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Abstract

Estimating and understanding software development productivity represent crucial tasks for researchers and practitioners. Al-
though different works focused on evaluating the impact of human factors on productivity, a few explored the influence of cul-
tural/geographical diversity in software development communities. More particularly, all previous treatise addresses cultural as-
pects 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 pro-
ductivity. 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 empir-
ical study. First, we built a statistical model relating dispersion metrics with the productivity of 25 open-source communities on
GrtHuB. 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.
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1. Introduction

Software productivity refers to the efficiency and effective-
ness of software development teams in creating, testing, and
deploying software systems [1]]. High productivity levels typi-
cally lead to faster time-to-market, better quality software, and
greater customer satisfaction [2, [3]. 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 [416]], the perception and feeling of
productivity can vary among team members [7], e.g., a devel-
oper may feel highly productive when accomplishing difficult
tasks rather than based on the time spent on coding.

Global Software Engineering (GSE) [8l 9]—i.e., the set of
practices and guidelines aimed at managing distributed teams—
further challenges the estimation of development productiv-
ity. Indeed, in such a distributed scenario additional social
and cultural aspects come into play [10, [L1]. For instance, a
sub-optimal management of the heterogeneity of development
teams may cause heavier inter-team communication and mis-
understanding among team members [9, |12} [13]] that altogether
negatively affect software communities’ productivity [14H19].

The GSE research community has been conducting multiple
studies targeting the relation between social and human factors
on productivity [20H23]], other than the underlying reasons be-
hind miscommunication, e.g., community smells [24} 25]] and
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gender diversity [26l 27]. While these previous works have
provided compelling evidence of how productivity can be af-
fected by social and human aspects, our research highlights
a noticeable lack of knowledge of the role played by cultural
and geographical dispersion, which are factors that can signif-
icantly impact how individuals perceive and measure produc-
tivity. Some cultures indeed emphasize teamwork, while others
value individual effort [28] 29]]: these differences may lead to
variations in how team members perceive productivity and their
overall effectiveness. Furthermore, geographically dispersed
teams may experience concerns due to communication barri-
ers and time zone differences, which might lead to inaccurate
performance evaluations and hinder team effectiveness.

An improved understanding of the impact of cultural and ge-
ographical dispersion on productivity may lead to significant
improvements in multiple project management knowledge ar-
eas and procedures [30]]. 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 strate-
gies. Consequentially, better risk management knowledge pos-
itively impacts all the other knowledge areas—e.g., cost, time,
and communication—Ileading to a general improvement of the
overall software development process.

In our previous empirical study [31], we took a first step to-
ward this direction by conducting a quantitative investigation

October 19, 2023



on the relation between the cultural and geographical disper-
sion of a community—i.e., the degree to which a community is
formed by individuals growing up in and coming from different
places globally—and its productivity, as measured by the num-
ber of commits in a specific time range [31]. We represented
culture using the Hofstede 6D Model, namely, a framework that
uses six measures to uniquely represent the culture of individ-
uals based on their origin country, widely known and adopted
for various work in the software engineering field [32H35]. We
built a statistical regression model to assess the relationship be-
tween the two dispersion metrics and productivity, conducting
the study on 25 open-source communities on GitHUB. The re-
sults of our analysis showed that dispersion metrics influence
developers’ productivity both positively and negatively.

In this paper, we extend our previous work [31] by comple-
menting the statistical study with a qualitative empirical exam-
ination of the perceived value and impact of dispersion met-
rics over the productivity of software communities, hence as-
sessing the overall goals of our study through mixed-method
research [36]. More particularly, we complemented the statis-
tical modeling findings with a survey study involving 140 par-
ticipants 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 disper-
sion for the overall productivity of software communities and
strengthen our findings. Secondly, we could also elaborate and
further analyze a potential threat to the validity of the previ-
ous study, i.e., we estimated productivity through the number
of commits within a time range; however, developers might
perceive productivity differently, hence influencing the conclu-
sions drawn in our preliminary study.

In the first place, our findings confirm the results achieved
in our preliminary investigation [31]]: cultural and geographi-
cal dispersions sensibly impact a software development com-
munity’s productivity, but not necessarily in a negative manner.
Depending 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 deci-
sions taken in the statistical modeling exercise: the number of
commits per time range is perceived as a valid proxy to esti-
mate 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.

To sum up, our work provides the following contributions:

1. Statistical insights into the role of dispersion metrics on
software productivity;

2. A large-scale confirmatory survey study involving 140 de-
velopers to qualitatively validate the results of the statisti-
cal model and strengthen them;

3. An online replication package [37] 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 ] reports the study
results. Section [5] discusses the insights of the paper, and Sec-
tion [6]examines the threats to the validity and how we mitigated
them. Finally, Section /| concludes the paper and provides in-
sights 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
distributed effort involving stakeholders and practitioners col-
laborating from different places worldwide [[10} [11} [38]]. For
such a reason, Global Software Engineering (GSE)—i.e., the
application of software engineering practices for managing
and developing software distributed projects [8, 38-H40]—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 characteriz-
ing cultural aspects and their potentially catastrophic impact if
not correctly managed [38}, 140-42].

Culture has been defined by Kreitner et al. as a set of granted
assumptions about how to act and think that characterize a com-
munity of individuals [43]. Indeed, culture is a complex topic
and is difficult to formalize and measure, so most of the work
in literature treats it in an abstract manner [41]]. Nevertheless,
having a tool to measure culture quantitatively is beneficial to
conduct research [44]]. For such a purpose, various frameworks
and tools arise to allow researchers and practitioners in var-
ious fields to measure and represent the culture of individu-
als [29} 145] 146]]. Most of them consisted of a representation
based on a set of numerical values—called dimensions—whose
combination uniquely characterizes the cultural behavior of an
individual or a group of people. For example, Hampden-Turner
et al. [46] represented culture using three layers, i.e., explicit
culture, norms and values, and assumption about existence.

