using a time window in which col-
laboration must take place [19]; taking a granularity measurement into account
so that collaboration on one object differs from that on a dozen objects [19]; in-
corporating an object importance value [13]; or adopting similarity measures to
establish relationships between two resources [13]. Another well known problem
is that developers can choose how often they log their work: if they log it in 1
big chunk or several small chunks. Therefore the number of times a developer
worked on a code file is in itself not an objective metric and cannot be used in
calculations or comparisons without some kind of modification. This will also
be taken into account in our work by grouping the work of a resource into work
sessions.

As for the value of resources and relationships: the resources in DSN litera-
ture only very seldomly get assigned a weight value, whereas the collaboration
relationships get assigned a weight value in some studies [13, 19, 4, 27], but the
methods vary and there is no universal agreement. The value of a relationship is
sometimes given as part of the survey data [27], or calculated using a similarity
or distance metric [13]. However we criticize that similarity between developers
does not necessarily entail collaboration.

2.4 Recency-Frequency-Monetary model

The RFM model [6] is a widely used tool designed to measure customer value,
and therefore mostly used for customer segmentation and to predict customer
churn, retention, loyalty and profitability [8]. The RFMmodel has been combined
with data mining techniques, such as sequential pattern mining [8], bayesian
networks [20] and deep neural networks [14] for prediction and pattern mining
tasks. To the best of our knowledge there are no studies that incorporate the
RFM dimensions in a social network discovery algorithm. There are however
several studies that enrich pre-mined network representations with RFM infor-
mation [30, 20–22, 14]. The work of Mitrović et al. [20–22] lies closest to the
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work presented in this paper. It focuses on enriching telecom call graphs with
RFM information in order to include both interaction and structural features as
explanatory variables for churn prediction. Their work covers two approaches:
an RFM-embedded and an RFM-augmented graph. In the first approach the
relationship between two customers is given a weight based on the distance be-
tween the RFM vectors of both customers. This differs from the approach in
this paper as we calculate the RFM values for the edge directly and do not com-
bine these into a summarized score, hence losing information. In their second
approach Mitrović et al. augment the network by adding the RFM information
as nodes to the network itself, hence changing its topology. Here no RFM value
is calculated for the relations between the customers. The approach in this paper
refrains from changing the topology of the network and provides RFM values
for the relationships as well.

To the best of our knowledge, no studies adopting the RFM model for a
network representation in the context of collaboration between resources have
been carried out yet.

3 Algorithm Design

This section elaborates on the input data requirements and the different steps
taken to discover collaboration relationships between resources and to value both
the relationships and the resources on the three RFM dimensions.

First of all, it is important to note that the assumption is made that a re-
source can log their work as frequently as desired, as based on and justified in
Section 2.3. This means that a resource can choose to register their work often
in small chunks or less often in big chunks, and therefore the amount of times
work is registered does not necessarily entail how often a resource has worked
or collaborated. To tackle this we introduce the concepts of a work session and
a collaboration session, which group work that is registered in close proximity
in time together. The high-level algorithm design is then as follows. First the
collaboration relationships between resources are mined from the data, making
use of the concept of a collaboration session. Next, the value of such a relation-
ship on the RFM dimensions is calculated. To also calculate these values for a
resource, the preparatory step in which the resource’s work is divided into work
sessions is carried out first. The RFM model is redefined for this collaboration
context as follows. The recency value is based on how recent a resource worked
or how recent a collaboration took place. The frequency value indicates how fre-
quent a resource worked or collaborated, and the monetary value indicates the
importance of a resource or collaboration based on the importance value of the
objects that were worked on. These different steps will all be elaborated on in
the next subsections.

3.1 Input requirements

The algorithm’s input data can come from any information system that captures
collaboration relationships, as long as it is possible to extract a set of events
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in which a resource worked on an object at a specific moment of time. The
accepted input data structure is therefore an event log, a concept adopted from
the Process Mining field [1]. A typical Process Mining event log is constructed as
a list of events, in which each event must specify a case ID (i.e. a specific instance
of a process) and an event ID. Furthermore information on how to (partially)
order events in time must be present. Additional attributes such as an activity
label, the exact timestamp and the resource that carries out the activity are
optional, but appear in most event logs in practise. The input requirement for
our algorithm differs in the way that the case ID is not required, but the exact
timestamp, the resource and the object of the activity are. This is formalized in
Definition 1.

Definition 1. An event is defined as a tuple (event ID, resource A, object O,
timestamp T) and represents a specific point in time T when resource A worked
on object O.

