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A B S T R A C T

Estimating and understanding software development productivity represent crucial tasks for researchers and
practitioners. Although different works focused on evaluating the impact of human factors on productivity, a
few explored the influence of cultural/geographical diversity in software development communities. More par-
ticularly, all previous treatise addresses cultural aspects as abstract concepts without providing a quantitative
representation. Improved knowledge of these matters might help project managers to assemble more productive
teams and tool vendors to design software analytics toolkits that may better estimate productivity. This paper
has the goal of enlarging the existing body of knowledge on the factors affecting productivity by focusing on
cultural and geographical dispersion of a development community—namely, how diverse a community is in terms
of cultural attitudes and geographical collocation of the members who belong to it. To reach this goal, we
performed a mixed-method empirical study. First, we built a statistical model relating dispersion metrics with
the productivity of 25 open-source communities on Github. Then, we performed a confirmatory survey with
140 practitioners. The key results of our study indicate that cultural and geographical dispersion considerably
impact productivity, thus encouraging managers and practitioners to consider such aspects during all the phases
of the software development lifecycle. We conclude our paper by elaborating on the main insights from our
analyses and instilling implications that may drive further research.
1. Introduction

Software productivity refers to the efficiency and effectiveness of
software development teams in creating, testing, and deploying soft-
ware systems (Scacchi, 1995). High productivity levels typically lead
to faster time-to-market, better quality software, and greater customer
satisfaction (Behutiye et al., 2017; Cardozo et al., 2010). Nonetheless,
assessing software productivity is challenging: while different produc-
tivity indicators have been proposed, e.g., lines of code written or bugs
fixed per time unit (Wagner and Ruhe, 2018; Oliveira et al., 2018;
Petersen, 2011), the perception and feeling of productivity can vary
among team members (Girardi et al., 2021), e.g., a developer may feel
highly productive when accomplishing difficult tasks rather than based
on the time spent on coding.

Global Software Engineering (GSE) (Richardson et al., 2010; Cherry
and Robillard, 2004)—i.e., the set of practices and guidelines aimed
at managing distributed teams—further challenges the estimation of
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development productivity. Indeed, in such a distributed scenario addi-
tional social and cultural aspects come into play (Herbsleb and Moitra,
2001; Mockus and Herbsleb, 2001). For instance, a sub-optimal man-
agement of the heterogeneity of development teams may cause heavier
inter-team communication and misunderstanding among team mem-
bers (Elbert, 2010; Cherry and Robillard, 2004; Casey and Richardson,
2008) that altogether negatively affect software communities’ produc-
tivity (Murphy-Hill et al., 2019; Wagner and Ruhe, 2018; Mohagheghi
and Conradi, 2007; Boehm et al., 2000; Graziotin et al., 2015; Vasilescu
et al., 2015a).

The GSE research community has been conducting multiple studies
targeting the relation between social and human factors on produc-
tivity (Machuca-Villegas et al., 2020, 2021, 2022; Gorla and Lam,
2004), other than the underlying reasons behind miscommunication,
e.g., community smells (Tamburri et al., 2019a; Palomba et al., 2021)
and gender diversity (Catolino et al., 2019b,a). While these previous
works have provided compelling evidence of how productivity can
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be affected by social and human aspects, our research highlights a
noticeable lack of knowledge of the role played by cultural and geo-
graphical dispersion, which are factors that can significantly impact how
individuals perceive and measure productivity. Some cultures indeed
emphasize teamwork, while others value individual effort (Hofstede
et al., 2005; Hofstede, 2011): these differences may lead to variations
in how team members perceive productivity and their overall effec-
tiveness. Furthermore, geographically dispersed teams may experience
concerns due to communication barriers and time zone differences,
which might lead to inaccurate performance evaluations and hinder
team effectiveness.

An improved understanding of the impact of cultural and geograph-
ical dispersion on productivity may lead to significant improvements in
multiple project management knowledge areas and procedures (Project
Management Institute, 2021). For example, knowing more about the
dispersion of a development team since the initiation processes could
lead to better risk management planning and a consequent more robust
risk register, mitigation, and contingency strategies. Consequentially,
better risk management knowledge positively impacts all the other
knowledge areas—e.g., cost, time, and communication—leading to a
general improvement of the overall software development process.

In our previous empirical study (Lambiase et al., 2022a), we took a
first step toward this direction by conducting a quantitative investiga-
tion on the relation between the cultural and geographical dispersion of
a community—i.e., the degree to which a community is formed by indi-
viduals growing up in and coming from different places globally—and
its productivity, as measured by the number of commits in a specific
time range (Lambiase et al., 2022a). We represented culture using
the Hofstede 6D Model, namely, a framework that uses six measures
to uniquely represent the culture of individuals based on their origin
country, widely known and adopted for various work in the software
engineering field (Borchers, 2003; Casey, 2011; Abufardeh and Magel,
2010; Venkateswaran and Ojha, 2019). We built a statistical regression
model to assess the relationship between the two dispersion metrics
and productivity, conducting the study on 25 open-source communities
on Github. The results of our analysis showed that dispersion metrics
influence developers’ productivity both positively and negatively.

In this paper, we extend our previous work (Lambiase et al., 2022a)
by complementing the statistical study with a qualitative empirical
examination of the perceived value and impact of dispersion metrics
over the productivity of software communities, hence assessing the
overall goals of our study through mixed-method research (Johnson
et al., 2007). More particularly, we complemented the statistical mod-
eling findings with a survey study involving 140 participants with
experience in distributed software development. By means of the survey
study, we could first corroborate the statistical investigation with more
qualitative insights aiming at understanding the value of cultural and
geographical dispersion for the overall productivity of software commu-
nities and strengthen our findings. Secondly, we could also elaborate
and further analyze a potential threat to the validity of the previous
study, i.e., we estimated productivity through the number of commits
within a time range; however, developers might perceive productivity
differently, hence influencing the conclusions drawn in our preliminary
study.

In the first place, our findings confirm the results achieved in
our preliminary investigation (Lambiase et al., 2022a): cultural and
geographical dispersions sensibly impact a software development com-
munity’s productivity, but not necessarily in a negative manner. De-
pending on the specific dispersion metrics considered in our study, we
could draw implications for productivity. Our survey participants also
confirmed the soundness of the design decisions taken in the statistical
modeling exercise: the number of commits per time range is perceived
as a valid proxy to estimate the actual community productivity. As a
further result, both the survey and the statistical model confirm that
socio-technical factors—e.g., team size and truck factor—influence the
productivity of a software development community.
2

To sum up, our work provides the following contributions: a
1. Statistical insights into the role of dispersion metrics on software
productivity;

2. A large-scale confirmatory survey study involving 140 develop-
ers to qualitatively validate the results of the statistical model
and strengthen them;

3. An online replication package (Lambiase et al., 2023) publicly
available to support replication and future work.

Our work finally offers and discusses a number of insights and
implications to researchers, practitioners, and tool vendors, on how
to effectively exploit cultural and geographical metrics to improve the
overall productivity of software teams.

Structure of the paper. Section 2 describes the background of this work
and the related work. In Section 3, we present and outline the design of
our study, and Section 4 reports the study results. Section 5 discusses
the insights of the paper, and Section 6 examines the threats to the
validity and how we mitigated them. Finally, Section 7 concludes the
paper and provides insights on our future research agenda.

2. Background and related work

This section describes the background and related work that is the
foundation for our contributions.

2.1. Cultural aspects in software engineering

Nowadays, software development is often a geographically dis-
tributed effort involving stakeholders and practitioners collaborating
from different places worldwide (Herbsleb and Moitra, 2001; Mar-
inho et al., 2018; Mockus and Herbsleb, 2001). For such a reason,
Global Software Engineering (GSE)—i.e., the application of software
engineering practices for managing and developing software distributed
projects (Richardson et al., 2010; Marinho et al., 2018; Stray and Moe,
2020; Noll et al., 2011)—and the associated research field are becoming
even more popular. Specifically, in the large set of topics the research
community discusses, the social impact of such ‘‘dispersion’’ on product
and project metrics is of particular interest. In particular, among the
various problems, there is a growing interest in characterizing cultural
aspects and their potentially catastrophic impact if not correctly man-
aged (Marinho et al., 2018; Noll et al., 2011; Deshpande et al., 2010;
Shah et al., 2012).

