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Abstract

The functional interaction structure of a team captures the preferences with which members
of different roles interact. This paper presents a data-driven approach to detect the func-
tional interaction structure for software development teams from traces team members
leave on development platforms during their daily work. Our approach considers differences
in the activity levels of team members and uses a block-constrained configuration model to
compute interaction preferences between members of different roles. We apply our
approach in a case study to extract the functional interaction structure of a product team at
the German IT security company genua GmbH. We validate the accuracy of the detected
interaction structure in interviews with five team members. Finally, we show how our
approach enables teams to compare their functional interaction structure against syntheti-
cally created benchmark scenarios. Specifically, we evaluate the level of knowledge diffu-
sion in the team and identify areas where the team can further improve. Our approach is
computationally efficient and can be applied in real-time to manage a team’s interaction
structure. In summary, our approach provides a novel way to quantify and evaluate the func-
tional interaction structure of software development teams that aids in understanding and
improving team performance.

1 Introduction

Designing and maintaining an efficient organisational structure is essential for highly perfor-
mant software development teams [1-6]. This is especially the case in agile software develop-
ment teams which—similar to Open Source Software teams [7]—have a strong focus on self-
organisation and organisational flexibility [8]. The key concept behind agile software engineer-
ing is a high level of adaptivity, continuous evolution, and flexibility to changes in require-
ments [9]. As a consequence, the real interaction structure of such teams changes over time to
adapt to new challenges. As such, it deviates from the team’s original organisational structure
to a new unknown one [10-12].

Not knowing the team’s real interaction structure can have a broad range of negative conse-
quences for the team. In the best case, it leads to reduced productivity or a decrease in software
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quality due to less well-managed and, therefore, less efficient information exchange [13-15].
However, in the worst case, it can result in the undetected emergence of developers possessing
mission-critical unshared knowledge—e.g., lone wolfs, bottlenecks, or organisational silos [2,
14, 16]—which can have a devastating impact when they leave the team [17].

Despite its importance, the question of how to quantitatively and efficiently derive and eval-
uate a team’s functional interaction structure based on real observed interactions remains
open. Closing this gap would enable teams to detect when employees with a certain role isolate
themselves, resulting in organisational silos [18, 19]. In addition, teams could assess and man-
age their functional interaction structure in real-time and evaluate the effectiveness of team
management approaches like Scrum [20], Kanban [21], Extreme Programming [22], or
DevOps [23].

In this paper, we provide a method to detect the functional interaction structure of a team
and apply it to analyse the interactions from a product team at genua GmbH, a German IT
security company. We make the following contributions:

o We mine all actions the product team’s members leave on their issue tracker, code review
platform, and version control system. We further identify a set of practices allowing us to
derive the corresponding interactions between team members, yielding multi-edge interac-
tion networks for each platform.

 To understand the functional interaction structure of a software development team, we need
to map the observed interactions between team members to interactions between roles. Tra-
ditional social network analysis achieves this by aggregating edges between roles based on
their counts or applying statistical models such as the stochastic block model (SBM). How-
ever, we show that these approaches are insufficient for our data, as they fail to account for
the heterogeneity in the activity of both the roles and the individual team members.

Instead, we propose a novel method based on a block-constrained configuration model
(BCCM) [24] that accounts for each team member’s unique capacity to initiate and receive
(directed) interactions. Our method allows us to quantify the team’s functional interaction
structure on each development platform individually, as well as across all platforms.

« We validate the extracted interaction structure through semi-structured interviews with five
team members from the product team at genua. Using the information obtained from the
interviews, we further extend the extracted interaction structure with meta-information on
each observed type of interaction. As a result, we obtain the team’s organigraph [25], visual-
ising how different roles in a team functionally work together.

« Finally, we show how our block model approach can also be used to compare the knowledge
diffusion in the observed interactions with two other hypothetical scenarios. We find that
the team currently achieves knowledge diffusion in the upper third of the possible range.
Our analysis further shows that extending the agile methods employed by the team is the
most promising way to improve knowledge diffusion further.

2 Related work

This paper analyses the interaction structure of a software development team with the aim of
detecting functional relations between team members of different roles. We split the discussion
of the related work into two parts. Focussing on software development, we first review other
works analysing the interaction structure of teams. We then explore methods used to detect
functional interaction structures in other scientific disciplines.
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2.1 Analysing the interaction structure of teams

The interaction structure of teams has been studied and characterised in a broad range of
empirical studies. Commonly, this is achieved via a network approach. Here, researchers rep-
resent individuals as nodes and their interactions as edges. They then compute various net-
work measures, such as the degree distribution, clustering coefficient, or betweenness
centrality, to characterise their interaction structure [26-29]. For example, the betweenness
centrality could reveal hubs in open-source software teams who route the information flow
from peripheral developers into the core team [12]. Entropy measures could show that humans
interact with a broad range of peers in the early stages of group formation but narrow down
their contacts as time proceeds [30]. Similarly, the potentiality, an entropy-based measure, was
used to quantify the distribution of interactions across a team [29], thereby proxying the resil-
ience to forming knowledge islands. Using the degree assortativity and clustering coefficient,
the impact of the departure of a core developer on an Open Source team was measured [31].
In a similar approach, the authors of [15] studied how well various network measures predict
the risk of introducing software defects. Using non-network approaches, the authors of [32]
characterised the interaction structure spatially by detecting locations in an office building
where employees frequently interact. In other literature, the task redistribution between soft-
ware developers was studied with agent-based models [33, 34]. However, to the best of our
knowledge, no study has yet quantified the functional interaction structure of software devel-
opment teams based on the roles of their members—a gap we address in this paper. Instead,
previous studies in the empirical software engineering literature have focused on the interac-
tions between team members on a per-individual basis. However, similar questions are com-
mon in other scientific disciplines, such as biology.

2.2 Functional interaction structure detection in biology

In biology, detecting the functional interaction structure is a frequently asked question. For
example, researchers study the specialisation in plant-pollinator relations [35, 36], or the
tendency of specific types of proteins to react more frequently with each other than expected
at random [37]. Finding such functional relations is crucial to understand the dynamics of
ecosystems and to predict their behaviour under different conditions. To derive them from
the observed interactions in specific systems, several methods have been developed, which
—in contrast to the approaches in software engineering—explicitly account for the hetero-
geneity in the activity levels of the interacting species. For example, the authors of [38] pro-
pose a network-theoretical framework allowing to detect over-/underproportional
interactions among plant species. Similarly, the authors of [39] study the differences in the
structure of a food web across multiple habitat types by aggregating observed interactions
using a count-based approach. However, these straightforward methods fail when the activ-
ity levels of the interacting species are heterogeneous. The authors of [40] show that simple
approaches such as a counting-based approach fail when activity is unevenly distributed
across species. This is the case, e.g., in habitats with low activity or for rare species. To
counter this, the stochastic block model (SBM)—which we will also use in our work—has
been applied [41-43]. The SBM has further been extended to address other original limita-
tions, e.g., cases in which individuals of a species have different activity levels [24, 44], or
individuals belong to multiple species [45]. Our study will build on these approaches to
address the unique challenges of identifying the functional interaction structure of software
development teams.
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3 Data

In this paper, we study the case of software development in a product team at genua. To this
end, in Section 3.1, we first introduce the four roles all members of the product team are subdi-
vided into. In Section 3.2, we then discuss how we mined interaction networks from genua’s
development platforms.

3.1 Roles

Based on their tasks and responsibilities, genua classifies the members of the product team
into four roles:

1. DeveLopers develop, review, and integrate code and changes to implement new features and
fix bugs.

2. DOCUMENTERS write and maintain the user manual and release notes of the product.

3. Probuct OWNERs coordinate the team and are responsible for scheduling and prioritising
issues.

4. STaKEHOLDERS only have a peripheral role within the team. The majority are customer-fac-
ing, selling the product to new clients, maintaining it on their sites, or training their internal
staff regarding its use. Others perform quality assurance and application testing. Finally,
some work on other internal projects adjacent to the product.