3.2 Mining the collaboration relationships

The existence of a collaboration relationship between two resources depends on
whether these resources engaged in a collaboration session, as stated in Defi-
nition 2 and 3. Note that all objects that both resource A and B worked on
are considered when determining if a collaboration relationship between these
two resources exists. To determine the set of collaboration sessions between re-
source A and B on an object O (Algorithm 1), two user-specified parameters are
required:

– A minimal time value tmin in minutes, indicating that if the time between
two consecutive events exceeds this threshold, these events certainly belong
to separate collaboration sessions

– The maximum length of a collaboration session tmax in minutes

The set of collaboration sessions between two resources is further also used in
Section 3.3 to calculate the RFM values for a collaboration relationship.

Definition 2. There exists a collaboration relationship between two resources
A and B if and only if there exists ≥ 1 collaboration session between these two
resources.

Definition 3. A collaboration session between resources A and B is a time win-
dow with size ≤ tmax that contains ≥ 1 event in which A worked on an object
O, and ≥ 1 event in which B worked on that same object O. The time between
2 consecutive events in this window is always ≤ tmin. The set of collaboration
sessions between resources A and B on an object O is calculated as stated in
Algorithm 1.
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Algorithm 1: Get collaboration sessions for resource pair (A,B) on
object O

Input : The set of events in which resource A worked on object O ∪ the set of events in
which resource B worked on object O, tmin, tmax

Output : Set of collaboration sessions for resource pair (A,B) on object O

1 timestamps ← order timestamps of all the events chronologically;
2 tcurrent ← timestamps [0];
3 ecurrent ← corresponding event of tcurrent;
4 session [ecurrent ];
5 for i← 1 to len( timestamps) do
6 tnext ← timestamps [i];
7 enext ← corresponding event of tnext;
8 if tnext − tcurrent > tmin then
9 ProcessCollabSession(session,tmax) ; /* See Algorithm 2 */

10 session ← [ ]

11 end
12 append enext to session;
13 tcurrent ← tnext;
14 ecurrent ← enext;

15 end
16 ProcessCollabSession(session,tmax) ; /* See Algorithm 2 */

Algorithm 2: ProcessCollabSession(session, tmax)

Input : A set of events with as resource A OR B and as object O, tmax

Output : Set of collaboration sessions for resource A and B on object O

1 timestamps ← order timestamps within this session chronologically;
2 tfirst ← timestamps [0];
3 tlast ← timestamps [-1];
4 if tlast − tfirst > tmax then

/* Session needs to be split up in parts */
5 window1, window2 ← find the largest gap between 2 consecutive timestamps in this

window and split here the window into 2 parts;
/* if there are multiple options choose the one that lies closest to the midpoint

of the current window under consideration */
/* process these 2 new session windows by recursively calling this function again

*/
6 ProcessCollabSession(window1, tmax);
7 ProcessCollabSession(window2, tmax);

8 else
/* This session is not too long, check if collaboration took place */

9 if session contains ≥ 1 event which has A as the resource AND ≥ 1 event which has
B as the resource then

10 collaborationsessions ← save this window with the including events as one
collaboration session to a global container;

11 end

12 end

3.3 RFM values for a relationship

To calculate the values of the three RFM dimensions for a collaboration relation-
ship between resources A and B, their set of collaboration sessions is required.
This set is obtained by taking the union of the sets of collaboration sessions on
every object they collaboratively worked on, as discussed in Section 3.2.
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Recency

Definition 4. The recency value of a collaboration relationship between resource
A and B is an indication of how recent their collaboration sessions fall on the
timeline of the log that is under consideration, calculated as indicated in Algo-
rithm 3.

To calculate the recency value, the timeline of the event log that is examined
is divided into time windows of a predefined width (user-specified parameter
‘windowsize’ ). These windows are numbered starting from the least recent one
(number 1) to the most recent one (number n, with n the total number of win-
dows). Next, each window gets assigned a weight equal to their window number
over the total number of windows. This results in the least recent one having a
weight of 1/n, to the most recent one having a weight of 1. The collaboration ses-
sions of a resource pair then get assigned to their corresponding windows, based
on the median timestamp of a session’s included events. The recency value of
this collaboration relationship is then the relative number of items (number /
total number of collaboration sessions) in a window times the window weight,
and this summed over all the windows. This is formalized in Algorithm 3.