Culture has been defined by Kreitner et al. as a set of granted
ssumptions about how to act and think that characterize a com-
unity of individuals (Kreitner et al., 1999). Indeed, culture is a

omplex topic and is difficult to formalize and measure, so most of the
ork in literature treats it in an abstract manner (Deshpande et al.,
010). Nevertheless, having a tool to measure culture quantitatively
s beneficial to conduct research (Furnham, 2012). For such a pur-
ose, various frameworks and tools arise to allow researchers and
ractitioners in various fields to measure and represent the culture of
ndividuals (Hofstede, 2011; Hall, 1989; Hampden-Turner et al., 2020).
ost of them consisted of a representation based on a set of numerical

alues—called dimensions—whose combination uniquely characterizes
he cultural behavior of an individual or a group of people. For exam-
le, Hampden-Turner et al. (Hampden-Turner et al., 2020) represented
ulture using three layers, i.e., explicit culture, norms and values, and
ssumption about existence.

Of particular interest to our work is the framework proposed by
eert Hofstede, i.e., the Hofstede 6D Framework, a set of six dimen-

ions that assume values from zero to one hundred and which com-
ination characterizes groups of individuals from a specific country
lobally (Deshpande et al., 2010; Shah et al., 2012; Richardson et al.,
010; Stray and Moe, 2020). The six Hofstede’s dimensions are defined

s follows:
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Fig. 1. Hofstede’s cultural dimensions values computed for Italy, China, and India.

Power Distance Index (PDI). It refers to the degree of inequality that
exists and is accepted between people with and without power
in a community. A high score of PDI indicates that society
accepts a hierarchical order in which everybody has a deter-
mined place. On the contrary, in societies with low PDI, people
seek to equalize the power distribution between all community
members.

ndividualism vs. Collectivism (IDV ). It represents the degree to
which people in a society are integrated into groups and their
perceived obligations and dependence on groups. A high level
indicates a society where individuals are expected to care for
only themselves and their immediate families. Conversely, a low
level indicates a society in which people are supposed to be loyal
to their group.

asculinity vs. Femininity (MAS). It represents a contrast between
the two preferences. The Masculinity side indicates a preference
for achievement, heroism, assertiveness, and material rewards
for success. In contrast, the Femininity side represents a pref-
erence for cooperation, caring for the weak, and quality of
life.

Uncertainty Avoidance (UAI). It expresses the degree to which the
members of a society feel uncomfortable with uncertainty and
ambiguity. A high level of UAI indicates that people tend to
(1) maintain rigid codes of belief and behavior and (2) are
intolerant of unorthodox behavior and ideas. Conversely, a low
level of UAI indicates societies that maintain a more relaxed
attitude in which practice counts more than principles.

Long vs. Short Term Orientation (LTO). It measures how much peo-
ple are oriented toward a long-term vision of life than a short-
term one. A high score of LTO indicates that people emphasize
persistence, perseverance, and long-term growth. On the con-
trary, a low score of LTO indicates that people emphasize quick
results and respect for tradition.

ndulgence vs. Restraint (IVR). It refers to the extent and tendency
of a society to fulfill its members’ desires. A high level indi-
cates that society allows relatively free gratification related to
enjoying life and having fun. Conversely, a low level indicates
a society that controls the gratification of needs and regulates it
using strict social norms.

To better contextualize the Hofstede framework, Fig. 1 shows an
3

xample of the dimensions computed for three countries, i.e., China, c
taly, India.1 For example, looking at the IDV score value of Italy,
e can notice that the score is 75, representing a society in which

ndividualism tend to be preferred to collaboration. On the contrary,
hina has a score of 28, meaning people act in the interests of the group
nd not necessarily of themselves. Moreover, analyzing the UAI scores,
e can see that Italy and China have a value of 30 and 40, indicating

hat people in such countries tend to be more tolerant of risky situations
nd changes. In contrast, India has a value of 75, revealing a more
raditional society.

Despite the diffuseness of this framework, the research community
ad mixed opinions on its validity (Roberts and Boyacigiller, 2012;
ilon, 2008; Baskerville, 2003) supporting in some cases its rejec-

ion (Brewer and Venaik, 2012, 2014; Sorge, 1983). For instance,
rewer and Venaik (2012, 2014) deemed unreliable the tool’s ability to
epresent cultural profiles. Nonetheless, follow-up studies highlighted
he potential of the framework; for example, Venkateswaran and Ojha
2019) showed that Hofstede’s framework represents the most effective
ay to characterize the complex world of cultural aspects which has
een already shown effective in several fields (Borchers, 2003; Abu-
ardeh and Magel, 2010; Casey, 2011), e.g., management, law, politics,
thics, architecture, medicine, and computer science (Hofstede, 2017).

Some works studied the use of Hofstede in the context of software
ngineering (Darwish and Henryson, 2019; Borchers, 2003). Recently,
arwish and Henryson (2019) published a thesis that studied how
ultural background influences adopting a specific SE practice (e.g.,

documentation design, refactoring, test driven development). They re-
ported that developers with similar behaviors related to cultural dimen-
sions (i.e., PDI and UAI) tend to adopt similar practices (e.g., making
early design decisions and test driven development). In another work,
Borchers (2003) conducted research on how cultural factors influence
software engineering processes, such as code review. The study specifi-
cally examined three countries: Japan, India, and the United States. The
findings revealed that various cultures approach software engineering
processes differently. For instance, Japanese developers exhibit a signif-
icant level of UAI, which leads to slower decision-making. Borchers also
emphasized that cultural differences within software teams can affect
software architecture, suggesting further exploration of this topic in the
field.

2.2. Productivity factors

Productivity is a complex concept to define and measure. Neverthe-
less, various metrics arise (Sadowski and Zimmermann, 2019; Mockus
et al., 2002; Hernández-López et al., 2013; Boehm et al., 2000; Oliveira
et al., 2020), and researchers agree that productivity measures should
be expressed in terms of output produced in a given time given a
specific input (Mockus et al., 2002; Oliveira et al., 2020). For example,
some works define the productivity of a development community as
the number of accomplished contributions by team members—e.g.,
commits, push, or tasks completed in a given unit of time—for the
entire project duration (Adams et al., 2009; Sornette et al., 2014;
Oliveira et al., 2020).

Additionally, researchers investigated which factors influenced the
productivity of a software development team (Murphy-Hill et al., 2019;
Wagner and Ruhe, 2018; Mohagheghi and Conradi, 2007; Boehm et al.,
2000; Graziotin et al., 2015; Vasilescu et al., 2015a; de Lemos Meira
et al., 2010). From our review, we can divide these studies based on
the metrics found relevant, i.e., technical and social:

Technical Factors. Regarding technical factors, i.e., product metrics
and tools, Wagner and Ruhe (2018) conducted a systematic
review, showing how metrics like code reuse, software size,

1 Hofstede 6D Model website: https://www.hofstede-insights.com/country-
omparison/china,india,italy/.

https://www.hofstede-insights.com/country-comparison/china,india,italy/
https://www.hofstede-insights.com/country-comparison/china,india,italy/


The Journal of Systems & Software 208 (2024) 111878S. Lambiase et al.

S

d
t
o

t
c
a
t

c

Table 1
Comparison with related work.

Related work Main focus Differences

Wagner and
Ruhe (2018)

It is a systematic literature review showing how
product metrics such as code reuse, software size, and
programming language highly impact developers’
productivity.

• No focus on social metrics has been put in the investigation.
• No quantitative or qualitative methods have been used to validate the findings.

Graziotin et al.
(2015)

They performed an observational study with eight
participants to study the influence of affecting
dimensions on self-assessed productivity.

• Paper did not investigate cultural and dispersions metrics.
• Authors did not use quantitative methods.

Vasilescu et al.
(2015a)

They performed a mixed-method approach study to
investigate the influence of gender and tenure diversity
on team productivity.

• Paper did not investigate cultural and dispersions metrics.
• Authors did not focus on productivity measures.

Murphy-Hill
et al. (2019)

They surveyed practitioners from three private
companies to identify factors that can influence
self-assessed productivity.

• Paper did not investigate cultural and dispersions metrics.
• Authors did not focus on productivity measures.
• Authors did not use quantitative methods.

Darwish and
Henryson (2019)

They studied how cultural background influences
adopting a specific SE practice aiming to provide
insights that allow managers to take advantage of each
culture’s strengths.

• The context of the study was limited to Indonesian and Sweden developers.
• The authors did not study the impact of culture on productivity.

Borchers (2003) It is a report and analysis of the author’s past
experience in managing software teams composed of
people from Japan, India, and the United States. The
goal was to study how different cultures approach
software development phases.