Of particular interest to our work is the framework proposed
by Geert Hofstede, i.e., the Hofstede 6D Framework, a set of
six dimensions that assume values from zero to one hundred
and which combination characterizes individuals from a spe-
cific country globally[8} 139,41} 42]. The six Hofstede’s dimen-
sions are defined as follows:

Power Distance Index (PDI). It refers to the degree of in-
equality 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 determined place. On the contrary, in societies with low
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Figure 1: Hofstede’s cultural dimensions values computed for Italy, China, and
India.

PDI, people seek to equalize the power distribution between
all community members.

Individualism vs. Collectivism (IDV). It represents the de-
gree 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 ex-
pected to care for only themselves and their immediate fam-
ilies. Conversely, a low level indicates a society in which
people are supposed to be loyal to their group.

Masculinity vs. Femininity (MAS). It represents a contrast
between the two preferences. The Masculinity side indi-
cates a preference for achievement, heroism, assertiveness,
and material rewards for success. In contrast, the Femininity
side represents a preference 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 un-
certainty and ambiguity. A high level of UAI indicates that
people tend to (1) maintain rigid codes of belief and behav-
ior and (2) are intolerant of unorthodox behavior and ideas.
Conversely, a low level of UAI indicates societies that main-
tain a more relaxed attitude in which practice counts more
than principles.

Long vs. Short Term Orientation (L70). It measures how
much people 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 contrary, a low score of LTO indicates that
people emphasize quick results and respect for tradition.

Indulgence vs. Restraint (IVR). It refers to the extent and
tendency of a society to fulfill its members’ desires. A high
level indicates 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, Figure [I]
shows an example of the dimensions computed for three coun-
tries, i.e., China, Italy, India For example, looking at the IDV
score value of Italy, we can notice that the score is 75, repre-
senting a society in which individualism tend to be preferred to
collaboration. On the contrary, China has a score of 28, mean-
ing people act in the interests of the group and not necessarily
of themselves. Moreover, analyzing the UAI scores, we can see
that Italy and China have a value of 30 and 40, indicating that
people in such countries tend to be more tolerant of risky situa-
tions and changes. In contrast, India has a value of 75, revealing
a more traditional society.

Despite the diffuseness of this framework, the research com-
munity had mixed opinions on its validity [47-H49]] supporting in
some cases its rejection [S0H52]. For instance, Brewer and Ve-
naik [50} [51]] deemed unreliable the tool’s ability to represent
cultural profiles. Nonetheless, follow-up studies highlighted
the potential of the framework; for example, Venkateswaran
and Ojha [35] showed that Hofstede’s framework represents the
most effective way to characterize the complex world of cul-
tural aspects which has been already shown effective in several
fields [32H34], e.g., management, law, politics, ethics, architec-
ture, medicine, and computer science [S3].

Some works studied the use of Hofstede in the context of
software engineering [32, |54]]. Recently, Darwish and Hen-
ryson [54] published a thesis that studied how cultural back-
ground influences adopting a specific SE practice (e.g., docu-
mentation design, refactoring, test driven development). They
reported that developers with similar behaviors related to cul-
tural dimensions (i.e., PDI and UAI) tend to adopt similar prac-
tices (e.g., making early design decisions and test driven de-
velopment). In another work, Borchers [32] conducted re-
search on how cultural factors influence software engineering
processes, such as code review. The study specifically exam-
ined three countries: Japan, India, and the United States. The
findings revealed that various cultures approach software en-
gineering processes differently. For instance, Japanese devel-
opers exhibit a significant level of UAIL which leads to slower
decision-making. Borchers also emphasized that cultural dif-
ferences 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.
Nevertheless, various metrics arise [[17,156H59], and researchers
agree that productivity measures should be expressed in terms
of output produced in a given time given a specific input [57,
59]. For example, some works define the productivity of a
development community as the number of accomplished con-
tributions by team members—e.g., commits, push, or tasks
completed in a given unit of time—for the entire project du-
ration [59-61]].

'Hofstede 6D Model website: https://www.hofstede-insights.
com/country-comparison/china, india, italy/
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Table 1: Comparison with Related Work.

‘Wagner and Ruhe|[[15] | Itis a systematic literature review showing
how product metrics such as code reuse,
software size, and programming language
highly impact developers’ productivity.

Graziotin et al.|[18] They performed an observational study
with eight participants to study the in-
fluence of affecting dimensions on self-

assessed productivity.

Vasilescu et al. |[19] They performed a mixed-method approach
study to investigate the influence of gender

and tenure diversity on team productivity.

Murphy-Hill et al. |[S5] | They surveyed practitioners from three pri-
vate companies to identify factors that can

influence self-assessed productivity.

Darwish __and _Hen-

ryson [|54]

They studied how cultural background in-
fluences adopting a specific SE practice
aiming to provide insights that allow man-
agers to take advantage of each culture’s
strengths.

Borchers [32] It is a report and analysis of the au-
thor’s past experience in managing soft-
ware teams composed of people from
Japan, India, and the United States. The
goal was to study how different cultures

approach software development phases.

e No focus on social metrics has been put in the investigation.
e No quantitative or qualitative methods have been used to vali-
date the findings.

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

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

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

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

e The author used only three of the six Hofstede Dimensions to
characterize culture.

e The context of the study was limited to Japan, India, and the
United States developers.

o The authors did not study the impact of culture on productivity.

Additionally, researchers investigated which factors influ-
enced the productivity of a software development team [14+
19, 162]. 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 [[15] conducted a sys-
tematic review, showing how metrics like code reuse, soft-
ware size, and programming language highly impact devel-
opers’ productivity. Finally, Mohagheghi and Conradi [16]
investigated the relationship between productivity and soft-
ware reuse, showing positive results.