Algorithm 3: Recency(resource A, resource B)

Input : Set of all collaboration sessions between resource A and B, windowsize as the
size of the bins, tfirst the first timestamp of the entire project event log, tlast

the last timestamp of the entire project event log
Output : Recency value for the collaboration relationship between resource A and B

/* Divide the timeline into bins */
1 bins ← divide the timeline between tfirst and tlast into bins of width windowsize starting

from tlast and working towards tfirst;

/* Give each bin a weight */
2 for i← 1 to len(bins) do
3 binweights [i] ← i/ len(bins);
4 end

/* Get for each collaboration session the median time value for the included events;
these become the data points to bin */

5 datapoints ← [ ];
6 for i← 1 to len(collaborationsessions) do
7 timestamps ← list of timestamps of all the events in collaborationsessions[i];
8 datapoints [i] ← median(timestamps);

9 end
10 add each data point from datapoints into the appropriate bin from bins;

/* Calculate the relative frequency of data points in each bin */
11 for i← 1 to len(bins) do
12 bincount ← # datapoints in bins [i];
13 relativeBinCount [i] ← bincount / len(datapoints);

14 end

/* Calculate final recency value */
15 recency ← 0;
16 for i← 1 to len( relativeBinCount) do
17 recency +← relativeBinCount [i] · binweights [i];
18 end
19 return recency
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Frequency

Definition 5. The frequency value of a collaboration relationship between re-
source A and B is defined as the total number of collaboration sessions that exist
between A and B, taking into account all the objects they worked on, as calculated
using Algorithm 1 in Section 3.2.

F (A,B) =
∑
O

# collaboration sessions(A,B,O) (1)

Monetary The monetary value of a collaboration relationship represents the
importance of the work package, i.e. the collection of objects, both resources
collaboratively worked on. In order to calculate this value a notion of “the
importance value of an object” is necessary. These object importance values
are highly project-dependent and therefore it is difficult to provide a default
method of calculation that makes sense in all cases. Therefore these values can
best be included in the event log as attributes, or calculated based on a user-
defined function.

The method that was chosen for the demonstration in Section 4 is adopted
from the software development context. An object (or file in that context) is
considered important for collaboration if it continues to “grow over time”. Files
that get altered regularly are good candidates for collaboration since multiple
people having knowledge of them secures their further evolution. Based on these
assumptions, Formula 2 is used to calculate the object importance. To ensure
that objects that have been around for a long time are not favored over relatively
new ones, we work with a ratio that takes the life span of the object into account.
(Note that in this case information on the creation and deletion of an object must
be available.) This also results in a larger importance value for objects created
towards the end of the event log, however they are considered important as they
are most relevant at this very moment in the project stage.

I(O) =
# months in which O got worked on

# months O existed
(2)

Definition 6. The monetary value of a collaboration relationship between re-
source A and B is defined as the number of collaboration sessions on an object O
times the importance value of that object, and this summed over all the objects
the pair of resources (A,B) collaborated on.

M(A,B) =
∑
O

# collaboration sessions(A,B,O) · Importance(O) (3)

The number of collaborations on an object is included in the equation to distin-
guish between a pair that worked once on an important object and often on less
important objects, compared to a pair that constantly worked on an important
object and seldom on less important ones. If we would not take the number of
collaborations into account, both pairs would have the same monetary value,
while the latter should actually have a bigger monetary value.



10 L. Jooken et al.

3.4 Constructing the work sessions

As highlighted in the beginning of Section 3, in order to calculate the RFM values
for a resource, the resource’s work package must first be divided into work ses-
sions. Such a work session consists of several events in which the resource worked
on any object, that are grouped together when they occur in close proximity in
time.

Definition 7. A work session of resource A is a time window with size ≤ tmax

that contains ≥ 1 event, with all these events having A as the resource, and the
time between 2 consecutive events in this window is always ≤ tmin.

The set of work sessions of a resource A is calculated almost identical to
Algorithm 1, with two differences. First, the set of events as input just consists of
all the events that have A as the resource (regardless of the object that was worked
on). Note that this means that the work sessions are not calculated per object, as
was the case for the collaboration sessions. Secondly, the check if collaboration
took place becomes redundant, which means that the session always gets saved as
a work session.

3.5 RFM values for a resource

The work sessions that were calculated for a resource in the previous section
will serve as the starting point for the calculation of the resource’s RFM values,
similar to the approach for the relationships.

Recency

Definition 8. The recency value of a resource A is an indication of how recent
their work sessions fall on the timeline of the log that is under consideration.
This value is calculated in the same way as the recency value for a collabora-
tion relationship, as indicated in Algorithm 3, with the difference that instead of
the collaboration sessions between two resources, the set of all work sessions of
resource A is used as input.