• The author used only three of the six Hofstede Dimensions to characterize culture.
• The context of the study was limited to Japan, India, and the United States developers.
• The authors did not study the impact of culture on productivity.
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and programming language highly impact developers’ produc-
tivity. Finally, Mohagheghi and Conradi (2007) investigated the
relationship between productivity and software reuse, showing
positive results.

ocial Factors. Regarding social factors—mainly related to people
and their relations—Murphy-Hill et al. (2019) surveyed practi-
tioners, showing how social factors—e.g., people’s enthusiasm,
peer support, and valuable feedback about job performance—
strongly affect people’s productivity. Moreover, Wagner and
Ruhe (2018) demonstrated that social factors like corporate cul-
ture and working environment are essential to enhance software
teams’ productivity. Graziotin et al. (2015) showed how valence
and dominance dimensions in developers affect self-assessed
productivity. Finally, Vasilescu et al. (2015a) demonstrated how
gender and tenure diversity are good predictors of productivity
using a statistical model. Moreover, they adopted a mixed-
method approach—i.e., data mining and surveys—to strengthen
their findings.

More recently, Murphy-Hill et al. (2019) studied the concept
of self-rated productivity (Ramírez and Nembhard, 2004) and
the factors able to influence it. Specifically, they conducted a
survey with practitioners from private companies in IT fields—
i.e., Google, ABB, and National Instruments—to identify and
study the aspects that practitioners could use to predict the
productivity of a software development team. Their findings
suggest that the factors most useful to predict productivity are
not technical but social ones—e.g., job enthusiasm, peer sup-
port for new ideas, and receiving helpful feedback about job
performance.

With respect to the works discussed so far, we identified multiple
ifferences and research gaps. Table 1 summarizes the major charac-
eristics of the related work and points out the main research gaps that
ur study aims at filling.

Graziotin et al. (2015) and Vasilescu et al. (2015a) conducted inves-
igations on social and human factors on productivity, not considering
ultural and geographical indicators. Our study can be therefore seen
s complementary, as it enlarges the body of knowledge with respect
o these previous papers.

As for Murphy-Hill et al. (2019) and Wagner and Ruhe (2018), they
4

onducted more general survey studies which did not have the explicit
oal of analyzing the impact of culture. In other terms, the findings re-
orted on the matter can be considered tangential and not comprehen-
ive. Moreover, our mixed-method investigation allowed us to investi-
ate cultural and geographical dispersion under different perspectives,
ence strengthening the conclusion validity and generalizability of the
indings.

Perhaps more importantly, the authors treat cultural aspects in
n abstract and high-level manner without operationalizing them. On
he contrary, we exploited Hofstede’s 6-D framework (Hofstede et al.,
005), which was explicitly defined to represent cultural dimensions
uantitatively.

Last but not least, Murphy-Hill et al. (2019) assessed self-rated
productivity (Ramírez and Nembhard, 2004), while we experimented
with the number of commits per time range. This metric was considered
a valid proxy for productivity by the practitioners involved, hence
potentially representing an additional insight provided by our work
with respect to how productivity can be estimated.

3. Research study design

This section describes the research questions and the methods used
to achieve the study’s primary objective.

3.1. Research questions and goals

The goal of the study is to analyze the relationship between the
ultural and geographical dispersion of a development community and its
roductivity, computed by counting the number of commits in a range
f time (Mockus et al., 2002). The purpose is to increase awareness

and allow practitioners to make more informed decisions based on
their software development community. The perspective is of managers
interested in effectively allocating resources, adhering to the project’s
requirements, or managing/monitoring complex organizational struc-
tures.

Although causation requires more than simple regression and
correlation—the principal aim of this contribution—our work started
from the hypothesis that the productivity of a development community
may be influenced by its cultural and geographical dispersion. Fig. 2
depicts a potential cause–effect construct model on how dispersion met-
rics and productivity could be related. When a community is culturally
diverse and spread across different geographical locations, it can har-

ness a rich pool of perspectives and skills. However, this dispersion can
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Fig. 2. Cause-effect construct example.

also pose challenges in terms of communication and collaboration; sub-
optimal management of the heterogeneity of development teams may
cause heavier inter-team communication and misunderstanding among
team members that altogether negatively affect software communities’
productivity.

The goals of the empirical study were mapped onto the following
research question.

RQ—Dispersion Metrics Versus Productivity

To what extent do cultural and geographical dispersion influence
teams’ productivity?

Fig. 3 overviews the methods employed to address our research
question. We adopted a mixed-method research approach (Johnson
et al., 2007) in which both qualitative and quantitative studies are
performed to reach theoretical saturation. Specifically, in our research,
we performed the following studies:

Quantitative Investigation: we built a statistical model—a mixed-
linear regression model (Lindstrom and Bates, 1988)—able to as-
sess whether cultural and geographical dispersion relates to the
productivity of open-source development communities.

Qualitative Investigation: we surveyed 140 practitioners with expe-
rience in distributed software development to gather their opinion
on how different culturally originated behaviors in software teams
5

can influence their productivity.
Table 2
Projects in the dataset.

Project Progr. Language # Windows

Akretion Python 6
Bigcheese C++ 1
Burke Go 5
Chapuni C++ 9
Cloudfoundry Shell 7
CTSRD-CHERI C++ 2
Django Python 23
Emberjs Python 7
Fangism C++ 1
Genome Perl 5
Holman C 7
Jedi4ever Shell 8
Jrk C++ 1
Liferay Java 12
Loganchien C++ 1
Moodle PHP 14
Mozilla - gecko-dev C++ 1
Mozilla - OpenBadger Javascript 2
Mxcube Python 2
Puppetlabs Ruby 14
RobbyRussel Python 15
Rspec Ruby 13
Symfony Python 13
Torvalds C 17
Travis-ci Javascript 10

In terms of reporting, we employed the guidelines by Wohlin et al.
(2012), other than following the ACM/SIGSOFT Empirical Standards.2
Moreover, a replication package of the study is available online (Lam-
biase et al., 2023).

3.2. Design of the quantitative study: Regression model

The first step of our study consisted of a statistical analysis ana-
lyzing the relationship between dispersion metrics—i.e., cultural and
geographical dispersion—and the productivity of software development
communities. In the following, we provided information about our
quantitative investigation.

3.2.1. Data collection
To conduct our study, we used the dataset from our previous

study (Lambiase et al., 2022b) containing socio-technical metrics about
25 open-source software communities. Specifically, the dataset contains
information for different time windows, made of 90 days. Therefore, we
had information in various time slices for each software development
community. Table 2 reports the list of the projects and the number of
windows considered for each of them in our study.

Within the dataset, the most valuable metrics are represented by
software communities’ cultural and geographical dispersion indicators.
As for cultural dispersion, the dataset contains six cultural metrics that
can assume values from zero to fifty. Each metric corresponds to the
standard deviation of the set containing the community members’ value
for one of the six dimensions of Hofstede (Hofstede et al., 2005). As
for the geographical dispersion, the metric considered the standard
deviation of the spherical distances (in miles) between each community
member as a metric—computed using the GeoPy3 library. To compute
oth metrics, we relied on the original country of the developers in
he development communities, which was provided in the original
ataset (Catolino et al., 2019b; Vasilescu et al., 2015b)—more details
n the following section.

2 Available at the following link: https://github.com/acmsigsoft/
mpiricalStandards. Given the nature of our study and the currently
vailable standards, we followed the ‘‘General Standard’’, ‘‘Questionnaire

Surveys’’, ‘‘Mixed Methods’’, and ‘‘Data Science’’ definitions and guidelines.
3 https://geopy.readthedocs.io/en/stable/index.html

https://github.com/acmsigsoft/EmpiricalStandards
https://github.com/acmsigsoft/EmpiricalStandards
https://geopy.readthedocs.io/en/stable/index.html
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Fig. 3. Overview of the research methods used to address the research questions of the study.
3.2.2. Statistical model variables
To answer our research question, we built a statistical linear mixed

regression model (Lindstrom and Bates, 1988) relating a development
community’s cultural and geographical dispersion to productivity—
expressed in terms of the number of commits.

Independent variables. In the context of our study, we considered the
following independent variables.

Cultural Dispersion. The cultural dispersion of a development com-
munity indicates how such a community is formed by developers
coming from different cultural behaviors (Lambiase et al., 2022b;
Tamburri et al., 2019b). Being a quantitative measure, it is nec-
essary to represent the culture of individuals using a quantitative
framework; hence, we used the six metrics in Hofstede’s frame-
work (Hofstede et al., 2005)—described in Section 2. By such a
choice, we defined six cultural dispersion metrics—one for each
Hofstede dimension—corresponding to the standard deviation of
the set containing the Hofstede community members’ values. The
metrics are reported in the following:

• PDID: Power Distance Index Dispersion indicates how much com-
munity members tend to have a different idea of how power
should be distributed between them.

• IDVD: Individualism vs. Collectivism Dispersion indicates how much
community members tend to have different ideas regarding work-
ing in a group and sharing success or being individualistic.

• MASD: Masculinity vs. Femininity Dispersion indicates how much
community members tend to have a different opinion about
self-affirmation and help the weaker elements.