Social Factors. Regarding social factors—mainly related to
people and their relations—Murphy-Hill et al. [[14] surveyed
practitioners, showing how social factors—e.g., people’s en-
thusiasm, peer support, and valuable feedback about job
performance—strongly affect people’s productivity. More-
over, Wagner and Ruhe [15] demonstrated that social factors
like corporate culture and working environment are essential
to enhance software teams’ productivity. Graziotin et al. [[18]]
showed how valence and dominance dimensions in devel-
opers affect self-assessed productivity. Finally, Vasilescu
et al. [19] 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.|[55] studied the concept of

self-rated productivity [63]] 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 soft-
ware development team. Their findings suggest that the fac-
tors most useful to predict productivity are not technical but
social ones—e.g., job enthusiasm, peer support for new ideas,
and receiving helpful feedback about job performance.

With respect to the works discussed so far, we identified mul-
tiple differences and research gaps. Table[I|summarizes the ma-
jor characteristics of the related work and points out the main
research gaps that our study aims at filling.

Graziotin et al.|[18] and |Vasilescu et al.| [19] conducted in-
vestigations on social and human factors on productivity, not
considering cultural and geographical indicators. Our study can
be therefore seen as complementary, as it enlarges the body of
knowledge with respect to these previous papers.

As for [Murphy-Hill et al.| [14] and |Wagner and Ruhe [15]],
they conducted more general survey studies which did not have
the explicit goal of analyzing the impact of culture. In other
terms, the findings reported on the matter can be considered tan-
gential and not comprehensive. Moreover, our mixed-method
investigation allowed us to investigate cultural and geographi-
cal dispersion under different perspectives, hence strengthening
the conclusion validity and generalizability of the findings.



Perhaps more importantly, the authors treat cultural aspects
in an abstract and high-level manner without operationalizing
them. On the contrary, we exploited Hofstede’s 6-D frame-
work [28], which was explicitly defined to represent cultural
dimensions quantitatively.

Last but not least, Murphy-Hill et al. [55] assessed self-
rated productivity [63l], while we experimented with the num-
ber 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 meth-
ods used to achieve the study’s primary objective.

3.1. Research Questions and Goals

The goal of the study is to analyze the relationship be-
tween the cultural and geographical dispersion of a develop-
ment community and its productivity, computed by counting
the number of commits in a range of time [57]. The purpose
is to increase awareness and allow practitioners to make more
informed decisions based on their software development com-
munity. The perspective is of managers interested in effectively
allocating resources, adhering to the project’s requirements, or
managing/monitoring complex organizational structures.

The goals of the empirical study were mapped onto the fol-
lowing research question.

RQ - Dispersion Metrics Versus Productivity

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

Figure [2] overviews the methods employed to address our
research question. We adopted a mixed-method research ap-
proach [36] 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 [64]—able to assess whether
cultural and geographical dispersion relates to the produc-
tivity of open-source development communities.

Qualitative Investigation: we surveyed 140 practitioners with
experience in distributed software development to gather
their opinion on how different culturally originated behav-
iors in software teams can influence their productivity.

In terms of reporting, we employed the guidelines by Wohlin
et al. [65], other than following the ACM/SIGSOFT Empirical
Standards Moreover, a replication package of the study is
available online [37]].

2 Available at the following link: https://github.com/acmsigsoft/
EmpiricalStandards. Given the nature of our study and the currently avail-
able standards, we followed the “General Standard”, “Questionnaire Surveys”,
“Mixed Methods”, and “Data Science” definitions and guidelines.

Table 2: Projects in the dataset.

Project Progr. Language

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++

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

3.2. Design of the Quantitative Study: Regression Model

The first step of our study consisted of a statistical analy-
sis analyzing the relationship between dispersion metrics—i.e.,
cultural and geographical dispersion—and the productivity of
software development communities. In the following, we pro-
vided information about our quantitative investigation.

3.2.1. Data Collection

To conduct our study, we used the dataset from our previous
study [66] containing socio-technical metrics about 25 open-
source software communities. Specifically, the dataset con-
tains 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
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productivity of a software development community.

The goal of the study is to analyze whether cultural and geographical
dispersion—and other related socio-technical metrics—influence the

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

Y

(' Step 1: Quantitative Research

open-source communities.

We built a mixed-linear regression model for studying the
relation between socio-technical metrics—specifically,
dispersion metrics—and the productivity of 25

REGRESSION
¢ Step 2: Qualitative Research 7 ~~~"7"7TTTTTTTTTomomoomooseomoneones
O — We distributed a survey to 140 practitioners to study their
' '_' — perception of how culturally originated behaviors—in
, dispersed teams—can influence the productivity of
development communities.
. SURVEY

Mixed-Method Study Approach Framework

(’ Step 3: Theoretical Saturation Y

RESULTS

Q ANALYSIS
4 N

We gathered,
synthesized, and
analyzed the findings of
the quantitative and
qualitative studies to
reach theoretical
saturation and elicit
discussion points.

Figure 2: Overview of the research methods used to address the research questions of the study.

metric corresponds to the standard deviation of the set con-
taining the community members’ value for one of the six di-
mensions of Hofstede [28]]. As for the geographical disper-
sion, the metric considered the standard deviation of the spher-
ical distances (in miles) between each community member as a
metric—computed using the GEoP library. To compute both
metrics, we relied on the original country of the developers in
the development communities, which was provided in the orig-
inal dataset [26, |67]—more details in the following section.

3.2.2. Statistical Model Variables

To answer our research question, we built a statistical lin-
ear mixed regression model [64] relating a development com-
munity’s cultural and geographical dispersion to productiv-
ity—expressed in terms of the number of commits.

Independent Variables. In the context of our study, we consid-
ered the following independent variables.

Cultural Dispersion. The cultural dispersion of a develop-
ment community indicates how such a community is formed
by developers coming from different cultural behaviors [66,
68]]. Being a quantitative measure, it is necessary to rep-
resent the culture of individuals using a quantitative frame-
work; hence, we used the six metrics in Hofstede’s frame-
work [28]]—described in Section @ By such a choice, we

3https://geopy.readthedocs.io/en/stable/index.html

defined six cultural dispersion metrics—one for each Hofst-
ede dimension—corresponding to the standard deviation of
the set containing the Hofstede community members’ val-
ues. The metrics are reported in the following:

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

IDVD: Individualism vs. Collectivism Dispersion indi-
cates how much community members tend to have differ-
ent ideas regarding working in a group and sharing suc-
cess 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 ele-
ments.