Frequency

Definition 9. The frequency value of a resource A is defined as the total number
of work sessions identified for resource A, as explained in Section 3.4.

F (A) = # work sessions(A) (4)

Monetary The monetary value of a resource represents the importance of their
work package. There are different metrics that can be used to calculate this value,
depending on the end user’s goal. The method presented here is analogous to
the reasoning followed to calculate the monetary value of a relationship in Sec-
tion 3.3. Possible alternative methods include: using the betweenness centrality
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when the interest lies in cross-functional team members; or using the eigenvector
centrality to emphase resources that are very central in the team.

Definition 10. The monetary value of a resource A is defined as the number of
work sessions that include ≥ 1 event that has O as object, times the importance
value of that object, and this summed over all the objects resource A worked on.

M(A) =
∑
O

# work sessions(A) that include O · Importance(O) (5)

4 Demonstration

The tool is implemented in Python and available on Github1. In this section a
demonstration of the tool and possible interesting insights will be provided. As
a use case the “Machine Learning for Beginners curriculum”2 project is used,
which is an initiative of the Azure Cloud advocates at Microsoft. This team of
authors, illustrators and Microsoft Student Ambassadors has come together to
create a freely available 26-lesson curriculum on machine learning. Furthermore it
is open to the public to contribute translations, fix bugs, or suggest and provide
new lessons. The incremental traces of collaboratively developing the lessons
and translations are available for study. The data was extracted from GitHub,
which is a version control system mainly used for software development projects.
However, it also harbors collaboration information on other topics such as this
use case of developing a curriculum. Do note that the tool’s strength lies in its
applicability to data from any information system that captures digital traces of
collaboration, beyond only GitHub.

An event log consisting of events that describe the timestamp when a resource
worked on a file (i.e. the object of collaboration) was extracted based on the log
of Git commits. The resulting event log analyzed in this demo includes the work
between January 31 2021 and November 13 2021. The parameter settings for
the demonstration were set to tmin and tmax respectively equal to 2 weeks and
to 7 days for the discovery of the collaboration sessions; and 24 hours and 4
hours for the identification of the work sessions. The window size for the recency
calculation for both a resource and a collaboration relationship was set to 24
hours. All the resources’ names are anonymized in the discussion to maintain
their privacy.

The collaboration network that was discovered using our tool is shown in
Figure 1. The color codes were added manually based on the available project
information. To analyze the RFM values for both the resources and relations, the
recency, frequency, and monetary ranges are divided into five segments, similar to
how RFM has been traditionally used for market segmentation in the marketing
field [8]. The resulting segments for each dimension and the number of elements

1 https://github.com/LeenJooken/RFMCollaborationMiner
2 https://github.com/microsoft/ML-For-Beginners
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that fall within each segment are shown in Table 1. This table will be used to
highlight a selected number of insights, by discussing groups that are formed
using a set intersection of segments from each dimension. For example, resource
group 1 - x - 4/5 refers to the all the resources that have a recency value in
segment 1 ([0.00, 0.25[), any possible frequency value, and a monetary value in
segment 4 or 5 (≥ 20), as described below.

Resource group 1− x− 4/5 = ∀ resources ∈ segment R1 ∩
( ∀ resources ∈ segment M4 ∪ ∀ resources ∈ segment M5 )

(6)

(a) Monetary values as weights (b) Recency values as weights

Fig. 1: The mined collaboration network with as node and edge weights respec-
tively the monetary value (a) and the recency value (b). Therefore in (a) bigger
nodes and thicker edges represent higher monetary values, in (b) they represent
higher recency values. The color codes: author (blue), illustrator (green), MS
student (yellow), bug fixer (red), translator (purple), bot (black).

First of all, the core resources of the network, that are mostly authors and
illustrators, are characterized by the highest monetary values (segments 3 to 5)
(Figure 1 (a)), mostly also high frequency values (segments 4 and 5), but very low
recency values (segment 2) (Figure 1 (b)), (resulting in group 2 - 4/5 - 3/4/5).
This means that they worked often and that their work package is important, but
that this work took place in the beginning of the project. This is also reflected
in their internal collaboration relationships that are not recent, but have a large
monetary value (group 2 - x - 4/5). Figure 1 (b) shows then that the resources
with recency values in the highest segment (group 5 - x - x) are all translators
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Table 1: Segmentation of the RFM dimensions. The number of elements (re-
sources or collaboration relationships) that fall within each segment for each
dimension is indicated between brackets. (Sums to total number of elements by
column.)