• UAID: Uncertainty Avoidance Dispersion indicates how much com-
munity members tend to have different ideas on taking risks and
accepting new and controversial opinions.

• LTOD: Long Term Orientation vs. Short Term Orientation Dispersion
indicates how much community members tend to have a different
opinion about investing or not in the future and conserving old
traditions and habits.

• IVRD: Indulgence vs. Restraint Dispersion indicates how much com-
munity members tend to have a different opinion about the rank
in which the governing authority controls how people satisfy their
needs and spend leisure.
6

Geographical Dispersion. The geographical dispersion of a develop-
ment community indicates how such a community is formed by
developers collaborating from different places geographically dis-
tributed around the globe. As shown in Eq. (1), we operationalized
the geographical dispersion of a community as the standard devi-
ation of the set containing the physical distances—expressed using
spherical distance—between each community member (Tamburri
et al., 2019b; Li et al., 2010).

𝐺𝑒𝑜𝑔𝑟𝑎𝑝ℎ𝑖𝑐𝑎𝑙𝐷𝑖𝑠𝑝𝑒𝑟𝑠𝑖𝑜𝑛(𝑋) =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=1
(𝑋𝑖 − 𝜇𝑋 )2 (1)

where 𝑋 is the set containing the physical distance between each
pair of community members, 𝑁 is the number of elements in 𝑋, 𝑋𝑖
is the element of index 𝑖 in 𝑋, and 𝜇𝑋 is the mean of 𝑋.

To provide an example for better explaining this metric, given
a development community: (1) if all the members are working
from different and distant locations, there is a high level of ge-
ographical dispersion; (2) if the members are working in clusters
geographically distributed, there is a medium level of geographical
dispersion; (3) if the members are all working in the same office,
there is a zero level of geographical dispersion.

Geographical Dispersion Example

To provide an example of the adoption of the formula, let us con-
sider the case in which we have a community of 15 practitioners.
If they are separated into 3 clusters of the same size—i.e., Amster-
dam, India, and Seattle—we have a set of 105 distances (the pairs
of 15 items without repetition). Of these, 30 are 0 km value, 25
are 7849 km (distance between Seattle and Amsterdam), 25 are
12158 km (distance between India and Seattle), and 25 are 7146
km (distance between India and Amsterdam). The geographical
dispersion is 4772,24.

We computed these metrics for each time window presented in our
dataset. We make this choice because community members can change

over time.
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Dependent variable. Since our goal was to understand the impact of
ultural and geographical dispersion on the productivity of a develop-
ent community, we used the number of commits per time (Adams

t al., 2009; Sornette et al., 2014; Oliveira et al., 2020) as a reference
easurement. We relied on this metric since it has been widely used
hen dealing with productivity in past works (Adams et al., 2009;
ornette et al., 2014; Oliveira et al., 2020; Bao et al., 2022; Forsgren
t al., 2021).

ontrol variables. When constructing a statistical model, it is essen-
ial to consider that beyond independent variables, several variables
an affect the phenomenon analyzed, as demonstrated in the litera-
ure (Lambiase et al., 2022b; Catolino et al., 2019b, 2021; Palomba and
amburri, 2021; Vasilescu et al., 2015a; Graziotin et al., 2015). For this
eason, we considered the following variables:

• Number of Committers: It is defined as the number of people that
have done at least one commit in a given project time window.
Having more committers could imply high productivity in terms of
the number of commits.

• Team Size: It represents the number of contributors per team in
a given temporal window. The community’s size can influence the
number of commits done during the development of the project.

• Turnover: It concerns the fraction of the team in a given tem-
poral slice that is different from the previous windows (i.e., the
turnover ratio). A high turnover means that team members change
frequently. The constant introduction of new members might lead
to the variability of productivity.

• Project Age: It represents the difference between the maximum
index and the index of the 90-day temporal interval from the first
commit. Older projects and their teams could have low productivity
since their systems are running into a maintenance phase and not
a developing phase that is generally more active.

• Tenure diversity: Tenure measure is defined as the experience of
developers in various fields (MacCurtain et al., 2010), thus possibly
affecting productivity (Vasilescu et al., 2015a). In our study, we
considered two types of tenure: (1) commit tenure (that represents
the coding experience of a contributor within all GitHub projects in
which s/he contributed), and (2) project tenure (that represents the
contributor’s experience in the specific project considered).

• Tenure median: It represents the median project tenure and the
commit median tenure and is used to complement tenure diversity.

• Number of women in a team: The number of women is computed
as the difference between the total number of community members
and the number of men belonging to the community.

• Blau-Index: Blau (Blau, 1977) defined Blau diversity index as 1 −
∑

𝑖=1(
𝑛𝑖
𝑁 )2 where 𝑛𝑖 represents the number of individuals or entities

in category 𝑖 and 𝑁 is the total number of individuals or entities in
the entire population or group being analyzed. The values fluctuate
between 0 and 0.5, at which there is the same percentage of male
and female board members, and thus the diversity is maximized.

• Socio-Technical Congruence: STC (Valetto et al., 2007) repre-
sents ‘‘the state in which a software development organization har-
bors sufficient coordination capabilities to meet the coordination
demands of the technical products under development.’’.

• Truck Factor: TF represents the minimum number of members of a
team that have to quit before the project fails (Williams and Kessler,
2003; Avelino et al., 2016; Ferreira et al., 2017; Avelino et al.,
2019).

• Centrality: It is defined as the strength of a community, and it is
based on modularity measures (Hatala and George Lutta, 2009). A
value over 0.3 means that the community is highly modular, thus
clearly distinguishing the sub-communities in its development net-
work. A value below 0.3 means that there are no sub-communities
instead.
7

The above factors were considered as control variables in our statis-
tical models, according to previous literature (Lambiase et al., 2022b;
Catolino et al., 2019b, 2021; Palomba and Tamburri, 2021; Vasilescu
et al., 2015a; Graziotin et al., 2015).

3.2.3. Statistical model construction
The dataset used (Lambiase et al., 2022b) consists of multiple tem-

poral windows for each project analyzed. This means there are multiple
snapshots of the community’s situation for the same team, i.e., our data
expose a hierarchical structure (based on the team). For this reason,
we constructed a linear mixed model able to capture measurements
rom within the same group (i.e., within the same team) as a random

effect (Lindstrom and Bates, 1988).
Linear mixed models (Lindstrom and Bates, 1988) extend simple

linear models by incorporating both fixed and random effects. They are
particularly employed when dealing with nonindependence in the data,
often arising from hierarchical structures. Mixed models comprise fixed
effects, which are parameters that remain constant, and random effects,
which are parameters that are treated as random variables. Such a
model has started to be adopted in software engineering research when
analyzing the influence between variables in cases multiple snapshots
for the same study item are provided (Catolino et al., 2019b; Lambiase
et al., 2022b; Vasilescu et al., 2015a). In particular, we used the time
window as a random effect and the rest of the above variables (in
Section 3.2.2) as fixed effects. From an implementation perspective,
we relied on the functions lmer and lmer.test available in the R
package lme4 (Bates et al., 2014).

It is important to note that we also faced the problem of multi-
collinearity (O’brien, 2007), which happens when an independent vari-
able is highly correlated with one or more of the other independent
variables, thus affecting the reliability of the results. For this reason,
we used a stepwise variable removal process based on the Companion
Applied Regression (car) R package,4 using the vif function (O’brien,
2007).

To support our results, we computed the effect sizes of the coef-
ficients using the well-known ANOVA statistical test (Cuevas et al.,
2004). Variables are considered significant if they are statistically
significant, i.e., the 𝑝-value is less than 0.05. Finally, for the sake of
results reliability, we built two baseline statistical models—the first one
containing all the control variables and the random effect—comparing
them through the AIC (Akaike information criterion) and BIC (Bayesian
information criterion) (Burnham and Anderson, 2004; Akaike, 1998)
estimators. Both are statistical measures used for model selection in
the context of statistical modeling and hypothesis testing. Models with
a low value of AIC and BIC is the one that better characterizes the
sample analyzed. This comparison allows us to study whether adding
the independent factors improves the model’s capability to estimate
software development productivity; the comparison with the second
model is whether the obtained results reflected the random effect
instead.

3.3. Design of the qualitative study: Survey design

The second step of our study consisted of a qualitative investigation
to study how culturally originated behaviors, and geographical disper-
sion can influence the productivity of a software development com-
munity. Specifically, we surveyed 140 practitioners with experience
in distributed software development and management. We adopted a
survey as a qualitative method to study productivity based on previous
evidence that showed how (i) they are straightforward and commonly
used methods to measure self-assessed productivity (Meyer et al., 2017;
Murphy-Hill et al., 2019) and (ii) they are flexible methods to collect
general insight from industry (Kitchenham and Pfleeger, 2008). The
following sections provide information about our qualitative research
approach and dissemination actions.