UAID: Uncertainty Avoidance Dispersion indicates how
much community members tend to have different ideas
on taking risks and accepting new and controversial opin-
ions.

LTOD: Long Term Orientation vs. Short Term Orienta-
tion 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 community members tend to have a different
opinion about the rank in which the governing authority
controls how people satisfy their needs and spend leisure.
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Geographical Dispersion. The geographical dispersion of a
development community indicates how such a community
is formed by developers collaborating from different places
geographically distributed around the globe. As shown in
Equation [T} we operationalized the geographical dispersion
of a community as the standard deviation of the set contain-
ing the physical distances—expressed using spherical dis-
tance—between each community member [68,[69].

GeographicalDispersion(X) =

1 N
= 2 X2 (D)

where X is the set containing the physical distance between
each pair of community members, N is the number of ele-
ments in X, X; is the element of index i in X, and uy 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 geographical dispersion; (2) if the members
are working in clusters geographically distributed, there is
a medium level of geographical dispersion; (3) if the mem-
bers 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’s consider the case in which we have a commu-
nity of 15 practitioners. If they are separated into 3
clusters of the same size—i.e., Amsterdam, 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 mem-
bers can change over time.

Dependent Variable. Since our goal was to understand the im-
pact of cultural and geographical dispersion on the productivity
of a development community, we used the number of commits
per time [59H61] as a reference measurement. We relied on this
metric since it has been widely used when dealing with produc-
tivity in past works [S9H61L (704 [71]].

Control Variables. When constructing a statistical model, it is
essential to consider that beyond independent variables, several
variables can affect the phenomenon analyzed, as demonstrated
in the literature [18, 19, 26, 166, 72, [73]]. For this reason, we
considered the following variables:

Number of Committers: It is defined as the number of peo-
ple 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 de-
velopment of the project.

Turnover: It concerns the fraction of the team in a given
temporal 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 max-
imum 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 gen-
erally more active.

Tenure diversity: Tenure measure is defined as the experi-
ence of developers in various fields [74]], thus possibly af-
fecting productivity [19]. In our study, we considered two
types of tenure: (1) commit tenure (that represents the cod-
ing experience of a contributor within all GitHuB projects
in which s/he contributed), and (2) project tenure (that rep-
resents 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 [75] defined Blau diversity index as
1-X" | P? where P; refers to the percentage of female team
members. The values fluctuate between 0 and 0.5, at which
there is the same percentage of male and female board mem-
bers, and thus the diversity is maximized.

Socio-Technical Congruence: STC [76] represents “the
state in which a software development organization harbors
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 [[77H80].

Centrality: It is defined as the strength of a community, and
it is based on modularity measures [81]. 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.

The above factors were considered as control variables in our
statistical models, according to previous literature [18l [19] 26}
66,72, 73].

3.2.3. Statistical Model Construction

The dataset used [[66] consists of multiple temporal windows
for each project analyzed. This means there are multiple snap-
shots of the community’s situation for the same team, i.e., our
data expose a hierarchical structure (based on the team), then
non-independence. For this reason, we constructed a linear
mixed model able to capture measurements from within the
same group (i.e., within the same team) as a random effect [[64]].

Linear mixed models [64] extend simple linear models by
incorporating both fixed and random effects. They are particu-
larly employed when dealing with nonindependence in the data,
often arising from hierarchical structures. Mixed models com-
prise 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 be-
tween variables in cases multiple snapshots for the same study
item are provided [26} 182} [83]]. 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 per-
spective, we relied on the functions 1lmer and lmer.test
available in the R package 1me4 [84].

It is important to note that we also faced the problem of
multi-collinearity [85]], which happens when an independent
variable is highly correlated with one or more of the other in-
dependent 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 pack-
age using the vi f function [85].

To support our results, we computed the effect sizes of the
coefficients using the well-known ANOVA statistical test [86].
Variables are considered significant if they are statistically sig-
nificant, 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) [87,|88]] es-
timators. They are used for assessing the quality of the predic-
tion [89]. Indeed, both estimate the prediction error and quality
of statistical models for a given set of data. 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.

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

3.3. Design of the Qualitative Study: Survey Design

The second step of our study consisted of a qualitative inves-
tigation to study how culturally originated behaviors, and ge-
ographical dispersion can influence the productivity of a soft-
ware development community. Specifically, we surveyed 140
practitioners with experience in distributed software develop-
ment 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 [14}[90]] and (ii)
they are flexible methods to collect general insight from indus-
try [91]. The following sections provide information about our
qualitative research approach and dissemination actions.

3.3.1. Survey Structure

Our survey consisted of eight main sections described in the
following paragraphs.

Survey Initiation Section. The first section was inspired by the
work of Murphy-Hill et al.|[14] and aimed at providing a base-
line for all respondents regarding the definition of productiv-
ity—to obtain more cohesive results. Moreover, we extracted
insights from participants on how to measure software develop-
ment team productivity.

Survey Core Section. The sections from the second to the sev-
enth were mapped on the six Hofstede dimensions and aimed at
extrapolating the perceived impact of cultural dispersion met-
rics on self-assessed productivity. We developed such sec-
tions—and associated questions—using a vignette-based sce-
nario approach [92], mainly used in psychological and socio-
logical experiments [93]. Specifically, each scenario described
the characteristics of one of the cultural dimensions contextual-
ized in the software development environment.

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

Example Vignette Scenario

“Suppose your development team is working on the def-
inition of an E-commerce application. During the devel-
opment, you recognize the presence of people who (1) de-
mand 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
opposite behaviors, represented using the (1) and (2) items. We
operationalized such a choice to allow participants to visualize
better the situation we were interested in investigating [93]]. All
the used scenarios are available in our online appendix [37].