We refer to the set of roles as R. To obtain the roles for all team members and years, we fol-
lowed a two-step process. First, we created lists of all team members active within a given year.
Then, we iterated through these lists with two long-term team members to identify each mem-
ber’s correct role. In rare cases where the two team members were uncertain regarding a role,
they contacted additional team members more familiar with the respective case. The resulting
data set contains (i) team members’ IDs and (ii) their roles for (iii) each year. We provide sum-
mary statistics for this data set in Table 1.

3.2 Interaction networks

The product team uses three different platforms to track their work. An issue tracker is used to
manage and discuss implementations of issues, i.e., bug fixes or feature requests. When new
code to resolve an issue is developed, this is tracked on the team’s code review platform. Finally,
the team employs GIT as version control system to collaborate on the codebase. As discussed in
the following, for each platform, we mined pseudo-anonymised data capturing all actions per-
formed by team members. In addition, we identified practices to extract the interactions corre-
sponding to these actions and to represent them as networks that capture interaction patterns
in the whole team. We provide summary statistics for the resulting networks on all platforms
in Table 2.

Table 1. Summary statistics on team members and interactions for the four roles.

DEVELOPERS
DOCUMENTERS
Probuct OWNER

STAKEHOLDERS

https://doi.org/10.1371/journal.pone.0306923.t001

Team members Interactions
Total Per year Total Per year
67 30-51 483,878 33,108-73,928
8 3-6 19,885 180-3,614
5 1-3 18,888 372-5,751
62 18-40 21,451 551-5,650
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Table 2. Summary statistics on team members and interactions for the three development platforms.

Team members Interactions

Total Per year Total Per year
Issue tracker 118 44-68 77,616 3,662-15,745
Code review platform 65 17-28 93,256 4,759-14,571
Version control system 75 34-57 101,179 8,152-18,093

https://doi.org/10.1371/journal.pone.0306923.t1002

3.2.1 Issue tracker. The team uses the tool REDMINE [46] as their issue tracker. Similarly to
an online forum, REDMINE maintains separate discussion threads for all issues. In Fig la, we
show an example of a discussion thread in which two team members, a stakeholder S and a
developer D, create entries over time. The two team members interact when they read each
others’ discussion entries. For each discussion entry, we collected (i) the ID of the team mem-
ber creating it, (ii) the ID of the issue it belongs to, and (iii) the time of the entry’s creation. For
reasons of confidentiality, we could not collect the content of the entries.

Together with three members of the product team, we further identified the following two
practices (rl — r2) that allow us to obtain the interactions corresponding to the creation of
each discussion entry:

rl. Before team members write their first entry in a thread, they read the thread’s first entry to
read the issue’s description. Additionally, they read the two most recent messages to learn
about the current context of the discussion that their entry will continue.

r2. For all subsequent entries, team members read the thread’s first entry to remind themselves
of the issue. Additionally, they read every entry posted since (and including) their previous
discussion entry.

Team member D reading a discussion entry of member § is equivalent to information flow-
ing from S to D. Hence, we model all interactions derived from practices rl — r2 as directed

(a) Issue tracker

(b) Code review platform
rd4

Fig 1. Visualisation of the identified practices r1-r7 to derive interactions. For descriptions of the practices, we
refer to the text. (a) Directed interactions derived from an exemplary discussion thread between two team members §
and D on the issue tracker. For clarity, we only show the interactions derived for D. (b) Undirected interactions
derived from an exemplary change development on the code review platform. On this platform, team members
develop D, review R, or integrate I changes. In the example, the change is reviewed by two separate team members, R,
and R,. As indicated by the colours, the developer, reviewer, and integrator must be different team members.

https://doi.org/10.1371/journal.pone.0306923.g001
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links between the author and the reader of a discussion entry. We illustrate this in Fig la,
where, for clarity, only the extracted links for D are shown. To capture the collaboration within
the entire team, we aggregate the interactions as yearly directed multi-edge networks.

3.2.2 Code review platform. To resolve issues, team members need to develop, review,
and ultimately integrate changes to the codebase. This process is tracked and managed on the
code review platform Akais [47]. For AkaIs, we again mined all actions of team members
related to all changes. Specifically, we extracted (i) the ID of the team member performing an
action, (ii) the ID of the corresponding change, (iii) the time at which the action was per-
formed, and (iv) the type of the action. The possible types of actions are development D, review
R, and integration I. The developer, reviewer, and integrator of a change must be different
team members. In the ideal case, a change is first developed, then positively reviewed, and
finally successfully integrated. However, both review and integration can fail, requiring further
development and, hence, resulting in more complex action sequences (see Fig 1b for an
example).

The change development process requires extensive interactions between team members
that can be derived from the recorded actions following practices r3 — r7, visualised in Fig 1b:

r3. A reviewer R discusses the review’s outcome with the developer D of the change.
r4. An integrator I discusses the integration’s outcome with the developer D of the change.

r5. If the integration fails, the integrator I further discusses the detected problems with the
reviewer R that positively reviewed the change.

r6. A developer D that continues development after a failed review or integration discusses
with the corresponding previous reviewer R or integrator I.

r7.If a developer D,, reviewer R,, or integrator I, take over from a previous developer Dy,
reviewer R;, or integrator I;, a handover discussion takes place.

As all discussions resulting from r3 — r7 are bi-directional, we model them as undirected
links between the involved team members. Aggregating all interactions within one year, yields
yearly undirected multi-edge collaboration networks.

3.2.3 Version controll system. From the Gir-based version control system, we obtain
interactions by extracting co-editing relations using the Python package git2net [48]. Moti-
vated by the finding that a significant proportion of coordination between developers occurs
via the code base [49], specifically when editing the same code [50], co-editing relations link
team members consecutively modifying the same line of code. The links are directed following
the arrow of time and time-stamped according to the time of the edit. We obtain yearly
directed multi-edge networks by aggregating all co-editing relations for each year. As for the
issue tracker and the code review platform, in these networks, team members are represented
by their pseudo-anonymised ID.

4 Interaction structure detection

In the previous section, we discussed the activities of a product team at genua over nine years.
The primary operating mode of the team is to develop new features and fix bugs—collectively
referred to as issues—in the product. To achieve this, the team uses three development plat-
forms: an issue tracker, a code review platform, and a version control system. In Fig 2, we
show the development process of a feature from the issue tracker to the code review platform
and the version control system.
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Issue Tracker Code Review Version Control

Environment
° Bugzilla/Redmine Aegis Git

bug .- issue report

( feature request ) -’ [ issue discussion

e/

+ change development -- >r )
issue assignment {
{ code review J* el codebase
issue resolved {
change integration ==
—

( quality assurance test )

l resolved bug |<-
( new feature ]4 - -{ issue closed )

Fig 2. Representation of the process to resolve a typical issue in the product team at genua. The process takes place
across three development platforms: the issue tracker, the code review platform, and the version control system.
Backwards loops have been omitted for clarity.

https://doi.org/10.1371/journal.pone.0306923.9002

e ———

For each platform, we derived interaction networks aggregating the team’s activities for
each year. In these interaction networks, team members are represented as nodes, and we
identified each member’s role as a DEVELOPER, STAKEHOLDER, PRODUCT OWNER, or DOCUMENTER
for each year. Interactions between different team members are represented by (multi-)edges
between their corresponding nodes. For the purposes of our study, we treat all three platforms
as equally important as they are all essential for the team’s development process. As we discuss
in Section 8, this assumption is in line with the team’s perception of the platforms’ importance.
However, when applying our proposed methodology to other teams, the importance of the
platforms might differ, and the methodology should be adapted accordingly.

Our goal is to gain insight into the functional interaction structure of the team as a whole.
To accomplish this, we require an aggregated representation of the team’s activities that cap-
tures the interaction preferences between members of different roles for the full development
process. This means that we need to aggregate the interactions between individual team mem-
bers based on their roles and combine the results across the different development platforms.
This aggregated representation then enables us to study the team’s interactions on a holistic
level, which will provide insights into how different functions within the team collaborate to
develop the product.