4 https://cran.r-project.org/web/packages/car/index.html

https://cran.r-project.org/web/packages/car/index.html
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3.3.1. Survey structure
Our survey consisted of eight main sections described in the follow-

ing paragraphs.

Survey initiation section. The first section was inspired by the work
of Murphy-Hill et al. (2019) and aimed at providing a baseline for all
respondents regarding the definition of productivity—to obtain more
cohesive results. Moreover, we extracted insights from participants on
how to measure software development team productivity.

Survey core section. The sections from the second to the seventh were
mapped on the six Hofstede dimensions and aimed at extrapolating
the perceived impact of cultural dispersion metrics on self-assessed
productivity. We developed such sections—and associated questions—
using a vignette-based scenario approach (Finch, 1987), mainly used
in psychological and sociological experiments (Atzmüller and Steiner,
2010). Specifically, each scenario described the characteristics of one
of the cultural dimensions contextualized in the software development
environment.

For example, the box in the following shows the vignette used to
describe the characteristics of the Power Distance Index (PDI) dimension:

Example Vignette Scenario

‘‘Suppose your development team is working on the definition of an
E-commerce application. During the development, you recognize the
presence of people who (1) demand to equalize the distribution of the
power between all team members, in contrast to others who (2) want
to follow rigidly hierarchical organization.’’

In the above example and all the scenarios, we described two oppo-
ite behaviors, represented using the (1) and (2) items. We operational-
zed such a choice to allow participants to visualize better the situation
e were interested in investigating (Atzmüller and Steiner, 2010). All

he used scenarios are available in our online appendix (Lambiase et al.,
023).

In order to better explain this choice, it is essential to stress that
ach of Hofstede’s dimensions describes two opposite behaviors. For
xample, regarding Individualism vs. Collectivism, a high level indicates

a society where individuals are expected to take care of only themselves
and their immediate families. In contrast, a low level indicates a society
in which people are supposed to be loyal to their group. In the context
of dispersion metrics, we are interested in how people characterized
by two opposite behaviors coexist in the same community. For such a
reason, we decided to use the strategy of the scenario described above.
Moreover, to avoid bias in participants’ answers, we described the two
behaviors directly instead of referring to the culture of individuals—
for this reason, in the following section, we introduce the concept of
‘culturally originated behaviors’.

After each vignette, we asked questions aimed at understanding (1)
whether the situation has ever happened to our participants in their
past projects (Likert Scale from Never to Always); (2) to what extent
the cultural background and physical distance influence the emergence
of such behaviors (Likert Scale from Not at all to To a Great Extent);
(3) how much the contrast between the behaviors impact productivity
(Multiple choice grid with behaviors and Likert Scale from Strongly

isagree to Strongly Agree).
We decided to use Likert Scale with five values because they

re largely suggested by Kitchenham and Pfleeger (Kitchenham and
fleeger, 2008) for qualitative studies in software engineering. Such
scale allows us to increase the readability of our survey and be

xhaustive without the risk of misconception by participants. Moreover,
hoosing five as the number of values allowed us to extract results
ithout being too dispersed.

Although only the third question directly relates to our research
uestion and objective, we included the other questions mainly for
8

hree reasons. First, to be sure that the participants were getting more
into the context described by the scenario; second, to have additional
data to assess the goodness and quality of the answers given; and third,
to gather valuable cross-sectional information in the discussion phase
of the results.

Control variables validation. The eighth section of the survey contained
a single question asking participants their opinion on the influence of
some socio-technical factors on the productivity of a software devel-
opment community. Specifically, we aimed to evaluate practitioners’
perceptions of the control variables used to build our statistical model.
For such a purpose, we asked participants to express if a particular
factor could impact productivity, using a Likert scale from Definitely
ot to Definitely. The control variables included were:

• Team Size: the dimension of the team in terms of people.
• Turnover: the changing of the workforce assigned to a production

process.
• Project Age: the number of years from the start of the project—i.e.,

the first commit.
• Tenure diversity: the difference of experience between the various

team members.
• Blau-Index: the team’s diversity in terms of biological gender—i.e.,

male and female.

urvey demographic section. The last section of the survey was reserved
or demographic information. Our target population was composed
f practitioners. We included questions related to job positions (i.e,
roject Manager, Product Owner, Software Architect, Software Engi-
eer, and other), gender, programming/management experience, and
ize of the team they were considering when answering the survey
uestions. Furthermore, we also asked participants about their cultural
ackgrounds. Once we had developed the survey, and before releasing
t, we sought and obtained approval from the Ethical Board Committee
f the University of the second author.

urvey attention question section. Following the guidelines provided
y Meade and Craig (2012), we included in our survey an attention
heck question (Meade and Craig, 2012)—i.e., a question aimed at
hecking if the participant is reading the questions and is not answering
andomly. Specifically, the attention question is the following ‘‘Re-
pond with ‘Never’ to this question.’’. We discarded three participants’
nswers that did not correctly answer them.

.3.2. Survey submission and participants characteristics
From a recruitment perspective, we carefully paid attention to the

arget population. Indeed, we used Prolific5 to recruit experts. Prolific is
web-based platform to support researchers in finding participants for

urvey studies. The platform allows tuning the preference of surveyed,
utting constraints, i.e., people must be practitioners and experienced
n distributed work. Prolific use an opt-in strategy (Hunt et al., 2013):
his implies that participants get voluntarily involved, possibly leading
o self-selection or voluntary response bias (Heckman, 1990; Sakshaug
t al., 2016). We introduced an incentive of 3 dollars per valid respon-
ent to mitigate this bias. Prolific automatically suggests this amount
ccording to (i) the profiles selected and (ii) the survey time. Nonethe-
ess, answers must be double-checked at the end of the survey before
ssigning the reward. The survey was made available from January 30
o February 22, 2023, and we surveyed 140 practitioners.

.3.3. Survey design guidelines
During the design of the survey and its submission, we relied

n various guidelines to improve our method and, consequentially,
ur findings. First, regarding the survey design, we relied on the
uidelines provided by Kitchenham and Pfleeger (2008) and Andrews
t al. (2007)—broadly adopted for software engineering qualitative

5 Prolific website: https://www.prolific.co/.

https://www.prolific.co/
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Fig. 4. Independent Variables Plots.

studies. Additionally, we considered the scale and guidelines provided
by Kitchenham and Pfleeger (2008), thus allowing us to increase the
readability of our survey. Finally, we took inspiration from previous
qualitative investigations that focused on the productivity of software
development teams (Murphy-Hill et al., 2019; Vasilescu et al., 2015a;
Meyer et al., 2017).

Regarding the tool used for survey dissemination, i.e., Prolific, we
ake inspiration from other work in literature (Reid et al., 2022; Ebert
t al., 2022). Specifically, we adopted insights provided by Reid et al.
2022), which defined a series of recommendations to conduct surveys
n the software engineering field using the platform.

Following the guidelines by Flanigan et al. (2008), we consciously
ept the survey anonymous, preventing our influence on the answer.
e created the survey as a Google form6 and estimated a completion

ime of 10/15 min.
Regarding the analysis of the results, we used descriptive statis-

ics/plots for the closed-ended questions of the surveys, while content
nalysis (Cavanagh, 1997)—i.e., a research method where one or more
nspectors go over the data of interest and attempt to deduct their
eaning and/or the concepts they let emerge—for open-ended ques-

ions. The process was conducted by the first three authors of the paper,
ho jointly analyzed the individual responses to identify and label the
ain insights and comments left by participants.

. Analysis of the results

This section illustrates the results of our study. For the sake of
omprehensibility, we decided to divide the section into three subsec-
ions: the first one reporting the previous results from the quantitative
nalysis (Lambiase et al., 2022a); the second one reporting our findings
rom the analysis of the survey responses; and the third one, consisting
f a sum-up and synthesizing of the results from both the studies.
uch a report strategy is coherent with the mixed-method approach
sed for this study (Johnson et al., 2007). Due to space limitations
nd readability, detailed and raw results are available in the online
ppendix (Lambiase et al., 2023).

.1. Quantitative study: Regression model

This section shows the results achieved when assessing the relation-
hip between cultural and geographical dispersion and the productivity
f a development community.

Table 3 and Fig. 5 report the details of the statistical models while
ig. 4 reports the frequency of all computed values for independent
ariables, including outliers. The first model (see the column ‘‘All

6 Google form website: https://www.google.com/forms/about/.
9

q

Fig. 5. Statistical Model Representation.

