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One of the cornerstones of the R system for statistical computing
is the multitude of packages contributed by numerous package
authors. This amount of packages makes an extremely broad
range of statistical techniques and other quantitative methods
freely available. Thus far, no empirical study has investigated psychological factors that drive authors to participate in the R project.
This article presents a study of R package authors, collecting data
on different types of participation (number of packages, participation in mailing lists, participation in conferences), three psychological scales (types of motivation, psychological values, and work
design characteristics), and various socio-demographic factors. The
data are analyzed using item response models and subsequent generalized linear models, showing that the most important determinants for participation are a hybrid form of motivation and the
social characteristics of the work design. Other factors are found
to have less impact or influence only specific aspects of participation.
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he story of the R environment for statistical computing (1)
has been one of tremendous success. Since it was first conceived (2), R has been attracting more and more users and
contributors from different fields where data analysis plays a
major role. Fox (3) conducted a series of interviews with members of the R Core Team to explore the social organization of R
and to identify factors crucial to its success.
The study presented here aims to examine why package authors participate in the R project. We use scales on work design
characteristics, personal values, and types of motivation—based
on theories from a general open-source software (OSS) perspective—to learn about factors and incentives that drive authors
to develop R packages, as well as participate in R conferences
and mailing lists.
The overwhelming majority of R packages are released under
open-source licenses, thereby placing no restrictions on users and
guaranteeing that these packages can become public goods (4).
Although from a traditional economic point of view, it appears to
make no sense to give away one’s skills and efforts for free, thousands of highly skilled developers have organized into communities like the Comprehensive R Archive Network (CRAN;
CRAN.R-project.org/), Bioconductor (5) (www.Bioconductor.org/),
R-Forge (6) (R-Forge.R-project.org/), and GitHub (https://github.
com/) to contribute code and documentation to open-source R
packages distributed by these communities.
Studying software developer’s motivations and determinants for
participating in OSS projects is not a straightforward task. There
are many internal and external factors that might potentially play a
role and, hence, have to be taken into account when one wishes to
explain OSS participation. Empirical findings in this research area
are rather limited and partially ambiguous (7). In this study, we
apply models from item response theory (IRT) and generalized
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linear models (GLMs) to data collected in a survey, conveyed on
the popular platforms CRAN, R-Forge, and Bioconductor.
Psychological Findings on Participation in OSS Projects
In terms of internal factors that influence participation in OSS
projects, psychological literature suggests to consider motivational
theory, work design theory, and value theory. Motivational theory
distinguishes between intrinsic and extrinsic motivation. Intrinsic
motivation is the most pervasive motive for contributions to OSS
(8–11). It represents the enjoyment of an activity itself and is
strongly linked to an individual’s perception of autonomy and
competence (12). Extrinsic motivation refers to any scenario in
which a person is motivated by external control. Some of the most
salient extrinsic motives are monetary rewards and peer pressure.
In addition, it has been found that satisfying a personal need
(scratching a personal itch) (9, 13), further improvements by
others (13, 14), enhancing personal reputation (7, 10, 15, 16),
reciprocity and general exchange (9, 17), and social norms (8) are
other extrinsic motives to be considered in OSS developments.
Most researchers agree that a simple model of purely intrinsic and
extrinsic motives is insufficient to capture the motivational patterns in OSS (7, 8). Instead, motivation is to be more accurately
understood as a complex continuum of intrinsic, extrinsic, and
internalized extrinsic motives. Motives evolve over time, as task
characteristics are shifting from need-driven problem solving to
mundane maintenance tasks within the community.
Significance
Over the last years, the open-source environment R has become the most popular environment for statistical computing
and data analysis across many fields of research. The developer
community is highly active: Thousands of packages are available in the official Comprehensive R Archive Network repository and more on developer platforms like GitHub or
R-Forge. One question that has not been studied yet is as follows:
why do people contribute to the R environment? What are the
key motives that drive package authors? Do these developers
have specific personal value structures? Are some work environments more conducive to productivity than others? This
study is the first empirical study, to our knowledge, performed
within the R package author community that finds answers to
these questions.
Author contributions: E.H. and R.H. designed research; P.M., E.H., and K.H. performed research; P.M., K.G., R.H., A.Z., and K.H. analyzed data; and P.M. and E.H. wrote the paper.
The authors declare no conflict of interest.
This article is a PNAS Direct Submission.
1

To whom correspondence should be addressed. Email: mair@fas.harvard.edu.

2

Deceased July 17, 2012.