4.1 Interaction count approach

A natural approach to aggregate the interactions between team members of different roles is to
count how often these interactions occur. In mathematical terms, we count the number of
edges between roles and collect these in a matrix E, whose elements e, are computed as fol-

lows:
W) =2_2 4 (1)

ier  jes
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Developers Stakeholders Product Owner Documenters

Issue tracker Code review Version control Combination
(a) (b)

Fig 3. Interaction structure extracted using the interaction count approach. Nodes represent the four roles, and the width of links is proportional to
the respective number of interactions between 2010 and 2018. The link widths indicate that except for interactions among DEVELOPERs, all interaction
counts are low and in the same order of magnitude. (a) Interaction structure for each platform. (b) Combined interaction structure for the three
platforms.

https://doi.org/10.1371/journal.pone.0306923.g003

Here, a;; are the elements of the interaction network’s adjacency matrix A, and r, s € R are
two roles. With i € r, we iterate over all team members with role r. In the following, we refer to
this method as the interaction count approach.

In Fig 3a, we show the results of the interaction count approach for the different develop-
ment platforms used by the product team at genua. We find that the results across the three
platforms are remarkably similar. On each platform, one role is inactive, and all other roles
form a fully connected network. All resulting aggregated networks are fully connected with the
exception of one role that is inactive. DOCUMENTERS are inactive on the issue tracker but instead
track the changes in the documentation entirely via the code review platform. Similarly, STAKE-
HOLDERS interact on the issue tracker but do not appear on the code review and version control
platforms. In addition, we find that DEVELOPERS interact significantly more than all other roles.
This finding persists across the three platforms and is shown by the width of links, which is
proportional to the interaction count between the roles.

We show the combined activity across the three development platforms in Fig 3b, which we
obtained as the average interaction count between the different roles. Fig 3b further highlights
the absence of interactions between STAKEHOLDERS and DocUMENTERS who do not collaborate
on any development platform. However, the high activity level of DEVELOPERS far surpasses all
other roles, concealing the nuances in their interaction counts. Thus, accounting for the differ-
ent activity levels of the roles is necessary to gain a comprehensive understanding of their
interaction preferences. Instead, based on the interaction count approach alone, we are unable
to obtain any detailed insights.

4.2 From interaction counts to interaction preferences

As we found in the previous section, the interaction count approach does not account for the
different activity levels of the roles. Specifically, it disregards:

(i) how many interactions each role can initiate and receive;

(ii) how many interactions each individual within a role can initiate and receive.
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(c) Interaction preferences per role

Fig 4. Applying our block model approach to extract the functional interaction structure in a synthetic example. (a) Counts of observed interactions
between six team members belonging to three roles. (b) Global interaction propensities calculated for these observation counts. (c) Normalised

interaction propensities for each role.

https://doi.org/10.1371/journal.pone.0306923.g004

To highlight the consequences of this, we consider the synthetic example with six individu-
als from three roles shown in Fig 4a. The example assumes two STAKEHOLDERS interacting
among themselves with moderate activity and three DEVELOPERS interacting among themselves
but with high activity. In addition, a PRopuct OWNER coordinates between the two groups.
This Propuct OWNER interacts 50 times with DEVELOPERs but only ten times with STAKEHOLDERS.
Does this mean that the Propuct OwNER has an interaction preference towards DEVELOPERS?
While the interaction count approach would suggest this, we argue that it is not. DEVELOPERS
appear in 1550 interactions in total, whereas STAKEHOLDERS appear in only 30 interactions. The
Probuct OWNER is involved in ten of these 30 interactions. This means that the Probuct
OwnER is involved in around 3% of the DEVELOPERS interactions but in 33% of the STAKEHOLD-
ERS’ interactions, which suddenly seems like a lot.

4.3 Stochastic block model

Our example above illustrates the importance of considering the differences in activity levels

among roles to accurately infer their interaction preferences. A popular approach used in
social network analysis to incorporate such activity levels is the stochastic block model (SBM)
[51]. The SBM assumes that the interaction probability between two team members can be
determined solely based on their roles. Given an interaction network, the SBM first subdivides
the team members according to their roles. Then, it computes the probability b,, that two

members of roles r, s € R interact using a maximum likelihood approach:

b, (E) === (2)

Here, e, captures the number of multi-edges observed between roles r,s € R. These counts

are normalised by the number of possible multi-edges e

activity levels.

accounting for the roles’ unique

s>

To get an intuition of how € _is computed, we consider a simple case without multi-edges
and with undirected interactions. If, for this case, we want to compute €, for a role r with three
members and a role s with two members, we count the number of different interactions that
would be possible. Here, each of the three members of r could interact with each of the two
members of s, resulting in €, = 3 - 2 = 6 possible interactions. For a detailed explanation of
how this can be extended to multiple directed interactions, we refer to the recent review [52].
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Developers (D) Stakeholders (S) Product Owner (P)

Fig 5. llustration of the matrix B of an SBM for six individuals from three roles R = {D, S, P}. The SBM
subdivides the inviduals into three groups according to their role. For each pair of roles, r, s € R, the SBM then
computes a single interaction probability b,.

https://doi.org/10.1371/journal.pone.0306923.9005

We show the individual interaction probabilities b, collected in a matrix B for an example
with three roles, r, s € {D, S, P} in Fig 5. The SBM can be efficiently fit to empirical data and is
well-suited to capture the modular structure of real-world networks, explaining its popularity.
However, while it accounts for the differences in activity levels among roles, it does not capture
differences in activity levels among members within each role. Thus, the SBM satisfies require-
ment (i) derived in Section 4.2, but falls short of fulfilling requirement (ii).

4.4 Block-constrained configuration model

To account for both, the activity levels of roles and individuals, we propose to use the block-
constrained configuration model (BCCM) [24]. The BCCM is a flexible network-theoretic tool
to study the structure of networks while accounting for heterogeneity in the activity on the
level of nodes—i.e., team members. To achieve this, the BCCM introduces a matrix E. The ele-
ments &; of Z estimate the number of possible interactions (multi-edges) that a team member i
can initiate with a team member j based on their respective out- and in-degrees d;**, d™:

éij — d;)ut . d]m (3)

Based on = and the interaction counts E, the BCCM then computes interaction propensities
(We will further comment on the differences between interaction probabilities and propensi-
ties in Section 4.5.):

=) = —log| 1 — =
wrs(E7 ) o8 <1 Z,’G,Zjeséij> (4)

To determine w,, for a given interaction network, we use the function Bccum in the R library
GHYPERNET [53].
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Although the w,, of the BCCM (cf. Eq (4)) and the b, of the SBM (cf. Eq (2)) are similar,
they differ in the way interaction counts between roles e,, are normalised. The SBM only takes
into account activity levels of roles by normalising by €, , whereas the BCCM sums the individ-
ual &;; of all members of roles r and s. In doing so, the BCCM accounts for the activity level of
individual team members and satisfies requirement (ii) from Section 4.2.

4.5 From propensities to interaction probabilities

Both the interaction counting approach and the SBM yield probabilities, which can be directly
interpreted as interaction preferences between roles. Instead, the BCCM yields interaction pro-
pensities. We now discuss how we can obtain interaction preferences from such propensities
based on the synthetic example introduced in Section 4.2. The interaction network for this
example is shown in Fig 4a. We remind that in this example we have two STAKEHOLDERS and
three DEVELOPERS that interact among each other with moderate and high frequencies, respec-
tively. A Probuct OwNER coordinates with the two groups interacting five times more fre-
quently with DEVELOPERS compared to STAKEHOLDERS. For this scenario, the interaction
counting approach suggested a strong interaction preference of the Propuct OWNER towards
DeveLopers. However, our discussion in Section 4.2 suggested the opposite, as the Propuct
OwnNER is involved in 33% of the STAKEHOLDERS interactions but only 3% of the interactions of
DEVELOPERS.

In Fig 4b, we show the interaction propensities w obtained from the BCCM approach for
this example. The BCCM vyields an interaction propensity of wps = 0.164 between the Probuct
OwNER and STAKEHOLDERS. In contrast, despite the higher interaction count between the ProD-
uct OwNER and DEVELOPERS, we obtain a ten-times lower interaction propensity of wpp = 0.016.
Thus, the BCCM suggests that the PRopucT OWNER is ten times more likely to interact with
STAKEHOLDERS than with DEvELOPERS when taking into account that STAKEHOLDERS are less active
than DEVELOPERS.