Variables’’) shows the results achieved considering both confounding
factors and independent variables. In particular, the number of commit-
ters and the centrality seem to impact the productivity of a development
community greatly. Moreover, the project age and the number of females
in the team significantly impact the dependent variable too.

As for the cultural and geographical dispersion, we can notice that
the most significant variables are Individualism vs. Collectivism Dispersion
and Long Term Orientation Dispersion, followed by Power Distance Index
Dispersion. Indulgence vs Restraint Dispersion and Geographical Disper-
sion seem significantly impact productivity, too. Therefore, we can
claim that dispersion metrics influence the productivity of a software
development community.

To provide a preliminary interpretation of our results—similar to
our previous study (Lambiase et al., 2022b)—cultural and geographical
dispersion influence the productivity of a development community both
positively and negatively. As proof of this, Individualism vs. Collectivism
Dispersion, Indulgence vs. Restraint Dispersion, and Geographical Dispersion
impact the dependent variable positively, while Power Distance Index
Dispersion and Long Term Orientation Dispersion negatively.

Table 4 shows the AIC and BIC value for the three models. The
model with all variables had the lowest index value, i.e., 502 and 572,
compared to the one with only control and random variables. Thus,
adding the independent variables contributes to explaining productivity
better.

Quantitative study: summary of the results.

Our study confirmed how socio-technical metrics could signifi-
cantly impact the productivity of a development team. In addi-
tion, the study revealed that culture and geographical dispersion
influence the productivity of a software development community.

.2. Qualitative study: Survey

The following section reports (1) the background and demographic
nformation of the study’s participants and (2) the findings of our
ualitative analysis.

https://www.google.com/forms/about/
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Table 3
Statistical model results.

Factor All variables Conf. variables Random

Estimate Sig. Estimate Sig. Estimate

(Intercept) 2.663 1.957 9.565

Number of Committers 0.788 *** 0.899 ***
Project Age −0.058 *** −0.051 **
Turnover 0.649 0.092
Blau Gender 3.256 . 5.289 **
Tenure Median −0.018 0.021
Tenure Diversity −0.001 −0.001
Team Size 0.301 . 0.401 *
Socio-Technical Congruence 0.109 0.171
Truck Factor 0.021 −0.003
Number of Females −0.055 * −0.055 *
Expertise 0.018 0.059
Centrality 0.587 *** 0.563 **

PDID −0.084 **
IDVD 0.109 ***
MASD −0.024
UAID 0.0158
LTOD −0.111 ***
IVRD 0.088 *
GeoD 0.001 *

*** 𝑝 < 0.001.
** 𝑝 < 0.01.
* 𝑝 < 0.05.
. 𝑝 < 0.1.
p
t
v

Table 4
AIC and BIC for the three models.

Metric All variables Conf. variables Random

AIC 502 536 617
BIC 572 584 626

4.2.1. Participants background information
Among the 140 participants, 70% of them worked as developers,

15% as Project Managers, and the remaining had other roles, e.g.,
oftware architect and data scientist. Moreover, 50% of our sample was
ale, while 50% was female. Indeed, during the survey definition, we
recisely decided to balance our sample based on gender in order to
ollect opinions from both of them. Furthermore, most of our partici-
ants self-assessed their management and programming skills as high or
edium, 52% and 80%, respectively. In terms of cultural background,

ig. 6 reports the origin countries declared by our participants in the
urvey. Despite some countries presenting higher values (e.g., Portugal
nd Poland), we can say that our sample is heterogeneous since the
arge number of countries of participants. Moreover, our final sample
as composed of practitioners from all the cultural groups (according

o the GLOBE framework), i.e., clusters of countries exposing similar
ultural behaviors and values (Javidan and Dastmalchian, 2009).7 This
urther confirms that our set of participants is heterogeneous in terms of
ultural background, ensuring the reliability of our results. From these
asic descriptive statistics, we can claim that the answers collected
rovide reliable insights for validating the information gathered from
he survey.

.2.2. Perception of productivity measurement by developers
For our quantitative investigation, we selected the number of com-

its performed in a time range as a measure for representing the

7 The Global Leadership and Organizational Behaviour Effectiveness
GLOBE) project is a multi-phase, multi-method project that examines the
nterrelationships between societal culture, organizational culture and lead-
rship (Javidan and Dastmalchian, 2009). In its context, country groups were
efined that exhibit different cultural behaviors when compared with each
10

ther. c
Fig. 6. Participants Nationalities.

productivity of a software development community. Even though we
selected such a metric motivated by previous usage in past litera-
ture (Hernández-López et al., 2013; Oliveira et al., 2020; Mockus et al.,
2002)—with encouraging results—we were aware that it could be the
origin of incorrect results; indeed, productivity is a complex concept
to define and measure, and using a single representation could not be
sufficient during a research analysis.

For the reason mentioned above, we decided to conduct a qualita-
tive study, and we asked participants to provide us with some examples
of productivity measures that they consider attentive. As shown in
Fig. 7, participants consider the number of commits as a good metric to
measure the productivity of a community. Therefore, we are confident
that the quantitative and qualitative studies’ results are reliable.

4.2.3. Culture and cultural behaviors
In the first question of each section, we asked participants to eval-

uate how many times they faced the described scenario in the past
using a Likert scale from Never to Always. As shown in Fig. 8, most
articipants recognized the different cultural dimensions inside their
eam. In particular, Individualism vs. Collectivism Index and Indulgence
s. Restraint Index were the most frequent (respectively, 40% and 50%

laimed that they often experienced it), while Power Distance Index was
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Fig. 7. Productivity measures.

Fig. 8. Frequence of experienced cultural behaviors.

Fig. 9. Relation between culture and behaviors.

ess frequent (30% of participants claimed that they never experienced
t and 33% that they experienced it sometimes).

Besides studying the frequency of experienced behaviors, we were
lso interested in whether practitioners perceive culture as the prin-
ipal root of such behaviors. Specifically, our goal was to verify if
ractitioners perceive a connection between these behaviors and the
onjecture of Hofstede that relates them to cultural factors. For such a
11
Fig. 10. Impact of cultural behaviors on productivity.

oal, we asked participants to what extent the individuals’ culture could
nfluence the emergence of specific behaviors. As shown in Fig. 9, most
articipants related the behaviors to cultural factors. In fact, in most
ases, people do not answer Not at all or Very little but Somewhat and

To a great extent. The only exceptions are for UAI, for which Not at
all is the most selected (13%), and LTO, for which Not at all and Very
little are the most selected ones (43% and 33%). Based on our result,
we can conclude that the survey confirmed the relevance of cultural
dimensions in software development communities and the relationship
between belonging to different cultures and having certain behaviors.

4.2.4. Impact of dispersion metrics on productivity
As stated in Section 2.1, one cultural dimension is defined by two

opposite behaviors, so in the context of the survey, we asked our
participants whether the presence of both

1. does not affect productivity,
2. influences it positively (by increasing it),
3. influences it negatively (by decreasing it), or
4. influences it both positively and negatively.

In general, as reported in Fig. 10, practitioners perceive all the
contrast between behaviors as impactful for productivity (as demon-
strated by the low percentages of No answers). In fact, the higher
value for No is nine responses—i.e., 7% of respondents. Furthermore,
they generally consider such an impact negatively or both negatively
and positively. The only differences in this are for Individualism vs.
Collectivism and Uncertainty Avoidance Index behaviors, in which we
have a more significant number of responses for Both negatively and
positively (respectively, 47% and 49%).

Regarding geographical dispersion, participants confirmed the sta-
tistical model results, assessing that physical distance is a crucial factor
for the productivity of individuals. Indeed, one of the participants
assessed that ‘‘When people work remotely, and communication is not
optimal, it is often necessary to repeat and meet several times before what
needs to be done is done.’’.

The survey confirmed the quantitative study results. Indeed PDI,
LTO, and IDV are perceived as impactful. However, also the other
behaviors are perceived as impactful by participants.

4.2.5. Impact of control variables
Regarding the perceived impact of control variables as shown in

Fig. 11, most of them are perceived as impactful on software devel-
opment productivity—i.e., Team Size, Turnover, Project Age, Tenure
diversity, and Blau-Index. The only exception to this is Blau gender,

which is perceived as not impactful.
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Fig. 11. Impact of control variables on productivity.

Qualitative study: summary of the results.

Practitioners perceive cultural and geographical dispersion as im-
pactful for the productivity of a software team. Moreover, in most
cases, such an impact is double-fashioned, i.e., both negative and
positive; this is because having a high level of cultural dispersion
could—in general—lead to more extended discussions and lower
team productivity. On the other side, having different points of
view could help a team to identify problems sooner, thus focusing
on important tasks rather than wasting time. Therefore, correctly
managing cultural differences is essential to bring out the best in
one’s developers.