In order to better explain this choice, it is essential to stress
that each of Hofstede’s dimensions describes two opposite be-
haviors. For example, regarding Individualism vs. Collectivism,
a high level indicates a society where individuals are expected
to take care of only themselves and their immediate families.
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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 understand-
ing (1) whether the situation has ever happened to our partic-
ipants in their past projects (Likert Scale from Never to Al-
ways); (2) to what extent the cultural background and physi-
cal 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 Dis-
agree to Strongly Agree).

We decided to use Likert Scale with five values because they
are largely suggested by Kitchenham and Pfleeger [91]] for qual-
itative studies in software engineering. Such a scale allows us to
increase the readability of our survey and be exhaustive without
the risk of misconception by participants. Moreover, choosing
five as the number of values allowed us to extract results with-
out being too dispersed.

Although only the third question directly relates to our re-
search question and objective, we included the other questions
mainly for three 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 qual-
ity 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 produc-
tivity of a software development community. Specifically, we
aimed to evaluate practitioners’ perceptions of the control vari-
ables 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 not to Defi-
nitely. The control variables included were:

e Team Size: the dimension of the team in terms of people.

e Turnover: the changing of the workforce assigned to a pro-
duction process.

e Project Age: the number of years from the start of the
project—i.e., the first commit.

o Tenure diversity: the difference of experience between the
various team members.

e Blau-Index: the team’s diversity in terms of biological gen-
der—i.e., male and female.

Survey Demographic Section. The last section of the survey
was reserved for demographic information. Our target popu-
lation was composed of practitioners. We included questions
related to job positions (i.e, Project Manager, Product Owner,
Software Architect, Software Engineer, and other), gender, pro-
gramming/management experience, and size of the team they
were considering when answering the survey questions. Fur-
thermore, we also asked participants about their cultural back-
grounds. Once we had developed the survey, and before releas-
ing it, we sought and obtained approval from the Ethical Board
Committee of the University of the second author.

Survey Attention Question Section. Following the guidelines
provided by Meade and Craig| [94], we included in our sur-
vey an attention check question [94]—i.e., a question aimed at
checking if the participant is reading the questions and is not
answering randomly. Specifically, the attention question is the
following “Respond with ‘Never’ to this question.”. We dis-
carded three participants’ answers that did not correctly answer
them.

3.3.2. Survey Submission and Participants Characteristics
From a recruitment perspective, we carefully paid attention
to the target population. Indeed, we used PROLIFI to recruit
experts. Prolific is a web-based platform to support researchers
in finding participants for survey studies. The platform allows
tuning the preference of surveyed, putting constraints, i.e., peo-
ple must be practitioners and experienced in distributed work.
ProLiFiC use an opt-in strategy [95]: this implies that partici-
pants get voluntarily involved, possibly leading to self-selection
or voluntary response bias [96,197]]. We introduced an incentive
of 3 dollars per valid respondent to mitigate this bias. ProLiric
automatically suggests this amount according to (i) the profiles
selected and (ii) the survey time. Nonetheless, answers must
be double-checked at the end of the survey before assigning
the reward. The survey was made available from January 30 to
February 22, 2023, and we surveyed 140 practitioners.

3.3.3. Survey Design Guidelines

During the design of the survey and its submission, we relied
on various guidelines to improve our method and, consequen-
tially, our findings. First, regarding the survey design, we relied
on the guidelines provided by Kitchenham and Pfleeger [91]]
and Andrews et al. [98]—broadly adopted for software engi-
neering qualitative studies. Additionally, we considered the
scale and guidelines provided by Kitchenham and Pfleeger [91]],
thus allowing us to increase the readability of our survey. Fi-
nally, we took inspiration from previous qualitative investiga-
tions that focused on the productivity of software development
teams [[19, 55 190].

Regarding the tool used for survey dissemination, i.e., Pro-
LIFIC, we take inspiration from other work in literature [99,|100].
Specifically, we adopted insights provided by Reid et al. [99],
which defined a series of recommendations to conduct surveys
in the software engineering field using the platform.

SProLIFIC website: https://www.prolific.co/|
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Following the guidelines by Flanigan et al. [101], we con-
sciously kept the survey anonymous, preventing our influence
on the answer. We created the survey as a GOOGLE fomﬂ and

Table 3: Statistical Model Results.

Factor

All Variables

Conf. Variables

Random

estimated a completion time of 10/15 minutes. Estimate Sig. | Estimate Sig. | Estimate
Regarding the analysis of the results, we used descriptive (Intercept) 2.663 1.957 9.565
statistics/plots for the closed-ended questions of the surveys, Number of Committers | 0.788 w3k | ().899 otk
while content analysis [102][—i.e., a research method where Project Age -0.058 *k% | 0,051 ok
one or more inspectors go over the data of interest and at- Turnover 0.649 0.092
tempt to deduct their meaning and/or the concepts they let Blau Gender 3.256 5.289 &
emerge—for open-ended questions. The process was con- Tenure Median -0.018 0.021
ducted by the first three authors of the paper, who jointly an- Tenure Diversity -0.001 -0.001
alyzed the individual responses to identify and label the main Team Size 0.301 0.401 *
insights and comments left by participants. Socio-Technical Congru- | 0.109 0.171
ence
Truck Factor 0.021 -0.003
4. Analysis of the Results Number of Females 0055  * | -0055 @ *
Expertise 0.018 0.059
This section illustrates the results of our study. For the sake Centrality 0.587 w55 | 0563 o
of comprehensibility, we decided to divide the section into three PDID 0084
subsections: the first one reporting the previous results from the IDVD 0.109 o
quantitative analysis [31]; the second one reporting our findings MASD -0.024
from the analysis of the survey responses; and the third one, UAID 0.0158
consisting of a sum-up and synthesizing of the results from both LTOD 0011 e
the studies. Such a report strategy is coherent with the mixed- IVRD 0.088 *
method approach used for this study [36]. Due to space limi- GeoD 0.001 *
tations and readability, detailed and raw results are available in s p<0.00l; s#:p<00l; *:p<005 .:p<0.l1

the online appendix [37].