# Resource Collaboration relationship

R F M R F M

1 [0.00, 0.25[ (3) [ 0, 2 [ (60) [ 0, 3 [ (69) [0.00, 0.25[ (2) [ 0 - 3 [ (80) [0 - 0.6 [ (23)

2 [0.25, 0.60[ (40) [ 2, 5 [ (30) [ 3, 10[ (28) [0.25, 0.50[ (15) [ 3 - 5 [ (10) [0.6 - 2 [ (64)

3 [0.60, 0.75[ (24) [ 5, 10[ (10) [10, 20[ (7) [0.50, 0.65[ (51) [ 5 - 10[ (6) [ 2 - 5 [ (9)

4 [0.75, 0.90[ (17) [10, 25[ (9) [20, 50[ (6) [0.65, 0.80[ (19) [10 - 20[ (6) [ 5 - 10[ (5)

5 [0.90, 1.00] (27) ≥25 (2) ≥50 (1) [0.80, 1.00] (16) ≥20 (1) ≥10 (2)

or bug fixers. This makes sense as the lessons first had to be created before they
were made available for translations and fixes. The 4th recency segment (group
4 - x - x) contains one author that added a lesson at a later stage in the project
(Figure 1 (b) resource R11). Next, it is easy to notice that resource R52 stands
out above all in terms of monetary and frequency value (group x - 5 - 5) and
turns out to act as the lead for this project. This resource is also involved in the
most collaboration relationships, namely 48 (with the second highest being 6 for
reference). If we further look at resources with a high monetary value (group x
- x - 4/5) (Figure 1 (a)), we notice that resources R69 and R86 barely engage
in collaborations (0 and 1 respectively), which makes them crucial resources for
further knowledge retention of this project. Lastly, if we take a look at group
1-1-1, it shows that this group consists of three bot resources (microsoft open
source, microsoft-github-operations[bot] and azure static web apps) that were
all only used by the lead resource R52 to initiate the project. These are depicted
as black nodes in Figure 1.

5 Conclusions, Limitations, and Future Work

Insights into a team’s collaborative characteristics are essential to improve or-
ganizational performance. Nowadays, accelerated by the rise of COVID, more
and more digital traces on all sorts of collaboration are available as collaborative
work is increasingly supported by information systems. In this study we explored
the potential of this data to provide realistic and valuable insights into collab-
orative work. Existing methods from the domains of Organizational Network
Analysis, Process Mining and Developer Social Networks are subject to certain
shortcomings when applied to this collaboration context. Therefore in this study
we presented an algorithm designed to mine collaboration relationships between
resources from event data extracted from these systems, which captures the
exact timestamp of when a resource worked on which object. Furthermore, we
expanded on existing literature by exploring a new research path on how to value
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a resource and a relationship, by adopting and redefining the RFM model from
marketing research. This model allows to gain insights beyond how frequently
collaboration took place, by also providing a recency and monetary dimension.
The algorithm was demonstrated on a use case of collaboratively and incremen-
tally developing a curriculum on machine learning. The demonstration showed
that insights into the general structure of the collaboration network could be
provided, as well as insights into how resources and relationships are positioned
on the different RFM dimensions.

There are however some limitations that should be addressed. The work pre-
sented in this paper starts from the premise that a project is available for analysis
that clearly indicates the objects on which collaboration took place. This will not
always be the case when data is extracted from information systems, and often
data cleaning and preprocessing might be required. Further, the method that
was chosen to calculate the importance value of an object for the demonstration
in Section 4 values objects based on their importance for collaboration and not
necessarily their business value. This solution could be appropriate for several
use cases. However, note that if applied to a traditional software development
project, the method should be fine-tuned, as the current one could point to ob-
jects that required frequent bug fixes and not necessarily those objects that are
the most valuable in terms of feature criticality.

To conclude, there are several possible extensions to this work that could
be addressed in the future. First of all, a validation study on a use case with
expert feedback is planned for the future. Next, it may be difficult for an end-
user to provide (the optimal) parameter values. Possible future directions may
be working with fuzzy constraints instead of hard boundaries when calculating
the work and collaboration sessions; or providing a method that calculates an
optimal default parameter setting. Furthermore, different methods to determine
the importance value of an object might be explored. Lastly, the methods of
calculating a work or collaboration session could be handled in an alternative way
by positioning them as optimization problems to find the most optimal grouping
of events in sessions. Examining the effects of repositioning these methods could
be interesting further research.
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