In the example above, we have seen that the propensities obtained from the BCCM can
only be interpreted in relation to each other. To allow for individual interpretation, we propose
to normalise the propensities as:

(6]
— s 1
o=, < 01 (5)

The resulting p, can be interpreted as the probability of an individual with role r to interact
with an individual with role s. As shown in Fig 4c, the normalisation retains the ten-to-one
ratio in the PRopuct OWNER’s interaction preferences towards STAKEHOLDERS, but makes it
immediately visible as pps = 91%.

5 Detecting genua’s interaction structure

We now apply our BCCM approach to detect the functional interaction structure of the stud-
ied product team at genua. We visualise our approach in Fig 6. Based on the interaction net-
works (cf. Fig 6a) for multiple platforms and multiple years that we collected in Section 3, we
first compute the interaction preferences separately for each platform and year before averag-
ing them across the years.

The team at genua has members with four roles. To interpret the interaction preferences
obtained by the BCCM, we compare them to a baseline in which we assume that members of
all roles interact with equal probability. In other words, we compare the probabilities p from
the BCCM to a baseline probability of 25% (The threshold of 25% assumes that interactions
can occur between members of the same role. This is intuitively true for DEVELOPERs,
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Fig 6. Applying our block model approach to extract the functional interaction structure for the studied project team at genua. (a) Interactions
between team members represented as interaction networks for each platform and year between 2010 and 2018. (b) Interaction preferences computed
separately for positive (>25%) and negative (< 25%) preferences and averaged across years. The width of links corresponds to the strength of the
positive or negative preference. (c) The functional interaction structure of the team obtained as the combination of the positive preferences across the
three platforms. By controlling for the activity of the team members, the block model approach allows for deeper insights going beyond the edge
aggregation approach, which only identified two categories of links.

https://doi.org/10.1371/journal.pone.0306923.9006

STAKEHOLDERS, and DOCUMENTERS as there are always multiple active members of these roles.
The PropUCT OWNER is a special case. While, in principle, there is only one Probuct OWNER
active at any point in time, our data contains multiple transitions between Probuct OwNERS,
resulting in two ProbpucT OwNERS being recorded for a year. Therefore, we opted to treat PRop-
uct OwNERs analogous to the other roles and did not introduce an exception.). We interpret
observed interaction probabilities above this baseline as positive interaction preferences
between the roles. Instead, we interpret probabilities below the baseline as negative interaction
preferences. We show the resulting positive and negative interaction preferences in Fig 6b.

5.1 Positive interaction preferences

On the issue tracker, STAKEHOLDERS, the PRopDUCT OWNER, and DEVELOPERS are active. The inter-
action preferences suggest that STAKEHOLDERS predominantly interact with themselves and the
Propuct OWNER. In turn, the PropucT OWNER has an interaction preference towards DEVELOP-
Ers. Finally, DEVELOPERS again preferentially interact among themselves.
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The code review platform has activity from all roles other than StakenoLDERrs. Here, the
interaction preferences suggest interactions from the Propuct OwNER towards both DEVELOP-
ERs and DocUMENTERS, who in turn show a preference to interact among themselves.

Finally, the version control system shows a similar pattern as the code review platform.
Again, only the Propuct OWNER, DEVELOPERS, and DOCUMENTERS are active. The Propuct
OWNER has an interaction preference towards DEVELOPERS, and DEVELOPERS and DOCUMENTERS
interact primarily among themselves. The only difference to the code review platform is the
absence of a positive preference between the PRopuct OWNER and DOCUMENTERS.

5.2 Negative interaction preferences

We visualise these negative interaction preferences in the right column of Fig 6b. The positive
preferences discussed above imply the existence of corresponding negative preferences
towards the other roles. This means that the structure of the negative preferences, i.e., which
links exist, is complementary to the structure of the positive preferences. Therefore—rather
than its structure—we are particularly interested in the strength of the negative preferences dis-
played by each role.

STAKEHOLDERS are only active on the issue tracker, where they have positive interaction pref-
erences with themselves and the PRopucT OWNER. As DOCUMENTERS are not active on the issue
tracker, STAKEHOLDERS only have a negative interaction preference towards DEVELOPERs.

The Probuct OWNER is active on all platforms. As indicated by the thin width of the links,
the PropucT OWNER does not show strong negative interaction preferences to other roles.
However, we find a self-loop suggesting that Propuct OwNERs interact significantly less than
expected among themselves. This is intuitive, as there is only one PrRopuct OWNER active at any
point in time. Therefore, if we observe more than one PrRopuct OWNER in one of our yearly
snapshots, this indicates a transition between the two at some point during the year. However,
as they are active consecutively and not simultaneously, we find fewer interactions than their
activity suggests.

DEVELOPERS are also active on all platforms. As indicated by the similar width of all edges
from DEVELOPERS to all other roles, DEVELOPERs do not show strong negative interaction prefer-
ences towards any role.

Finally, DOCUMENTERS are active on the code review and version control platforms. For Doc-
UMENTERS, we find a strong negative interaction preference towards DEVELOPERS.

So far, we have discussed interaction preferences for each platform separately. We now
combine them to obtain the functional interaction structure of the team across all platforms.
As the positive and negative interaction preferences are complementary, both reveal the same
interaction structure. However, positive interaction preferences are more natural to interpret.
Therefore, we show the functional interaction structure obtained by combining the positive
interaction preferences in Fig 6¢. Overall, we find that STAKEHOLDERS represent the input into
the development team. STAKEHOLDERS interact primarily with the PRopuct OwNER who, in turn,
has strong interaction preferences towards DEVELOPERS and DocUMENTERs. These two roles rep-
resent sinks in the team, primarily interacting among their own role and not with each other.

6 Validating the detected interaction structure through interviews

We now validate the detected interaction structure and enrich it with information on the func-
tion of these relations—yielding the team’s organigraph. To this end, we conducted interviews
with five experienced members of the studied product team (INT1—INT5). As interview partici-
pants, we selected three team members whom our analysis identified as central to the team’s
development process. In addition, these team members (INT1-InT3) have been with the team
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CUSTOMERS

for more than five years and have held different roles allowing them to provide a comprehen-
sive view of the team’s development processes. In addition, we asked to interview two STAKE-
HOLDERS (INT4 and INT5) to gain insights into the team’s external interactions.

Our set of interviewees (male, age range 30-50) consists of two DEVELOPERS, tWo STAKEHOLD-
ERs, and one former PropUCT OWNER, ensuring that we get a broad range of first-hand perspec-
tives into the product team’s development processes. All interviews were held online in a video
chat in March 2021 and lasted for approx. 60 minutes, followed by a debriefing. We set up
each interview in a semi-structured format, combining closed-ended survey questions with
open-ended discussions [54]. The interviews were conducted without the aid of any additional
material. As we summarise in the following, the interviews validated and explained all interac-
tion preferences identified in our quantitative analysis (cf. Section 4). We show the organi-
graph enriching our quantitative results with the explanations from the interviews in Fig 7.

6.1 The role of STAKEHOLDERS

As we discussed in Section 3.1, the majority of STAKEHOLDERs are customer-facing and often
located at the customer’s sites. Consequently, they are the first to learn about new bugs,
required features, or new use cases for which they forward feedback directly to the Probuct

OWNER.
ﬂ write code

‘ coordinate
¢

DEVELOPERS

advise and update

A

report customer feedback

ProbpuctT
.

OWNER

STAKEHOLDERS

DOCUMENTERS

¢

coordinate

Uwrite documentation

Fig 7. Organigraph of the product team at genua across all three development platforms. To obtain the organigraph, we start from the functional
interaction structure detected using our block model approach (see Fig 6¢). We then enrich it with the information collected during our interviews to
allow for an interpretation.

https://doi.org/10.1371/journal.pone.0306923.g007
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“The customers’ wishes for new features are supposed to be assigned to the PRobuct OWNER.”

[Statement by INT3]

“STAKEHOLDERS discuss new features always in direct coordination with the PO.”
[Statement by INT4]

Simultaneously, the geographical distribution of STAKEHOLDERs explains their reduced inter-
actions with DOCUMENTERs and DEVELOPERS.