Theoretical Saturation.

Both the qualitative and the quantitative study converge to the
same high-level result: dispersion metrics impact the productivity
of a development community greatly. Moreover, the impact of
cultural behaviors on the productivity of a software community
can be categorized and analyzed using cultural dimensions, lead-
ing to the possibility for managers and team leaders to make more
precise decisions. Indeed, cultural dispersion impacts productivity
differently based on original Hofstede’s dimension. Furthermore,
the two studies reveal that the influence of dispersion metrics is
positive and negative. The dispersion in the team led to extended
discussion, resulting in (i) reducing productivity due to the time
lost in communicating but (ii) increasing it because the discussion
helped practitioners identify crucial tasks to perform. Using our
findings, managers could find a converging point more easily and
reduce productivity loss by knowing the contrast point—i.e., the
cultural dimension and corresponding behavior—enhancing the
positive impact. For example, by understanding that the team
is dispersed in terms of Power Distance Index Dispersion—i.e.,
there are different attitudes in how relating to the distribution
of the power—managers could implement ad hoc solutions—e.g.,
changing the decision-making process or implementing a voting
system—for reducing the negative impact of such dispersion and
enhancing the positive aspects.

5. Discussion and implications

The insights of our study shed light on the role and the impact of
cultural dimensions across software organizational structures reveal-
ing several lessons for software project management and community
shepherding.
12
The role of culture as a factor influencing productivity in software
development teams has yet to deepen. In this work, we tried to fill this
gap by focusing on cultural and geographical dispersion. The following
section discusses the final considerations based on the results achieved
in Section 4.

Productivity metrics: Quantitative and qualitative. As already said, pro-
ductivity is a complex concept to define and measure. Indeed, a
plethora of work provided different interpretations and measurements
(Hernández-López et al., 2013; Oliveira et al., 2020; Mockus et al.,
2002). From such heterogeneity of materials on the matter, conducting
a study that captures all the aspects of productivity comes to be a
complex and tricky challenge. Nevertheless, managers can only manage
what they can measure, so it is mandatory to study the phenomena and
provide new insights. Aware of the complex side of productivity, we
tried to address it by combining quantitative and qualitative representa-
tions in our studies. The former—i.e., the number of commits—allowed
us to be more ‘‘objective’’ in our findings; the latter—i.e., self-assessed
productivity—allowed us to capture more aspects and indicators of pro-
ductivity. Ultimately, the two studies reported similar results, providing
a potential precedent for ulteriorly enhanced findings on the matter
using similar methods.

Individualism vs. Collectivism dispersion. Regarding the influence of
IDVD on productivity, both the qualitative and the quantitative studies
showed that such a dispersion metric could positively influence the
productivity of a software development community. As proof, we
informally discuss these results with some practitioners with experience
as managers in open-source projects from a large company. They
highlighted that the presence of both individualistic and collectivistic
people in the same team could increase productivity. Specifically, one
of them reports that ‘‘In my attempt to try to integrate an individualistic
team member, I found that it was dragging on performance for the other
individuals and me.’’. This assertion could also justify the second pre-
dominant result from the survey, i.e., dispersion could also negatively
affect the dependent variable—from a statistical point of view. Indeed,
this situation can occur considering the example above, i.e., trying to
enforce a paradigm change in the communication and collaboration
pattern of the individualistic person.

We could draw that supporting individualistic behavior leads
to the emergence of ‘‘positive lone wolves’’, thus improving the
community members’ productivity.

Such a fact was also confirmed by various participants of the survey:
for example, one of them—asked about the root causes of problems
originated by such a dispersion—reported this: ‘‘It is okay for people to
prefer to work alone as long as they do the work and show up to all meetings
to collaborate with the team and show the work they have done.’’.

ong vs. Short term orientation and power distance index dispersion. Both
TOD and PDID negatively affect the productivity of a development
ommunity. These metrics reflect similar behaviors: indeed, LTOD in-
icates a contrast between people who tend to resist change—e.g., try
ut new programming languages or technologies—in contrast to others
ho are more flexible; PDID, indicates a difference between individuals
ho demand to equalize the distribution of the power between all team
embers, in contrast to others who want to follow a rigidly hierarchical

rganization.

In software development, these metrics can lengthen the time
required to make a decision, thus possibly decreasing productivity
when developing software artifacts or making decisions.

s a confirmation of this, one of the participants in the survey reported
hat ‘‘When the difference in behaviors is from the team managing the
rocesses, this can lead to delays whilst decisions are made.’’.
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Moreover, an ulterior point could be that the resentment
arising from the contrast between individuals could lead to the
formation of Organizational Silos—i.e., the situation in which dif-
ferent clusters of individuals in the same team arise and the com-
munication between such ‘‘silos’’ is poor (Tamburri et al., 2016;
Lambiase et al., 2022b) –, thus decreasing the communication and
increasing the time to perform actions.

s a confirmation of this, one of the respondents to the questionnaire
eports that ‘‘Less collaboration occurs because people resent colleagues and
o not want to share credit, so things get done slower.’’.

Despite the negative influence that LTOD and PDID have on produc-
ivity, it is crucial to remember that low productivity does not necessar-
ly mean low quality. In other words, more extended discussions—other
han lowering developers’ productivity—could lead to better identifi-
ation of problems and their solutions, resulting in better quality—e.g.,
better understanding of requirements. The critical aspect here is to

revent discussions from escalating into unnecessarily lengthy commu-
ications or, at worst, toxic arguments that could negatively impact
he community’s productivity. Related to this, we have observed a
trong correlation between cooperation and collaboration issues and
he concept of community smells (Tamburri et al., 2016, 2013), which
articipants also mentioned, i.e., organizational silos. In our previous
esearch (Catolino et al., 2020), we have presented strategies to mit-
gate some of these smells. We believe that these strategies can be
aluable in addressing the problems mentioned above and enhancing
roductivity.

One approach is facilitating mentoring activities to support team
embers in adapting to changes. This can involve organizing work-

hops, providing mentoring opportunities, or granting access to edu-
ational resources. By offering guidance and assistance, we can help
ndividuals overcome their resistance to change and navigate new
pproaches more effectively. In addition, emphasizing clear commu-
ication is essential. It ensures the team comprehends the proposed
hanges’ vision, goals, and rationale. When the reasoning is effectively
ommunicated, it fosters understanding, reduces resistance, and en-
ourages buy-in from the team members. Lastly, engaging in cohesion
xercises with team leaders can play a vital role in promoting a positive
ttitude toward change and adaptation. Team leaders set an exam-
le for others to follow by demonstrating a willingness to embrace
hange. Being open to feedback and displaying a constructive mindset
reates an environment where change is embraced as an opportunity
or growth.

ontrol variables. Our study confirms previous findings (Wagner and
uhe, 2018; de Lemos Meira et al., 2010): indeed, socio-technical
etrics (Valetto et al., 2007; Cataldo et al., 2006), e.g., turnover and

enure diversity, are strongly correlated with the productivity of a
evelopment community. For example, centrality—the degree to which
community is divided into sub-communities (Hatala and George

utta, 2009)—positively influences the dependent variable. The reason
ould be that, with the increasing number of developers, modulariz-
ng the team could lead to better micro-management, improving the
ommunity’s productivity.

In addition, as we might expect, the number of committers and the
ge of the project also affect productivity. Concerning the first variable,
t probably depends on the way chosen to represent productivity in this
tudy (the number of commits): more committers likely lead to more
ommits over time. Regarding the second variable, the project’s age
egatively impacts the community’s productivity. This could be because
ome open-source communities tend to die over time, mainly if some
ore contributors migrate to other teams.

As a final note, the survey’s participants found Blau-Gender—i.e., the
egree to which a community is different in terms of biological gender
omposition—as not relevant when analyzing the productivity of devel-
pment communities. Both the analysis in this study confirmed these
13
esults. For example, Catolino et al. (2019a) found that gender diversity
s perceived as being less important than experience or team size to
itigate the emergence of communication and collaboration issues—

epresented using community smells. Nevertheless, other quantitative
nvestigations demonstrated that gender diversity could positively im-
act product and process metrics in software development (Lambiase
t al., 2022b; Catolino et al., 2019b; Palomba et al., 2021). Undoubt-
dly, ulterior research is needed to assess the influence of gender
iversity in software development communities, maybe introducing
ovel methodologies for conducting investigations.

enefits for tool vendors and developers. Nowadays, managing software
evelopment teams and conducting software projects is an expensive
ffort—both in terms of money, time, and human resources. Moreover,
uch an effort ulteriorly arises in the context of distributed teams
haracterized by a plethora of factors, first of all, the extreme diver-
ity of stakeholders in terms of behaviors and beliefs (Herbsleb and
oitra, 2001; Mockus and Herbsleb, 2001). Furthermore, developing

uidelines, methods, and tools to help practitioners is complex due
o the—at least apparently—abstractive nature of such social aspects.
evertheless, our findings reveal that quantitative frameworks for mea-

uring dispersion in development teams could be effective and can
onstitute a foundational step in developing recommendation systems
or managers. Indeed, as a basilar example, using only the nationali-
ies of team members—without any private information on the actual
ndividuals—could allow managers to compute the dispersion rates and
mprove the estimation of productivity effort required for the project,
onstituting—if performed automatically—a worthwhile contribution.