4.1. Quantitative Study: Regression Model Table 4: AIC and BIC for the three models.

All Variables Conf. Variables Random

Metric

This section shows the results achieved when assessing the

relationship between cultural and geographical dispersion and AlC 502 536 617
the productivity of a development community. BIC 572 584 026
Table 3] and Figure 3 report the details of the statistical mod-
els. The first model (see the column “All Variables™) shows the Productivity
results achieved considering both confounding factors and in- R 0zg
dependent variables. In particular, the number of committers ot Aged L0
and the centrality seem to impact the productivity of a devel- Tamover. 0gs
opment community greatly. Moreover, the project age and the . &
number of females in the team significantly impact the depen- N —0g2
dent variable too. Tonure Dversiy ~0§0
As for the cultural and geographical dispersion, we can no- Toam size 080
tice that the most significant variables are Individualism vs. ST Congruence 041
Collectivism Dispersion and Long Term Orientation Disper- Truck Factor 0g2
sion, followed by Power Distance Index Dispersion. Indul- Numbor of Faraloe 0g6*
gence vs Restraint Dispersion and Geographical Dispersion Exporise g
seem significantly impact productivity, too. Therefore, we can Contralty o5
claim that dispersion metrics influence the productivity of a - g™
software development community. iovo- 014"
To provide a preliminary interpretation of our results— maSD- 062
similar to our previous study [66]—cultural and geographical uAID- 02
dispersion influence the productivity of a development commu- 70D- 0.9 "
nity both positively and negatively. As proof of this, Individ- RD- 0@"
ualism vs. Collectivism Dispersion, Indulgence vs. Restraint GeoD- 0"
Dispersion, and Geographical Dispersion impact the dependent -2 o 2 i 6 8

Estimates

p - Figure 3: Statistical Model Representation.
GoogLE form website: https://www.google.com/forms/about/
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Figure 4: Productivity measures.

variable positively, while Power Distance Index Dispersion and
Long Term Orientation Dispersion negatively.

Table [ 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.

7 Quantitative study: summary of the results.

Our study confirmed how socio-technical metrics could
significantly impact the productivity of a development
team. In addition, the study revealed that culture and ge-
ographical dispersion influence the productivity of a soft-
ware development community.

4.2. Qualitative Study: Survey

The following section reports (1) the background and demo-
graphic information of the study’s participants and (2) the find-
ings of our qualitative analysis.

4.2.1. Participants Background Information

Among the 140 participants, 70% of them worked as devel-
opers, 15% as Project Managers, and the remaining had other
roles, e.g., software architect and data scientist. Moreover, 50%
of our sample was male, while 50% was female. Indeed, during
the survey definition, we precisely decided to balance our sam-
ple based on gender in order to collect opinions from both of
them. Furthermore, most of our participants self-assessed their
management and programming skills as high or medium, 52%
and 80%, respectively. From these basic descriptive statistics,
we can claim that the answers collected provide reliable insights
for validating the information gathered from the survey.

4.2.2. Perception of Productivity Measurement by Developers
For our quantitative investigation, we selected the number

of commits performed in a time range as a measure for repre-

senting the productivity of a software development community.
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Figure 5: Frequence of experienced cultural behaviors.

Even though we selected such a metric motivated by previous
usage in past literature [57H59]—with encouraging results—we
were aware that it could be the origin of incorrect results; in-
deed, productivity is a complex concept to define and measure,
and using a single representation could not be sufficient during
aresearch analysis.

For the reason mentioned above, we decided to conduct a
qualitative study, and we asked participants to provide us with
some examples of productivity measures that they consider at-
tentive. As shown in Figure[d] 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
evaluate how many times they faced the described scenario in
the past using a Likert scale from Never to Always. As shown
in Figure [3} most participants recognized the different cultural
dimensions inside their team. In particular, Individualism vs.
Collectivism Index and Indulgence vs. Restraint Index were the
most frequent (respectively, 40% and 50% claimed that they
often experienced it), while Power Distance Index was less fre-
quent (30% of participants claimed that they never experienced
it and 33% that they experienced it sometimes).

Besides studying the frequency of experienced behaviors, we
were also interested in whether practitioners perceive culture as
the principal root of such behaviors. Specifically, our goal was
to verify if practitioners perceive a connection between these
behaviors and the conjecture of Hofstede that relates them to
cultural factors. For such a goal, we asked participants to what
extent the individuals’ culture could influence the emergence
of specific behaviors. As shown in Figure [6] most participants
related the behaviors to cultural factors. In fact, in most cases,
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
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Figure 7: Impact of cultural behaviors on productivity.

communities and the relationship between belonging to differ-
ent 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

i) does not affect productivity,

ii) influences it positively (by increasing it),
iii) influences it negatively (by decreasing it), or
iv) influences it both positively and negatively.

In general, as reported in Figure[7] practitioners perceive all
the contrast between behaviors as impactful for productivity (as
demonstrated by the low percentages of No answers). In fact,
the higher value for No is nine responses—i.e., 7% of respon-
dents. Furthermore, they generally consider such an impact
negatively or both negatively and positively. The only differ-
ences in this are for Individualism vs. Collectivism and Uncer-
tainty Avoidance Index behaviors, in which we have a more sig-
nificant number of responses for Both negatively and positively
(respectively, 47% and 49%).
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Regarding geographical dispersion, participants confirmed
the statistical 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 Figure[8] most of them are perceived as impactful on software
development 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.

> Qualitative study: summary of the results.

Practitioners perceive cultural and geographical dispersion
as impactful for the productivity of a software team. More-
over, 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 productiv-
ity. Therefore, correctly managing cultural differences is
essential to bring out the best in one’s developers.

P Theoretical Saturation.

Both the qualitative and the quantitative study converges to
the same high-level result: dispersion metrics impact the
productivity of a development community greatly. More-
over, the impact of cultural behaviors on the productiv-
ity of a software community can be categorized and ana-
lyzed using cultural dimensions, leading to the possibility
for managers and team leaders to make more precise deci-
sions. Indeed, cultural dispersion impacts productivity dif-
ferently based on original Hofstede’s dimension. Further-




more, the two studies reveal that the influence of disper-
sion 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, man-
agers could find a converging point easier and reduce pro-
ductivity loss by knowing the contrast point—i.e., the cul-
tural 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 re-
lating 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 re-
ducing the negative impact of such dispersion and enhanc-
ing 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
revealing several lessons for software project management and
community shepherding.