“STAKEHOLDERS are not at the company’s [i.e., genua’s] site, and therefore can’t just go into a
DEVELOPER’s office and ask.”
[Statement by INT4]

Further, STAKEHOLDERS do not have access to the code review and version control platforms,
explaining the observed lack of interactions there.

“Actually, normal STAKEHOLDERS have nothing to do with AxGis [the code review platform]
and GIt [the version control system].”
[Statement by INT3]

Internally, STAKEHOLDERs update and advise each other on common problems and critical
bugs, which they then champion to be prioritised in the team’s weekly bug meetings.

6.2 The role of the Propuct OWNER
Collecting the information from STAKEHOLDERS, the PrRoDUCT OWNER leads the weekly bug meet-
ings and is responsible for scheduling and prioritising what is being worked on.
“In bug meetings, the PRopucT OWNER, some STAKEHOLDERS, and also a couple of DEVELOPERS,
who took care of the bugs, discuss prioritisation, and their initial analysis.”
[Statement by INT1]
The Propuct OwNER then coordinates and oversees the rest of the team. Thus, the Probuct

OwNER indeed acts as a fixed mediator for feedback from the STAKEHOLDERS to the DEVELOPERS
and DocUMENTERS, confirming the results of our quantitative analysis.

6.3 The roles of DEVELOPERS and DOCUMENTERS

Following the bug meeting, the DEvELOPERs work on changes resolving the bugs or implement-
ing the discussed features and DocuMENTERs update the product’s documentation accordingly.

“Based on the outcome of the bug meeting, the DEVELOPERS develop. And the DOCUMENTERS
can, of course, also see what is written and then document this.”
[Statement by INT1]

All interviewees agreed that these two processes occur mostly independently, explaining the
infrequent interactions between DEVELOPERS and DOCUMENTERS.
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“DoCUMENTERS and DEVELOPERS have their closed problem domains. The DEVELOPER tries to get
a feature working from a technical perspective, and the DOCUMENTER tries to explain it to a
user at the other end.”

[Statement by INT5]

However, interactions within their own role still occur very frequently. One key reason for
this is genua’s internal review process, which requires all changes—including changes to the
documentation—to be developed, reviewed, and integrated by three different team members,
which automatically sparks interactions between many different members.

“Whenever something is changed, someone has to look at it [i.e., review and integrate it into
the codebase].”

[Statement by INT5]

In summary, with our interviews, we could validate and explain all detected interaction
preferences—both positive and negative—between roles. This validates our quantitative
approach and shows that we can extract the functional interaction structure of teams accu-
rately and in a computationally efficient manner.

7 Interaction structure optimisation

In Section 4, we started our analysis of the product team from the observed individual interac-
tions between team members. We then grouped the team members according to their role in
the team, yielding the functional interaction structure capturing the interaction preferences
between members of different roles reported in Fig 6c. Through this step, we aggregated all
team members of a given role into a single representative node in the resulting role interaction
network. Implicitly, this assumes that all members of a role are similar to the degree that they
can be considered as interchangeable. This strong assumption is unlikely to be fully fulfilled in
any real-world organisation (cf. Section 2 for a discussion). The role definitions from Section
3.1 already state that, e.g., STAKEHOLDERs take on multiple different functions and specialisa-
tions. Similarly, our interviews also suggest a degree of heterogeneity amongst DEVELOPERs,
both in terms of their experience and their knowledge of different parts of the codebase.

“I think there are still comfort zones where people make initial changes and whom you let do
it [make changes in a specific area of the codebase].”

[Statement by INT5]

However, by employing agile development methods, the team actively aims to promote and
enhance knowledge diffusion among the DEVELOPERS, to reduce the risk of knowledge loss
when a member leaves the team.

“One of the philosophies of Scrum is that ‘everyone can do everything’ to address precisely the
problems arising when the bus comes [referring to the truck factor, which is also known as the
bus factor], or Google simply pays more. Thus we try to counteract exactly these problems in
advance through XP [Extreme Programming] and pair programming [deliberate pairing of
team members with different expertise].”

[Statement by INT1]

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 16/23


https://doi.org/10.1371/journal.pone.0306923

PLOS ONE

Detecting the functional interaction structure of software development teams

This motivates a final experiment in which we use our extracted interaction preferences to
assess where the team currently stands and to what extent further homogeneity among the
members of roles could improve knowledge diffusion within the team.

To quantify knowledge diffusion, we use the measure potentiality (Pot) proposed in [29].
Potentiality utilises the notion of entropy to quantify the extent to which members distribute
their interactions across the entire team rather than among a few specific collaborators:

observed

Here, H°®**™*d is the entropy of the observed interaction distribution, and H™* is the highest
possible entropy achieved when all team members interact with everyone else equally often. A
potentiality close to 1 indicates that most members interact with the entire team, whereas a
potentiality close to 0 indicates that many members only have a few interaction partners.

As we discussed in Section 4.4, we encode the team’s interaction structure through the w
parameters of the corresponding BCCM (cf. Eq (4)). In contrast, potentiality is computed on
interaction networks. Given an interaction structure—i.e., a specified BCCM—we obtain the
distribution of likely interaction networks using the sampling approach implemented in [53].
Subsequently, we compute potentiality for all sampled networks obtaining a distribution of
values capturing—and hence allowing us to compare—the team’s knowledge diffusion for dif-
ferent interaction structures.

We report our results in Fig 8. In M, we show the potentiality computed for the observed
interactions (0BSINT) over time. We compare the knowledge diffusion in the observed case to
two synthetically created benchmark scenarios suggested by genua. In the first scenario (ECDE-
DEvs), shown in [], we assume that the team achieves the stated aim that “everyone can do
everything” (ECDE) among DEVELOPERS, effectively making them interchangeable. This corre-
sponds to a BCCM model where all developers are aggregated into a single block, while all
other team members are represented by individual blocks. Finally, in the second scenario
(ecpEALL) shown in , we assume that “everyone can do everything” holds not only for DEvVEL-
opeRs but for all roles. This corresponds to a BCCM where, analogous to the organigraph in
Fig 7, all team members are aggregated into four blocks corresponding to their role.

: among DEVELOPERS (ECDEDEVS
B observed interactions (OBSINT) “everyone can do everything” { g ( )
among all roles (ECDEALL)
60 Issue Tracker Code Review Version Control
0.75
2
s
€ 050
o
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o
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Fig 8. Potentiality as a measure for knowledge diffusion. We compare the observed interactions (oBsINT) against two
synthetical benchmark scenarios proposed by genua. The first scenario (ECDEDEVs) assumes homogeneity among all
Deverorers. The second scenario (ECDEALL) assumes homogeneity among members of all roles. We show the results for
all years and development platforms separately. The team shows knowledge diffusion in the upper third of the
attainable range defined by the benchmark scenarios. The two benchmark scenarios result in almost identical levels of
knowledge diffusion.

https://doi.org/10.1371/journal.pone.0306923.g008

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 17/23


https://doi.org/10.1371/journal.pone.0306923.g008
https://doi.org/10.1371/journal.pone.0306923

PLOS ONE

Detecting the functional interaction structure of software development teams

For all platforms and all years we observe Po(EcDEALL) > Pot(ECDEDEVS) > Pot(0BSINT).
This ordering aligns with our expectation that knowledge diffusion has an inverse relation to
the heterogeneity of members of a role.

Notably, the difference between EcDEDEVs and ECDEALL is always diminishingly small. This
means that almost all possible improvements in knowledge diffusion can already be achieved if
“everyone can do everything” among DEVELOPERS. As indicated by 0OBSINT, the team currently
achieves a knowledge diffusion corresponding to around 70% of the optimal case ECDEALL.
Our analysis suggests that to improve this further, the team should target knowledge diffusion
among DEVELOPERs first.

Comparing the three platforms, we observe significantly higher knowledge diffusion on the
code review platform. This indicates that genua’s efforts to promote interactions by requiring
that at least three different team members contribute to all changes are successful. Finally, the
code review platform is primarily used by DEVELOPERS, explaining why the difference between
oBsINT and ECDEDEVS is largest here.