This article contains supporting information online at www.pnas.org/lookup/suppl/doi:10.
1073/pnas.1506047112/-/DCSupplemental.

www.pnas.org/cgi/doi/10.1073/pnas.1506047112

Survey Design and Research Questions
Our population consists of package authors who contributed to
R packages on CRAN, Bioconductor, or R-forge. This population includes package maintainers and people who received
credit for contributing code and, therefore, appear in the package author list. We need to distinguish package authors clearly
from users, that is, people who are just using packages or providing code snippets without being “officially” involved in a
package development. Our study does not aim to generalize
the results to the whole R community.
The online questionnaire for the package authors, provided as
SI Results, included standard socio-demographic variables, as well
as more specific dichotomous work-related variables such as

whether respondents have a PhD degree, an education in
statistics, are employed full time, work in academia, and work
as statisticians.
Based on the research results described above, three lines of
possible psychometric incentives are pursued: (i) hybrid forms of
motivation, (ii) work design characteristics, and (iii) values. We
investigate to which extent these factors determine the degree of
the authors’ participation in the R project. The following subsections describe these variables and constructs included in our
study. Fig. 1 summarizes the latent structure of the psychometric
scales we use and their relation to the measures for participation.
Degree of Participation. Participation in OSS projects will primarily manifest itself in the form of code contributions. As
previous studies have shown, however, this is just one part of an
underlying learning and information process (17). A prominent
example of other forms of contribution is the active engagement
in social media platforms such as mailing lists or blogs (9).
In the context of the R project, contributed code is typically
conveniently organized in packages and distributed via repositories
such as CRAN or Bioconductor. This fact makes packages the
primary vehicle for communicating conceptual and computational tools related to R. Hence, the number of R packages
(co)developed by an individual author (cf. Fig. S1) can easily be
interpreted as the first, main variable of the extent of participation in the R project. As a second indicator, we use active
participation in R project mailing lists (R-help, R-devel, special
interest groups, . . .) as an indicator for engagement in social
media. Finally, as third participation indicator, we consider attending R conferences such as the annual useR! or the Directions in Statistical Computing (DSC) meetings.
Psychometric Constructs. As elaborated above, the classic distinction between intrinsic and extrinsic motivation is seen as too rigid
within our context. Reinholt (25) presents a concept that distinguishes between extreme intrinsic motivation, well-internalized
extrinsic motivation/moderated intrinsic motivation, and extreme extrinsic motivation. Well-internalized extrinsic motivation
and moderated intrinsic motivation comprise hybrid types of intrinsic and extrinsic motivation. The corresponding scales are based
on this concept of motivation because it provides a nuanced and

STATISTICS

The second potential influential factor for OSS contribution are
work design characteristics (18, 19). Corresponding underlying
traits refer to task complexity, significance of work, autonomy
mastering the task, feedback from the task, etc. (20, 21). The
model for work design allows organizations to assess the current
state of specific task-related characteristics and, consequently, to
change their design in a way that tasks become more motivating.
Third, personal values can be important for understanding
contributions to OSS projects. The classic value theory in ref. 22
distinguishes 10 different values: benevolence, conformity, tradition, security, power, achievement, hedonism, stimulation, selfdirection, and universalism. Oreg and Nov (23) determined the
following three values to be relevant for OSS developments: selfdirection, power, and universalism (24). Self-direction type values (e.g., creativity, choosing own goals, curiosity) are driven by
independent thought and action. Thus, they are closely related to
forms of intrinsic motivation. Power type values (e.g., social
power, social recognition, authority) reflect abstract outcomes on
an individual’s achievements. These values do not refer to the
direct outcomes of any particular action, but to the status in social
structure an individual is able to derive from actions. Hence, they
relate directly to forms of internalized extrinsic motivation. Universalism type values (e.g., equality, wisdom, social justice) refer to
action for the welfare of all people and are derived from people’s
awareness of the scarcity of resources. They imply that individuals
will consciously protect their own survival needs through the acceptance and just treatment of anyone outside their group (22).
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Fig. 1. Psychometric constructs. Hybrid forms of motivation (25), work design characteristics (21), and values (22) determining participation in the R project.
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coherent understanding of motivational types along a continuum
of motivation. This framework also accounts for potential interaction effects between intrinsic and extrinsic types of motivation. For the intrinsic and extrinsic motivation subscales, 36 items
are included in our questionnaire. Each subscale (i.e., enjoyment
based intrinsic motivation, self-reinforcement, obligation-based
motivation, integrated regulation, identification, introjection-based
regulation, external regulation) consists of four to eight items.
As suggested by previous studies (9, 10), the Work Design
Questionnaire (WDQ) (21) is a prominent tool to investigate work
design characteristics. This work design model captures, among
others, the following three subscales: the effects of task characteristics (autonomy, task variety, task significance, task identity,
feedback from job), social characteristics (received and initiated
interdependence, feedback from others), and knowledge characteristics (job complexity, information processing, problem solving,
skill variety, specialization). In its original form, the WDQ is
composed of 77 items. Using the three subscales above reduces
the questionnaire to 48 items. Note that WDQ items referring to
work tasks in general were adapted to the work on R packages.
Regarding personal values, we consider 3 of the 10 values of
the Schwartz value scale (self-direction, power, and universalism).
All 19 items pertaining to these value subscales are included in
the questionnaire.
Research Questions. Based on the theoretical extension of the
concept of intrinsic and extrinsic motivation (25), we hypothesize
that extreme extrinsic motivation (comprising external regulation
and introjection-based regulation), extreme intrinsic motivation
(stemming solely from enjoyment-based intrinsic motivation),
and well-internalized extrinsic motivation/moderated intrinsic
motivation (identification, obligation-based intrinsic motivation,
self-reinforcement, and integrated regulation) are positively related to the participation in the R project.
Regarding work design, it is expected that task characteristics
(comprising autonomy, task variety, task significance, task identity, and feedback from the job), knowledge characteristics (including job complexity, information processing, problem solving,
skill variety, and specialization), and social characteristics (consisting of received and initiated interdependence and feedback
from others) are positively related to participation. The more
positive these characteristics are perceived, the more a package
author should participate in R activities.
Finally, in line with earlier studies, it is hypothesized that the
values self-direction and universalism relate positively to participation, whereas power is expected to relate negatively.