The role of culture as a factor influencing productivity in soft-
ware 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 considera-
tions based on the results achieved in Section

Productivity Metrics: Quantitative and Qualitative. As al-
ready said, productivity is a complex concept to define and mea-
sure. Indeed, a large plethora of work provided different inter-
pretations and measurements [57H59]. From such heterogene-
ity 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 productiv-
ity, we tried to address it by combining quantitative and qualita-
tive representations in our studies. The former—i.e., the num-
ber of commits—allowed us to be more “objective” in our find-
ings; the latter—i.e., self-assessed productivity—allowed us to
capture more aspects and indicators of productivity. 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 in-
fluence 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 pres-
ence of both individualistic and collectivistic people in the same
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team could increase productivity. Specifically, one of them re-
ports 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 jus-
tify the second predominant result from the survey, i.e., disper-
sion could also negatively affect the dependent variable—from
a statistical point of view. Indeed, this situation can occur con-
sidering the example above, i.e., trying to enforce a paradigm
change in the communication and collaboration pattern of the
individualistic person.

A We could draw that supporting individualistic behav-
ior 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.”.

Long vs. Short Term Orientation and Power Distance Index
Dispersion. Both LTOD and PDID negatively affect the pro-
ductivity of a development community. These metrics reflect
similar behaviors: indeed, LTOD indicates a contrast between
people who tend to resist change—e.g., try out new program-
ming languages or technologies—in contrast to others who are
more flexible; PDID, indicates a difference between individuals
who demand to equalize the distribution of the power between
all team members, in contrast to others who want to follow a
rigidly hierarchical organization.

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

As a confirmation of this, one of the participants in the survey
reported that “When the difference in behaviors is from the team
managing the processes, this can lead to delays whilst decisions
are made.”.

A Moreover, an ulterior point could be that the resent-
ment arising from the contrast between individuals could
lead to the formation of Organizational Silos—i.e., the sit-
uation in which different clusters of individuals in the same
team arise and the communication between such “silos” is
poor [82}[103]]—, thus decreasing the communication and
increasing the time to perform actions.

As a confirmation of this, one of the respondents to the ques-
tionnaire reports that “Less collaboration occurs because peo-
ple resent colleagues and don’t want to share credit, so things
get done slower.”.

Despite the negative influence that LTOD and PDID have
on productivity, it is crucial to remember that low productiv-
ity does not necessarily mean low quality. In other words, more



extended discussions—other than lowering developers’ produc-
tivity—could lead to better identification of problems and their
solutions, resulting in better quality—e.g., a better understand-
ing of requirements. The critical aspect here is to prevent dis-
cussions from escalating into unnecessarily lengthy communi-
cations or, at worst, toxic arguments that could negatively im-
pact the community’s productivity. Related to this, we have
observed a strong correlation between cooperation and collab-
oration issues and the concept of community smells [103}[104],
which participants also mentioned, i.e., organizational silos. In
our previous research [105], we have presented strategies to
mitigate some of these smells. We believe that these strategies
can be valuable in addressing the problems mentioned above
and enhancing productivity.

One approach is facilitating mentoring activities to support
team members in adapting to changes. This can involve orga-
nizing workshops, providing mentoring opportunities, or grant-
ing access to educational resources. By offering guidance and
assistance, we can help individuals overcome their resistance to
change and navigate new approaches more effectively. In addi-
tion, emphasizing clear communication is essential. It ensures
the team comprehends the proposed changes’ vision, goals, and
rationale. When the reasoning is effectively communicated, it
fosters understanding, reduces resistance, and encourages buy-
in from the team members. Lastly, engaging in cohesion ex-
ercises with team leaders can play a vital role in promoting a
positive attitude toward change and adaptation. Team leaders
set an example for others to follow by demonstrating a willing-
ness to embrace change. Being open to feedback and displaying
a constructive mindset creates an environment where change is
embraced as an opportunity for growth.

Control Variables. Our study confirms previous findings [15]
62]: indeed, socio-technical metrics [76, [106]], e.g., turnover
and tenure diversity, are strongly correlated with the produc-
tivity of a development community. For example, central-
ity—the degree to which a community is divided into sub-
communities [81]—positively influences the dependent vari-
able. The reason could be that, with the increasing number of
developers, modularising the team could lead to better micro-
management, improving the community’s productivity.

In addition, as we might expect, the number of committers
and the age of the project also affect productivity. Concerning
the first variable, it probably depends on the way chosen to rep-
resent productivity in this study (the number of commits): more
committers likely lead to more commits over time. Regard-
ing the second variable, the project’s age negatively impacts the
community’s productivity. This could be because some open-
source communities tend to die over time, mainly if some core
contributors migrate to other teams.

As a final note, the survey’s participants found Blau-
Gender—i.e., the degree to which a community is different in
terms of biological gender composition—as not relevant when
analyzing the productivity of development communities. Both
the analysis in this study confirmed these results. For exam-
ple, Catolino et al. [27] found that gender diversity is per-
ceived as being less important than experience or team size
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to mitigate the emergence of communication and collabora-
tion issues—represented using community smells. Neverthe-
less, other quantitative investigations demonstrated that gender
diversity could positively impact product and process metrics
in software development [25} 26, |82]]. Undoubtedly, ulterior re-
search is needed to assess the influence of gender diversity in
software development communities, maybe introducing novel
methodologies for conducting investigations.