In conclusion, we find that the studied team achieves knowledge diffusion in the upper
third of the attainable range. Our analysis shows that almost the entire remaining gain can
already be achieved by obtaining optimal knowledge diffusion among developers (cf. ECDE-
Devs). Working towards this, the team at genua implements various agile methods, including
Scrum, Extreme Programming, and pair programming.

8 Threats to validity

Our study is subject to some threats to validity, which we discuss in the following.

8.1 Internal validity

While we have taken the utmost effort and care to obtain complete and correct data on the
interactions among all members of the product team, there are three limitations that we dis-
cuss in the following.

First, for our study, we mined all actions logged in the complete databases of all three devel-
opment platforms used by the analysed team. From our discussions with team members, we
learned that no development occurs without generating entries on these platforms as the team
strictly enforces all bugs and feature requests to be tracked and version controlled. That said,
due to confidentiality concerns, we could not obtain and analyse any text data. Next to the con-
tent of the interactions on the three development platforms, this also means that we did not
have access to any email or chat communication. Finally, interactions such as personal discus-
sions are not recorded. As a consequence, these interactions are missing from our data.

Second, as discussed in Section 3.2, the development platforms record actions instead of
interactions between team members. In discussion with members of the product team, we
identified a set of practices allowing us to extract the interactions corresponding to the
recorded actions. However, we expect a degree of heterogeneity in the behaviour of team
members, which is not covered by the practices. Furthermore, we expect team members to
adapt their behaviour over time and based on the context of the situation, resulting in changes
over time.

Finally, the three development platforms record different types of interactions (discussions,
code reviews, and co-editing of code). In our interviews, we discussed the possibility of weigh-
ing the different types of interactions for our combined results. However, there was no consen-
sus among our interviewees concerning which platform is most important for them.
Therefore, for our combined results, we treated all platforms as equal.
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8.2 Construct validity

In this study, we aimed to extract the functional relations between roles in a product team. To
this end, we studied the team’s interactions using a block model approach. The resulting rela-
tions match those identified in our subsequent interviews, confirming the usefulness of our
approach. However, we cannot entirely rule out unlikely cases in which our approach missed
relations that none of the five interviewed team members was aware of, as those would show
up neither in our data nor the interviews.

In the second part, we used the resulting functional interaction structure to assess knowl-
edge diffusion in the team. To this end, we used the entropy-based measure potentiality. While
our results suggest that potentiality captures knowledge diffusion adequately, additional mea-
sures, e.g., also capturing the content of interactions, could further improve our analysis.
Unfortunately, as we did not have access to any text data, we could not further explore this.

Finally, for our two hypothetical benchmark scenarios ECDEDEVs and ECDEALL, we assumed
perfect homogeneity among all team members of a role. We argue that the scenarios are help-
ful as optimal cases the team can work towards. However, different activity levels of team
members, turnover, and differences in team members’ experience with the product will always
cause the scenarios to remain purely theoretical. In addition, our analysis excluded the discus-
sion of the benefits of heterogeneity, e.g., increased productivity and creativity [55, 56], which
we will assess in future work.

8.3 External validity

Lastly, we performed our analysis in a case study for a single product team at genua, which
sparks questions regarding the external validity of our analysis. Our analysis approach solely
relies on time-stamped interaction data and information regarding team members’ roles and
makes no assumptions concerning their content. Therefore, we do not see concerns regarding
the generalisability of our approach.

9 Conclusions

An efficient interaction structure facilitates knowledge diffusion, allowing the team to main-
tain its performance and retain its knowledge base even when team members leave. However,
particularly in flexible, self-organised teams, the interaction structure evolves over time. While
this allows the team to adapt to new challenges, it also bears the risk of undesirable outcomes,
such as reduced software quality or the emergence of community smells.

This paper showed how the functional interaction structure, i.e., the preferences with which
members of different roles interact with each other, can be directly inferred from the traces
that team members create on their development platforms during their daily work. We began
by comparing three methods of aggregating interactions between team members based on
their roles. Our findings revealed that if all team members and roles demonstrate equal activity
levels, a reliable representation of the team’s functional interaction structure can be attained by
merely counting the interactions between the roles. However, when there are variations in
activity levels, a statistical model is necessary. To this end, the stochastic block model is a well-
established approach that can consider differences in the activity levels of roles. However, it
cannot account for variations in activity levels between team members. To address this issue,
we proposed to use the block-constrained configuration model to detect a team’s functional
interaction structure. Our approach further provides a more comprehensive understanding of
positive and negative interaction preferences by comparing this functional interaction struc-
ture to a random baseline.
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In a case study, we mined comprehensive data tracking the development process of a prod-
uct team at the German IT security company genua GmbH across three development plat-
forms. We then applied our approach to extract the functional interaction structure of the
team. We conducted semi-structured interviews with five team members in which we vali-
dated the accuracy of the detected interaction structure. In addition, the interviews allowed us
to enrich the detected interaction structure with information on the purpose of each interac-
tion. This made the interaction structure interpretable and yielded the team’s organigraph.

During the interviews, we further learned that to prevent knowledge loss, genua strives for
homogeneity among members of a role—i.e., “everyone can do everything” across members of
arole. This motivated a final experiment in which we showed how our approach enables
teams to compare themselves against synthetic benchmark scenarios. Specifically, we studied
the knowledge diffusion in the development team and compared it to two scenarios suggested
by genua. The first scenario assumed homogeneity only among DevELOPERS, while the second
scenario assumed homogeneity for all roles. Our results demonstrated that the team currently
reaches knowledge diffusion in the upper third of the attainable range. We further showed that
reaching homogeneity for all roles in the team is not required. Instead, almost all possible
gains in knowledge diffusion can already be achieved by further promoting interactions
between DEvELOPERS, which the team does by applying Scrum, Extreme Programming, and
pair programming.

Our approach is computationally efficient, allowing teams to track the results of their efforts
and manage their interaction structure in real-time, based solely on readily available develop-
ment data.

Acknowledgments

We thank the 5 anonymous interviewees from genua for the valuable insights provided during
the interviews. We further thank Giona Casiraghi for useful discussions about the BCCM and
contributions to the R implementation of the Potentiality function.

Author Contributions

Conceptualization: Christian Zingg, Frank Schweitzer, Christoph Gote.

Data curation: Christian Zingg, Alexander von Gernler, Carsten Arzig, Christoph Gote.
Formal analysis: Christian Zingg, Christoph Gote.

Funding acquisition: Alexander von Gernler, Frank Schweitzer.

Investigation: Christian Zingg, Christoph Gote.

Methodology: Christian Zingg, Christoph Gote.

Project administration: Alexander von Gernler, Frank Schweitzer, Christoph Gote.
Resources: Alexander von Gernler, Frank Schweitzer.

Software: Christian Zingg.

Supervision: Frank Schweitzer, Christoph Gote.

Validation: Christian Zingg, Christoph Gote.

Visualization: Christian Zingg, Christoph Gote.

Writing - original draft: Christian Zingg, Christoph Gote.

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 20/23


https://doi.org/10.1371/journal.pone.0306923

PLOS ONE

Detecting the functional interaction structure of software development teams

Writing - review & editing: Christian Zingg, Alexander von Gernler, Carsten Arzig, Frank

Schweitzer, Christoph Gote.

References

1.

10.

1.

12

13.

14.

15.

16.

17.

18.

19.

20.

Jassowski M. Organizational dynamics: Understanding the impact of organizational structure in team
productivity. IEEE Design & Test of Computers. 2012; 29(3):52-59. https://doi.org/10.1109/MDT.2012.
2208077

Tamburri DA, Kazman R, Fahimi H. The architect’s role in community shepherding. IEEE Software.
2016; 33(6):70-79. https://doi.org/10.1109/MS.2016.144

Gote C, Scholtes I, Schweitzer F. Analysing Time-Stamped Co-Editing Networks in Software Develop-
ment Teams using git2net. Empirical Software Engineering. 2021; 26(4):1-41. https://doi.org/10.1007/
s$10664-020-09928-2 PMID: 34720670

Scholtes I, Mavrodiev P, Schweitzer F. From Aristotle to Ringelmann: A large-scale analysis of team
productivity and coordination in Open Source Software projects. Empirical Software Engineering. 2016;
21(2):642—-683. https://doi.org/10.1007/s10664-015-9406-4

Yang HL, Tang JH. Team structure and team performance in IS development: A social network per-
spective. Information & management. 2004; 41(3):335-349. https://doi.org/10.1016/S0378-7206(03)
00078-8

Gote C, Mavrodiev P, Schweitzer F, Scholtes |. Big data = Big insights? Operationalising Brooks’ law in
amassive GitHub data set. In: 2022 IEEE/ACM 44th International Conference on Software Engineering
(ICSE); 2022. p. 262-273.