Recommendation systems designers and developers should
take the opportunity provided by quantitative representation of
social aspects by developing tools to support practitioners in
using and managing such factors. For example, computing a
development team’s dispersion metrics could contribute to the
management process of software development projects.

e should care about software community health. These results shed
light on an important aspect often underestimated by managers. In-
deed, the health status of a community—its behaviors and diversity—
needs to be carefully monitored when dealing with software develop-
ment since it can affect the quantity (productivity) and quality of what
it produces. Our conclusions can represent the first step toward better
characterizing a software community in terms of ‘‘health’’.

6. Threats to validity

This section illustrates the threats to the validity of the study and
how we mitigated them. Other than using the guidelines provided
for qualitative studies (Kitchenham and Pfleeger, 2008), we identified
and organized the threats using the well-known framework proposed
by Wohlin et al. (2012, 2003).

6.1. Threats to construct validity

Threats in this category refer to the relationship between hypothesis
and observations and are mainly due to imprecision in performed
measurements (Wohlin et al., 2012).

The first threat concerns the usage of Hofstede (Hofstede et al.,
2005) for characterizing cultural dimensions. Although a few
researchers raised concerns about this framework (Roberts and Boy-
acigiller, 2012; Ailon, 2008; Baskerville, 2003), Venkateswaran and
Ojha (2019) showed how the framework is the most efficient way
to represent the complex world of cultural attitudes (Hofstede, 2017;
Borchers, 2003; Casey, 2011; Abufardeh and Magel, 2010).

A further concern regards the usage of the metric chosen for mea-
suring productivity. Specifically, we used the number of commits for
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the quantitative investigation, while for the qualitative one, we relied
on self-assessed productivity. This difference could introduce some
imprecision and threats to the theoretical saturation of the studies. To
mitigate this, in the first section of the survey, we asked participants to
provide us with some examples of productivity measures that they con-
sider attentive. As shown in Fig. 7, participants consider the number of
commits as a good metric to measure the productivity of a community.

As for the cultural and geographical dispersions metrics, we use
the standard deviation since these metrics can be unreliable in the
case of skewed measures. We applied the well-known Shapiro–Wilk
test (Shapiro and Wilk, 1965) to verify the normality of the data.
Moreover, these metrics have already been adopted in a few studies in
the context of software development (Li et al., 2010; Lambiase et al.,
2022b; Tamburri et al., 2019b). Nevertheless, we encourage replication
of the study using different measures.

Another threat is related to the dataset chosen to conduct our study.
To address such a threat, we relied on a dataset already used and
tested in similar studies (Lambiase et al., 2022b; Vasilescu et al., 2015b;
Catolino et al., 2019b).

Regarding the threat concerning the survey design, we followed the
guidelines provided by Kitchenham and Pfleeger (2008) and Andrews
et al. (2007) to define clear and explicit questions in the survey that
could allow participants to get into the survey correctly. We also
included open questions to let participants express themselves freely,
without restriction. Finally, before sending the survey, we conducted a
pilot study with four developers that reported possible biases and flaws
we fixed before releasing the survey.

Our final concern pertains to the potential existence of sub-cultures
within a larger cultural group. According to social science literature,
individuals who share common backgrounds and beliefs might display
minor variations in behavior, leading to the identification of sub-groups
within the same cultural category [83, 84]. In our study, we utilized
Hofstede’s framework as a means to assess culture, which primarily
focuses on defining culture at the country level, possibly overlooking
subcultures. However, it should be acknowledged that Hofstede con-
sidered the presence of subcultures while designing the survey and
assigning values to each country. Therefore, we are confident that
the different sub-cultures behaviors are represented inside the used
framework.

6.2. Threats to internal validity

Threats in this category are concerned with the possibility that
the independent variable is affected by casualty factors without the
researcher’s knowledge (Wohlin et al., 2012).

The main threat is how we recruited our participants and their
capacity to report about culturally dispersed teams. For the survey,
we relied on voluntary participation through an online instrument
like Prolific. In particular, this platform allows access to a pool of
participants samples based on specific characteristics and backgrounds,
e.g., computer science, working as developers. In our case, we looked
for people with (1) a background in computer science, (2) experience
in information services and data processing, and (3) experience in
distributed teams. Furthermore, we tried to balance the number of
participants based on gender as possible.

The participant’s capacity to report about culturally dispersed teams
is a second critical threat. Prolific allows us to distribute the survey
to globally distributed participants (more information on this is in the
responses to the last section of the survey, in the online appendix (Lam-
biase et al., 2023)). For such a reason—combined with a large number
of participants—we are confident that the target audience has been
represented. Nevertheless, we encourage replications of our work to
14

strengthen our findings and their generalizability. o
6.3. Threats to conclusion validity

Threats in this category are concerned with the ability to draw
correct conclusions about relations between treatments and outcomes
of an experiment (Wohlin et al., 2012).

The first threat concerns the statistical model selected for our study.
We used a mixed-effect model (Lindstrom and Bates, 1988; Bates et al.,
2014) to manage the multiple time windows for each project, thus
capturing information within the same group. Additionally, we used
vif for dealing with multicollinearity (O’brien, 2007), and ANOVA
test (Cuevas et al., 2004) for checking the significance of the results.
Finally, to avoid omitting additional factors influencing a team’s pro-
ductivity, we included some socio-technical control factors identified
by previous literature (Murphy-Hill et al., 2019; Wagner and Ruhe,
2018; de Lemos Meira et al., 2010; Hernández-López et al., 2013;
Mohagheghi and Conradi, 2007), e.g., socio-technical congruence.

A possible threat concerns the choice of Prolific Platform that
involves the use of an incentive for people who do the survey, thus
possibly affecting the results of our study. In our case, the participants
involved in the survey obtained around 1$ for participating, thus allow-
ing us to collect several answers. However, (1) the participation was
voluntary, (2) we could collect various opinions from people with dif-
ferent experiences, thus increasing the reliability of our results, and (3)
we asked to report their experience according to particular situations
without influencing their answers. We released all the material used for
this study to enable the verifiability of the conclusions described in our
paper (Lambiase et al., 2023).

6.4. Threats to external validity

Threats in this category are concerned with the generalizability of
the results (Wohlin et al., 2012).

The main threat relates to the generalizability of the results. We use
a dataset (Lambiase et al., 2022b) containing information about big
open-source projects on GitHub, with a large number of contributors.
Nevertheless, we plan to extend the number of systems and perform
some qualitative studies, e.g., focus groups, surveys, and interviews,
to strengthen the results as a future agenda. Moreover, we adopted
a mixed-method approach, combining the results of a previously per-
formed quantitative study with a large-scale survey. Although our
numbers align with the SE research community’s studies, we know how
results strongly correlate with our sample, so replications are part of
our agenda.

7. Conclusions

This study presents a qualitative extension of a quantitative empir-
ical study (Lambiase et al., 2022a) that investigates the relationship
between the cultural and geographical dispersion of a community—i.e.,
he degree to which a community is formed by individuals growing
p in and coming from different places globally—and its productivity,
onsider the number of commits in a specific range of time. The
esearch question we wanted to answer was ‘‘To what extent do cultural
nd geographical dispersion influence team’s productivity?’’.

Our findings demonstrated that dispersion metrics impact produc-
ivity both positively and negatively. Indeed, how managers and leaders
pproach the differences between the cultural background of individ-
als is a crucial factor in determining their impact on the team. As
n example of this, in the case of individualistic people collaborating
ith more collaboration-oriented ones, trying to integrate them into the

eam could lead to a useless and ineffective effort. Moreover, we found
hat the quantitative representations of social aspects are now mature
o be exploited by practitioners. Developing tools and recommendation
ystems to track such metrics and visualize them to practitioners is an

pportunity that should be considered.
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As a future agenda, we plan to extend the generalizability of our
results by adopting various productivity measurements. Moreover, we
plan to develop instruments—e.g., conversational agents—aiming to
erform a technology transfer from the research field to the practition-
rs one, making our findings easily usable by practitioners.
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