Statistical Analysis and Results
Statistical Analysis Work Flow. Our sample consists of 1,087 package
authors. The statistical analysis work flow is the following: we scale
each psychometric construct using a two-parameter logistic (2-PL)
IRT model (26). Unidimensionality is checked using categorical
principal component analysis (27), and itemfit is tested using the
Q1 fit statistic (28). For the set of fitting items, the latent trait
(person) parameters are estimated, which then act as predictors, in
addition to demographic variables, in the subsequent GLMs. For
the first participation response “number of packages,” we fit a
negative binomial regression, and for “participation in mailing
lists” and “attending conferences,” we fit logistic regressions. For
each of these regression models, first a full model is considered
using all potential determinants: the nine psychometric scores and
all socio-demographic factors. Subsequently, a stepwise backward
selection of the predictor variables in the GLM is carried out based
on the Akaike information criterion (AIC) to highlight which determinants are most relevant. For the full model and the final
model from stepwise selection, to account for the measurement
error of latent trait scores as predictors in the GLM, we apply the
simulation-extrapolation (SIMEX) approach (29). Methodological
14790 | www.pnas.org/cgi/doi/10.1073/pnas.1506047112

details about each statistical analysis step is given in the SI Text, as
well as the outputs in terms of regression tables and effects plots.
Results
First, we look at the negative binomial regression with the number
of packages an author has (co)authored as the response variable
(Table S1). The effect plots for the final model are given in Fig. S2.
The number of packages are positively influenced by hybrid
and extrinsic motivation. Work design is also an important determinant of the number of packages, with social characteristics
being positively associated and task characteristics being negatively associated. Thus, the higher the intiated/received interdependence of an author and the more feeback he/she gets from the
community, the more packages he/she is involved in.
Conversely, the higher a package author scores on the task
dimension, the lower the number of packages (co)authored. In
terms of the value scales, only power is found to be significantly
associated with the number of packages showing a negative effect. On the socio-demographic side, the fact that a package
author works full time and his/her field of work is statistics have
a significant effect.
The results for the logistic regression model of participation in
mailing lists are given in Table S2 and the effect plots are shown
in Fig. S3.
Again, hybrid motivation significantly increases the probability
of participation. However, extrinsic motivation has a similar
absolute effect (both in terms of coefficient estimate and SE),
but the effect is negative. Regarding the WDQ, social characteristics have a large positive impact and task characteristics a
somewhat smaller negative impact. None of the value scale variables has a significant effect on the participation in mailing lists.
For the socio-demographic predictor part, the fact that a package
author works in the field of statistics leads to a significantly lower
participation probability.
Finally, Table S3 presents the results of the logistic regression
model for the binary response, indicating participation of package authors in R conferences and workshops. The corresponding
effect plots are given in Fig. S4.
Regarding the motivational dimension, hybrid motivation is
again found to be the most important determinant. Its influence
is again positive. In terms of work design, social characteristics
are significant with a positive impact on participation. Regarding
values, universalism is significant at 5% after stepwise selection.
The only significant socio-demographic variable is the occupational status: a full-time employment of a package author is a
strong determinant to participate in R conferences. None of other
socio-demographic variables (except, to a certain degree, statistics
as the field of work that has a minor influence) has any impact on
the model.
To summarize, the broad picture is very similar across all three
participation responses (and corresponding models), even if the
details vary to a certain degree: hybrid motivation and social
characteristics are the most important determinants for higher
levels of participation in the R project. The picture for extrinsic
and intrinsic motivation is less clear and varies over the particular type of participation. Authors that score highly on the task
characteristics scale generally participate less, whereas knowledge characteristics do not play an important role. Similarly,
values are not found to be important drivers of participation as
they rarely show up in the selected models. The influence of the
socio-demographic variables varies across the models: full-time
employment generally increases participation, whereas a job in
academia somewhat lowers it. Working in statistics has a positive
effect on the number of packages and participation in the conferences but a negative on participation in mailing lists. The
remaining two variables (having a PhD and an education in
statistics, respectively) cannot be shown to have an impact on
participation in any of the models.
Mair et al.