Nakakoji K, Yamamoto Y, Nishinaka Y, Kishida K, Ye Y. Evolution patterns of open-source software
systems and communities. In: Proceedings of the International Workshop on Principles of Software
Evolution—IWPSE’02. New York, New York, USA: ACM Press; 2002. p. 76.

Tamburri DAA, Kazman R, Fahimi H. On the Relationship Between Organisational Structure Patterns
and Architecture in Agile Teams. IEEE Transactions on Software Engineering. 2022;.

Beck K, Beedle M, Van Bennekum A, Cockburn A, Cunningham W, Fowler M, et al. Manifesto for agile
software development. Agile Alliance. 2001;.

Rank ON. Formal structures and informal networks: Structural analysis in organizations. Scandinavian
Journal of Management. 2008; 24:145-161. https://doi.org/10.1016/j.scaman.2008.02.005

Ralph P, Chiasson M, Kelley H. Social theory for software engineering research. In: Proceedings of the
20th International Conference on Evaluation and Assessment in Software Engineering. ACM; 2016.
p. 1-11.

Valverde S, Solé RV. Self-organization versus hierarchy in open-source social networks. Physical
Review E. 2007; 76:046118. https://doi.org/10.1103/PhysRevE.76.046118 PMID: 17995071

Hoegl M, Gemuenden HG. Teamwork quality and the success of innovative projects: A theoretical con-
cept and empirical evidence. Organization Science. 2001; 12(4):435—449. https://doi.org/10.1287/orsc.
12.4.435.10635

Tamburri DA, Kruchten P, Lago P, van Vliet H. Social debt in software engineering: Insights from indus-
try. Journal of Internet Services and Applications. 2015; 6:10. https://doi.org/10.1186/s13174-015-
0024-6

Bettenburg N, Hassan AE. Studying the Impact of Social Structures on Software Quality. In: 2010 IEEE
18th International Conference on Program Comprehension. IEEE; 2010. p. 124-133.

Palomba F, Tamburri DA, Fontana FA, Oliveto R, Zaidman A, Serebrenik A. Beyond technical aspects:
How do community smells influence the intensity of code smells? IEEE Transactions on Software Engi-
neering. 2018; 47(1):108-129. https://doi.org/10.1109/TSE.2018.2883603

Avelino G, Passos L, Hora A, Valente MT. A novel approach for estimating truck factors. In: 2016 IEEE
24th International Conference on Program Comprehension (ICPC). vol. 2016-July. IEEE; 2016. p. 1—
10.

Catolino G, Palomba F, Tamburri DA, Serebrenik A. Understanding Community Smells Variability: A
Statistical Approach. In: 2021 IEEE/ACM 43rd International Conference on Software Engineering: Soft-
ware Engineering in Society (ICSE-SEIS). vol. 2021-May. IEEE; 2021. p. 77-86.

Kraut RE, Streeter LA. Coordination in software development. Communications of the ACM. 1995;
38:69-81. hitps://doi.org/10.1145/203330.203345

Schwaber K, Sutherland J. The Scrum Guide—The definitive guide to Scrum: The rules of the game;
2020. Available from: https://scrumguides.org/download.html.

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 21/23


https://doi.org/10.1109/MDT.2012.2208077
https://doi.org/10.1109/MDT.2012.2208077
https://doi.org/10.1109/MS.2016.144
https://doi.org/10.1007/s10664-020-09928-2
https://doi.org/10.1007/s10664-020-09928-2
http://www.ncbi.nlm.nih.gov/pubmed/34720670
https://doi.org/10.1007/s10664-015-9406-4
https://doi.org/10.1016/S0378-7206(03)00078-8
https://doi.org/10.1016/S0378-7206(03)00078-8
https://doi.org/10.1016/j.scaman.2008.02.005
https://doi.org/10.1103/PhysRevE.76.046118
http://www.ncbi.nlm.nih.gov/pubmed/17995071
https://doi.org/10.1287/orsc.12.4.435.10635
https://doi.org/10.1287/orsc.12.4.435.10635
https://doi.org/10.1186/s13174-015-0024-6
https://doi.org/10.1186/s13174-015-0024-6
https://doi.org/10.1109/TSE.2018.2883603
https://doi.org/10.1145/203330.203345
https://scrumguides.org/download.html
https://doi.org/10.1371/journal.pone.0306923

PLOS ONE

Detecting the functional interaction structure of software development teams

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Ahmad MO, Markkula J, Oivo M. Kanban in software development: A systematic literature review. In:
2013 39th Euromicro Conference on Software Engineering and Advanced Applications. IEEE; 2013.
p. 9-16.

Beck K. Extreme Programming explained: Embrace change. USA: Addison-Wesley Longman Publish-
ing Co., Inc.; 1999.

Zhou X, Huang H, Zhang H, Huang X, Shao D, Zhong C. A Cross-Company Ethnographic Study on
Software Teams for DevOps and Microservices: Organization, Benefits, and Issues. In: Proceedings of
the 44th International Conference on Software Engineering: Software Engineering in Practice (ICSE-
SEIP). IEEE; 2022. p. 1-10.

Casiraghi G. The block-constrained configuration model. Applied Network Science. 2019; 4(1):128.
https://doi.org/10.1007/s41109-019-0241-1

Mintzberg H, der Heyden LV. Organigraphs: Drawing how companies really work. Harvard Business
Review. 1999; 77:87-94, 184. PMID: 10621269

Vijayaraghavan VS, Noél PA, Maoz Z, D’'Souza RM. Quantifying dynamical spillover in co-evolving mul-
tiplex networks. Scientific Reports. 2015; 5(1):15142. https://doi.org/10.1038/srep15142 PMID:
26459949

Zingg C, Nanumyan V, Schweitzer F. Citations driven by social connections? A multi-layer representa-
tion of coauthorship networks. Quantitative Science Studies. 2020; 1(4):1493—-15009. https://doi.org/10.
1162/gss_a_00092

Casiraghi G, Schweitzer F. Improving the Robustness of Online Social Networks: A Simulation
Approach of Network Interventions. Frontiers in Robotics and Al. 2020; 7:57. https://doi.org/10.3389/
frobt.2020.00057 PMID: 33501225

Zingg C, Casiraghi G, Vaccario G, Schweitzer F. What is the entropy of a social organization? Entropy.
2019; 21(9):901. https://doi.org/10.3390/e21090901

Kulisiewicz M, Kazienko P, Szymanski BK, Michalski R. Entropy measures of human communication
dynamics. Scientific Reports. 2018; 8(1):15697. https://doi.org/10.1038/s41598-018-32571-3 PMID:
30356067

Zanetti MS, Scholtes |, Tessone CJ, Schweitzer F. The rise and fall of a central contributor: Dynamics of
social organization and performance in the GENTOO community. In: 2013 6th International Workshop
on Cooperative and Human Aspects of Software Engineering, CHASE 2013—Proceedings. IEEE;
2013. p. 49-56.

Sailer K, Koutsolampros P, Austwick MZ, Varoudis T, Hudson-Smith A. Measuring Interaction in Work-
places. In: Architecture and Interaction: Human Computer Interaction in Space and Place. Springer,
Cham; 2016. p. 137-161.