Benefits for tool vendors and developers. Nowadays, man-
aging software development teams and conducting software
projects is an expensive effort—both in terms of money, time,
and human resources. Moreover, such an effort ulteriorly arises
in the context of distributed teams characterized by a large
plethora of factors, first of all, the extreme diversity of stake-
holders in terms of behaviors and beliefs [[10}11]]. Furthermore,
developing guidelines, methods, and tools to help practition-
ers is complex due to the—at least apparently—abstractive na-
ture of such social aspects. Nevertheless, our findings reveal
that quantitative frameworks for measuring dispersion in de-
velopment teams could be effective and can constitute a foun-
dational step in developing recommendation systems for man-
agers. Indeed, as a basilar example, using only the nationali-
ties of team members—without any private information on the
actual individuals—could allow managers to compute the dis-
persion rates and improve the estimation of productivity effort
required for the project, constituting—if performed automati-
cally—a worthwhile contribution.

A Recommendation systems designers and developers
should take the opportunity provided by quantitative rep-
resentation of social aspects by developing tools to support
practitioners in using and managing such factors. For ex-
ample, computing a development team’s dispersion met-
rics could contribute to the management process of soft-
ware development projects.

We should care about software community health. These re-
sults shed light on an important aspect often underestimated by
managers. Indeed, the health status of a community—its be-
haviors and diversity—needs to be carefully monitored when
dealing with software development since it can affect the quan-
tity (productivity) and quality of what it produces. Our conclu-
sions 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 [91]], we identified and orga-
nized the threats using the well-known framework proposed by
Wohlin et al. [[65, 107]].



6.1. Threats to Construct Validity

Threats in this category refer to the relationship between hy-
pothesis and observations and are mainly due to imprecision in
performed measurements [65]].

The first threat concerns the usage of Hofstede [28] for char-
acterizing cultural dimensions. Although a few researchers
raised concerns about this framework [47-49], Venkateswaran
and Ojha [35] showed how the framework is the most efficient
way to represent the complex world of cultural attitudes [32+
341153]).

A further concern regards the usage of the metric chosen for
measuring productivity. Specifically, we used the number of
commits for the quantitative investigation, while for the quali-
tative one, we relied on self-assessed productivity. This differ-
ence could introduce some imprecision and threats to the the-
oretical 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 consider at-
tentive. As shown in Figure[d] 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 unreli-
able in the case of skewed measures. We applied the well-
known Shapiro—Wilk test [108] to verify the normality of the
data. Moreover, these metrics have already been adopted in a
few studies in the context of software development [68) [69) I82]].
Nevertheless, we encourage replication of the study using dif-
ferent 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 [26) 166, |67].

Regarding the threat concerning the survey design, we fol-
lowed the guidelines provided by Kitchenham and Pfleeger [91]]
and Andrews et al. [98] 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 devel-
opers 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 cate-
gory [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 considered
the presence of subcultures while designing the survey and as-
signing values to each country. Therefore, we are confident that
the different sub-cultures behaviors are represented inside the
used framework.

15

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 [65]].

The main threat is how we recruited our participants and their
capacity to report about culturally dispersed teams. For the sur-
vey, we relied on voluntary participation through an online in-
strument like ProLiFic. In particular, this platform allows access
to a pool of participants samples based on specific characteris-
tics and backgrounds, e.g., computer science, working as devel-
opers. 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. Fur-
thermore, 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. ProLiric allows us to distribute
the survey to globally distributed participants (more informa-
tion on this is in the responses to the last section of the survey, in
the online appendix [37]). For such a reason—combined with
a large number of participants—we are confident that the tar-
get audience has been represented. Nevertheless, we encourage
replications of our work to strengthen our findings and their
generalizability.

6.3. Threats to Conclusion Validity

Threats in this category are concerned with the ability to draw
correct conclusions about relations between treatments and out-
comes of an experiment [65]].

The first threat concerns the statistical model selected for our
study. We used a mixed-effect model |64, [84] to manage the
multiple time windows for each project, thus capturing infor-
mation within the same group. Additionally, we used vif for
dealing with multicollinearity [85)], and ANOVA test [86] for
checking the significance of the results. Finally, to avoid omit-
ting additional factors influencing a team’s productivity, we in-
cluded some socio-technical control factors identified by previ-
ous literature [14-16,/58.162]], e.g., socio-technical congruence.

A possible threat concerns the choice of Proriric Platform
that involves the use of an incentive for people who do the sur-
vey, thus possibly affecting the results of our study. In our case,
the participants involved in the survey obtained around 1$ for
participating, thus allowing us to collect several answers. How-
ever, (1) the participation was voluntary, (2) we could collect
various opinions from people with different experiences, thus
increasing the reliability of our results, and (3) we asked to re-
port 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 [37].

6.4. Threats to External Validity

Threats in this category are concerned with the generalizabil-
ity of the results [[63]].

The main threat relates to the generalizability of the results.
We use a dataset [66] containing information about big open-
source projects on GrtHus, with a large number of contributors.



Nevertheless, we plan to extend the number of systems and per-
form some qualitative studies, e.g., focus groups, surveys, and
interviews, to strengthen the results as a future agenda. More-
over, we adopted a mixed-method approach, combining the re-
sults of a previously performed 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
empirical study [31] that investigates the relationship between
the cultural and geographical dispersion of a community—i.e.,
the degree to which a community is formed by individuals
growing up in and coming from different places globally—and
its productivity, consider the number of commits in a specific
range of time. The research question we wanted to answer was
“To what extent do cultural and geographical dispersion influ-
ence team’s productivity?”.

Our findings demonstrated that dispersion metrics impact
productivity both positively and negatively. Indeed, how man-
agers and leaders approach the differences between the cultural
background of individuals is a crucial factor in determining
their impact on the team. As an example of this, in the case
of individualistic people collaborating with more collaboration-
oriented ones, trying to integrate them into the team could lead
to a useless and ineffective effort. Moreover, we found that the
quantitative representations of social aspects are now mature
to be exploited by practitioners. Developing tools and recom-
mendation systems to track such metrics and visualize them to
practitioners is an opportunity that should be considered.

As a future agenda, we plan to extend the generalizabil-
ity of our results by adopting various productivity measure-
ments. Moreover, we plan to develop instruments—e.g., con-
versational agents—aiming to perform a technology transfer
from the research field to the practitioners one, making our find-
ings easily usable by practitioners.
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