Work Design Characteristics. Social work design characteristics
reflect the fact that work is performed within a broader social
environment (21) where single individuals highly depend on each
other. Our results show that OSS projects provide high degrees
of social dependency and feedback as theoretically hypothesized
in ref. 18. That social characteristics are such an important factor
in our models is not too surprising, given that we are interacting in
a social media dominated environment and social coding platforms are widely used (30). Psychological explanations for our
results are the following: first, interaction with persons perceived
as important leads to reputation (self-esteem, future job opportunities, etc.). Second, interaction with alike minded persons (i.e.,
interested in solving statistical problems) might be a possibility to
express oneself and enjoy social inclusion.
From a perspective that goes beyond work design characteristics, social aspects include social recognition and identification.
The R community seems to offer the opportunity for R developers to identify with this highly valued group and feel a sense of
belonging. It can be assumed that they receive parts of their selfesteem by belonging to such a valued group (31) and are especially
motivated to contribute to this group. It would be interesting to
study such general social aspects of reputation gaining in a followup study.
Task characteristics are found to have a negative influence on
participation which can be explained as follows: if the work is
organized around the development of an R package as the
central task (from development of code, via writing of manuals
and vignettes to maintenance and bug fixing), R authors appear
to do that but are less involved in the development of further
packages or discussions on mailing lists. Or conversely, those
authors who participate more and develop several packages, do
not appear to be driven be the task of R package development as
such but by the underlying knowledge characteristics involved.
Mair et al.

Socio-Demographic Variables. Full-time employment always has a
positive impact on participation; significantly for the number of
packages and conference participation. This fact suggests that
many contributions to the R project are made as part of the job.
For mailing lists the influence is weaker but, as already argued
above, such participation is typically not part of the job description.
Additionally, there may also be direct effects of full-time employment on conference participation (e.g., through reimbursement
of expenses).
Working in the field of statistics also has positive impact on the
number of packages and conference participations but clearly
negative impact on mailing list participation. Although the former
is not surprising given that the R system is dedicated to statistics,
the latter may not be obvious. However, statisticians will typically
have other ways of asking questions related to R (e.g., colleagues
within their department) and other ways of providing feedback
about the corresponding statistical methods (e.g., in forms of
papers, books, or lectures). However, for R authors and users
coming from other domains (say, ecology, finance, or epidemiology),
the R mailing lists may be a more crucial means of obtaining information related to R. This supposition overlaps with the findings
in ref. 32, which showed that answers on the R mailing lists are
mainly given by a few central players feeling responsible for
certain topics.
Interestingly, an academic background (i.e., having a PhD or
a job in academia) does not lead to more participation as hypothesized in ref. 14. In fact, it has almost no impact on any of
the three response variables.
Conclusions. Our results show that growth of R-related projects is
positively influenced by hybrid motivation, whereas purely intrinsic or extrinsic motives are less important. Hence, this suggests that extrinsic motives (such as monetary rewards or building
reputation) can be important drivers but need to be balanced by
possibilities of internalizing them. However, given the ongoing
commercialization of the R ecosystem this aspect deserves reinvestigation in the future.
In conclusion, our results are important for institutions and
individuals that want to stimulate growth of R developments: they
must provide a work environment and corresponding incentives
that foster a high amount of interdependence and feedback from
others. Such collaborative research strategies also include the
PNAS | December 1, 2015 | vol. 112 | no. 48 | 14791
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Hybrid Forms of Motivation. In line with the literature (7–9), hybrid motivation a crucial determinant for participation, whereas
purely intrinsic and purely extrinsic forms of motivation are less
important. These findings are reflected by our regression results
and conform well with the academic life cycle. Various factors,
including reputation, reciprocity, or social norms, can contribute
to an internalization of extrinsic motives. On the one hand, many
academics “do what they have to do.” On the other hand, they
select tasks they enjoy doing that can also encompass activities
such as “fun coding” (8).
The influence of purely extrinsic motivation, which, in particular,
includes monetary rewards (8), varies across the participation
variables. In part, this may be due to a strong rooting of the R
project in various academic communities. Although packages and
conferences are by now regarded as scientific contributions, mailing
list contributions have no (direct) impact on academic performance
measures. This fact is somewhat substantiated by the positive (but
not significant) influence of intrinsic motivation on contribution to
mailing lists. We note that Bianchi et al. (16) found that contributions to “electronic networks of practice” are increased if the
contributors perceive that this enhances their reputation (i.e., a
typical extrinsic motive). Thus, participation in R mailing lists is
apparently not perceived to do so. This situation might be different
in the more recently established question and answer websites such
as Stack Exchange, which work differently from classical mailing
lists and explicitly try to capture the reputation of its contributors.