Malarz K, Kowalska-Styczen A, Kutakowski K. The working group performance modeled by a bi-layer
cellular automaton. Simulation. 2016; 92:179-198. https://doi.org/10.1177/0037549715614096

Casiraghi G, Zingg C, Schweitzer F. The downside of heterogeneity: How established relations counter-
act systemic adaptivity in tasks assignments. Entropy. 2021; 23(12):1677. https://doi.org/10.3390/
23121677 PMID: 34945983

Bascompte J, Jordano P. Plant-Animal Mutualistic Networks: The Architecture of Biodiversity. Annual
Review of Ecology, Evolution, and Systematics. 2007; 38:567-593. https://doi.org/10.1146/annurev.
ecolsys.38.091206.095818

Leger J, Daudin J, Vacher C. Clustering methods differ in their ability to detect patterns in ecological net-
works. Methods in Ecology and Evolution. 2015; 6:474—-481. https://doi.org/10.1111/2041-210X.12334

Ochieng PJ, Kusuma WA, Haryanto T. Detection of protein complex from protein-protein interaction
network using Markov clustering. Journal of Physics: Conference Series. 2017;835:012001. 10.1088/
1742-6596/835/1/012001

Arceo-Gomez G, Kaczorowski RL, Ashman TL. A Network Approach to Understanding Patterns of
Coflowering in Diverse Communities. International Journal of Plant Sciences. 2018; 179:569-582.
https://doi.org/10.1086/698712

Tylianakis JM, Tscharntke T, Lewis OT. Habitat modification alters the structure of tropical host—parasit-
oid food webs. Nature. 2007; 445:202—205. https://doi.org/10.1038/nature05429 PMID: 17215842

Banasek-Richter C, Cattin MF, Bersier LF. Sampling effects and the robustness of quantitative and
qualitative food-web descriptors. Journal of Theoretical Biology. 2004; 226:23-32. https://doi.org/10.
1016/S0022-5193(03)00305-9 PMID: 14637051

Miele V, Ramos-Jiliberto R, Vazquez DP. Core—periphery dynamics in a plant—pollinator network. Jour-
nal of Animal Ecology. 2020; 89:1670—1677. https://doi.org/10.1111/1365-2656.13217 PMID:
32215907

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 22/23


https://doi.org/10.1007/s41109-019-0241-1
http://www.ncbi.nlm.nih.gov/pubmed/10621269
https://doi.org/10.1038/srep15142
http://www.ncbi.nlm.nih.gov/pubmed/26459949
https://doi.org/10.1162/qss_a_00092
https://doi.org/10.1162/qss_a_00092
https://doi.org/10.3389/frobt.2020.00057
https://doi.org/10.3389/frobt.2020.00057
http://www.ncbi.nlm.nih.gov/pubmed/33501225
https://doi.org/10.3390/e21090901
https://doi.org/10.1038/s41598-018-32571-3
http://www.ncbi.nlm.nih.gov/pubmed/30356067
https://doi.org/10.1177/0037549715614096
https://doi.org/10.3390/e23121677
https://doi.org/10.3390/e23121677
http://www.ncbi.nlm.nih.gov/pubmed/34945983
https://doi.org/10.1146/annurev.ecolsys.38.091206.095818
https://doi.org/10.1146/annurev.ecolsys.38.091206.095818
https://doi.org/10.1111/2041-210X.12334
https://doi.org/10.1088/1742-6596/835/1/012001
https://doi.org/10.1088/1742-6596/835/1/012001
https://doi.org/10.1086/698712
https://doi.org/10.1038/nature05429
http://www.ncbi.nlm.nih.gov/pubmed/17215842
https://doi.org/10.1016/S0022-5193(03)00305-9
https://doi.org/10.1016/S0022-5193(03)00305-9
http://www.ncbi.nlm.nih.gov/pubmed/14637051
https://doi.org/10.1111/1365-2656.13217
http://www.ncbi.nlm.nih.gov/pubmed/32215907
https://doi.org/10.1371/journal.pone.0306923

PLOS ONE

Detecting the functional interaction structure of software development teams

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.
54.

55.

56.

Kéfi S, Miele V, Wieters EA, Navarrete SA, Berlow EL. How Structured Is the Entangled Bank? The Sur-
prisingly Simple Organization of Multiplex Ecological Networks Leads to Increased Persistence and
Resilience. PLOS Biology. 2016; 14:€1002527. https://doi.org/10.1371/journal.pbio.1002527 PMID:
27487303

Mariadassou M, Robin S, Vacher C. Uncovering latent structure in valued graphs: A variational
approach. The Annals of Applied Statistics. 2010; 4:715-742. https://doi.org/10.1214/10-AOAS361

Karrer B, Newman MEJ. Stochastic blockmodels and community structure in networks. Physical
Review E. 2011; 83:016107. https://doi.org/10.1103/PhysRevE.83.016107 PMID: 21405744

Airoldi EM, Blei DM, Fienberg SE, Xing EP. Mixed Membership Stochastic Blockmodels. Journal of
Machine Learning Research (JMLR). 2008; 9:1981-2014. PMID: 21701698

Lesyuk A. Mastering Redmine: An expert’s guide to open source project management with Redmine.
2nd ed. Community Experience Distilled. Birmingham: Packt Publishing; 2016.

Miller P. Aegis; 2013. Available from: https://sourceforge.net/projects/aegis/.

Gote C, Scholtes I, Schweitzer F. git2net—Mining time-stamped co-editing networks from large git
repositories. In: 2019 IEEE/ACM 16th International Conference on Mining Software Repositories
(MSR). vol. 2019-May. IEEE; 2019. p. 433—444.

Bolici F, Howison J, Crowston K. Stigmergic coordination in FLOSS development teams: Integrating
explicit and implicit mechanisms. Cognitive Systems Research. 2016; 38:14—22. https://doi.org/10.
1016/j.cogsys.2015.12.003

Cataldo M, Wagstrom PA, Herbsleb JD, Carley KM. Identification of coordination requirements: Implica-
tions for the design of collaboration and awareness tools. In: Proceedings of the 2006 20th Anniversary
Conference on Computer Supported Cooperative Work; 2006. p. 353—-362.

Holland PW, Laskey KB, Leinhardt S. Stochastic blockmodels: First steps. Social Networks. 1983;
5:109-137. https://doi.org/10.1016/0378-8733(83)90021-7

Lee C, Wilkinson DJ. A review of stochastic block models and extensions for graph clustering. Applied
Network Science. 2019; 4:122. https://doi.org/10.1007/s41109-019-0232-2

Casiraghi G, Nanumyan V. r-ghypernet Version 1.0.1; 2020. https://doi.org/10.5281/zenodo.4117523.

Adams WC. Conducting semi-structured interviews. In: Handbook of Practical Program Evaluation.
Hoboken, NJ, USA: John Wiley & Sons, Inc.; 2015. p. 492-505.

Shin SJ, Zhou J. When is educational specialization heterogeneity related to creativity in research and
development teams? Transformational leadership as a moderator. Journal of Applied Psychology.
2007; 92(6):1709. https://doi.org/10.1037/0021-9010.92.6.1709 PMID: 18020807

Hamilton BH, Nickerson JA, Owan H. Team incentives and worker heterogeneity: An empirical analysis
of the impact of teams on productivity and participation. Journal of Political Economy. 2003; 111
(3):465—-497. https://doi.org/10.1086/374182

PLOS ONE | https://doi.org/10.1371/journal.pone.0306923  October 24, 2024 23/23


https://doi.org/10.1371/journal.pbio.1002527
http://www.ncbi.nlm.nih.gov/pubmed/27487303
https://doi.org/10.1214/10-AOAS361
https://doi.org/10.1103/PhysRevE.83.016107
http://www.ncbi.nlm.nih.gov/pubmed/21405744
http://www.ncbi.nlm.nih.gov/pubmed/21701698
https://sourceforge.net/projects/aegis/
https://doi.org/10.1016/j.cogsys.2015.12.003
https://doi.org/10.1016/j.cogsys.2015.12.003
https://doi.org/10.1016/0378-8733(83)90021-7
https://doi.org/10.1007/s41109-019-0232-2
https://doi.org/10.5281/zenodo.4117523
https://doi.org/10.1037/0021-9010.92.6.1709
http://www.ncbi.nlm.nih.gov/pubmed/18020807
https://doi.org/10.1086/374182
https://doi.org/10.1371/journal.pone.0306923