Values. Our results indicate that in the context of R packages
there appears only little additional direct effect of the values—
other than potential indirect effects through the types of motivation. There are two notable exceptions: power is shown to have
a clear negative effect on the number of packages and universalism has a clear negative effect on conference participation.
The former reflects that package authors, for whom social
power, wealth, social recognition, and authority are important,
produce fewer packages than their trait counterparts. The way
the field of applied and computational statistics has developed
over the last years, R package implementations have increased in
scientific value. Thus, for a researcher, a corresponding implementation has become an academic status symbol to the effect
that they refer to themselves as “R package author” even when
involved in a single package only.
The latter shows that the higher a package author scores on
the universalism dimension, the less likely he or she is to attend
meetings. A closer look at what is meant by universalism provides an interesting interpretation of this result. According to
Schwartz (22), attributes associated with universalism include the
following: a world of beauty, unity with nature, protecting the
environment, and inner harmony. These attributes are derived
from an awareness of the scarcity of resources. Thus, universalism
implies a strong environmental attitude that may be incompatible
with carbon-intensive long distance travels to conferences.
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Discussion
This study has asked why R package authors participate in the R
project for statistical computing. A survey was conducted and the
data were analyzed using IRT models and, subsequently, GLMs
(with SIMEX correction). In what follows, our findings are discussed in more detail and related to the literature on participation in OSS projects.

encouragement to work on projects with researchers outside the
institution and the engagement in social coding platforms.
Materials and Methods
Sample. In total, we had 4,274 email addresses of R package authors. They
were asked to fill out an online questionnaire within the following 3 wk. The
survey was conducted in May 2010 using the online survey software Unipark.
The platforms we used for the acquisition of the email addresses were CRAN,
R-Forge, and Bioconductor. In total we sent out 4,274 emails, of which ∼200
could not successfully be delivered (“bounced”). Note that if packages had
multiple authors, emails were sent out to those who provided an email
address in the package description file. In addition, in the email list we used,
some package authors had multiple email addresses. Therefore, the response rate below reflects a lower bound.
A total of 1,448 authors considered the questionnaire: 310 respondents
quit immediately and 51 respondents scrolled through without answering.
Altogether, a sample of 1,087 persons remained, which leads to a response
rate of at least 27%. This response rate is in line with related OSS studies such
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as in refs. 10, 15, and 33. A total of 764 package authors completed the
whole questionnaire without skipping any of the items. From a statistical
power point of view, this sample size is sufficiently large to carry out all of
our statistical analyses. The issue of possible nonresponse bias is addressed
and analyzed in detail in SI Text. Our results are representative for R package
authors who contributed to more than one package (see Fig. S5).
Reproducibility Materials. The following materials were submitted to fully reproduce the analysis in the article. The raw data are stored in Dataset S1, along
with the variable descriptions (Dataset S2). The code file in Dataset S3 contains
the R code for data preparation, IRT analysis, and all the GLM computations
(including regression tables and effect plots) presented in SI Text and SI Results.
In addition, it provides code to examine possible nonresponse bias.
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