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Abstract. With the increasing prominence of open collaboration as
found in free/libre/open source software projects and other joint pro-
duction communities, potential participants need to acquire skills. How
these skills are learned has received little research attention. This arti-
cle presents a large-scale survey (5,309 valid responses) in which users
and developers of the beta release of a popular file download applica-
tion were asked which learning styles were used to acquire technical and
social skills. We find that the extent to which a person acquired the rel-
evant skills through informal methods tends to be higher if the person
is a free/libre/open source code contributor, while being a professional
software developer does not have this effect. Additionally, younger par-
ticipants proved more likely to make use of formal methods of learning.
These insights will help individuals, commercial companies, educational
institutions, governments and open collaborative projects decide how
they promote learning.

Keywords: competencies, informal learning, non-formal learning, open
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1 Introduction

Free/libre and open source software (FLOSS) is important to the economy, with
many companies now relying on FLOSS components not only internally but also
as the basis for their commercial offerings. Fostering FLOSS talent is critical for
companies, which now support an estimated 50% of FLOSS development [1].
Governments have also become increasingly concerned not only with FLOSS
adoption but with building capacity for FLOSS development as a means of
promoting innovation. It is therefore in the interests of companies, governments
and FLOSS communities to know which skills or competencies1 are necessary
for FLOSS development and how they can be trained.

Contributing code to a FLOSS project requires both technical skills and
social skills such as the ability to coordinate with others, to clearly articulate an

1 Some authors distinguish between competencies and skills while others do not. In
this paper the terms are used interchangeably.



argument [2], to give constructive feedback and to comply with social rules [3].
Basic information and communications technology (ICT) skills are described
as including “the use of computers to retrieve, assess, store, produce, present
and exchange information, and to communicate and participate in collaborative
networks via the Internet” [4].

People can acquire skills through formal, non-formal and informal learning,
often making use of multiple methods in acquiring a single skill [5]. Formal
learning follows a course structure and results in certification, non-formal learn-
ing is structured but is not formally certified, while informal learning is neither
structured nor formally recognized.

Although the skills necessary for FLOSS development have been identified, it
is unclear which learning methods are being used to acquire them, especially by
people who are not involved in FLOSS development. Our research shows that
being a FLOSS code contributor and being a professional software developer
have different effects on the learning methods used, and that age is an important
factor in how FLOSS skills are acquired. We make use of an internet survey of
users and developers of the beta release of a popular file download application to
statistically validate the learning methods employed in the acquisition of FLOSS
skills by group.

This paper makes three contributions. We confirm that the fact that someone
is a FLOSS code contributor tends to make it more likely for the person to have
used informal learning to acquire FLOSS skills, as discovered by Ghosh et al.
[2]. We determine that being a FLOSS code contributor and being a professional
software developer have different effects on the learning methods employed. Fi-
nally, we demonstrate that age affects the learning methods used.

2 Related Work

We identified three topics related to our research: the learning style preferences
of individuals and groups, FLOSS and ICT skills acquisition, and comparisons
between FLOSS code contributors and professional software developers.

Studies have examined the relationships between learning preferences and
many other factors, such as hemisphericity (‘right’- or ‘left’-brain), social prefer-
ences, chronobiology and culture [6]. Age as an explanatory factor has recently
attracted attention due to popular press claims that immersion in technology
has created a generation of ‘digital natives’ with a uniquely self-directed and
interactive learning style. Little support has been found for the premise in the
literature [7]. A preference for informal learning was found in young students [8],
but a preference for the informal techniques was observed irrespective of age in
students aged from under 20 to over 30 [7]. In a study of Canadian adults, older
people were found to make greater use of independent learning [9].

FLOSS code contributors strongly prefer informal methods such as reading
source code and weakly prefer non-formal methods such as participating in work-
shops over formal study [2]. Contributors already possess many FLOSS skills
before joining the community [10], but younger cohorts do improve skills signif-



icantly within the community [11]. In contrast with these studies, our research
looks at FLOSS code contributors in relation to others.

The learning styles being used to acquire technical skills, regardless of pref-
erence, are largely informal and non-formal. One of the largest surveys of skills
acquisition indicates that the majority of Europeans acquired their ICT skills in-
formally, through learning by doing, informal assistance from others, self-study
materials, or through non-formal courses [4]. In a survey of Canadian adults,
computer skills related to employment were among the skills most frequently
acquired informally [9]. These studies focus on how skills are acquired, but they
do not examine differences between groups. Our research shows that the same
skills may be acquired differently by different groups of people.

FLOSS code contributors are often professional software developers or other-
wise employed in the ICT sector [12]. They often already possess technical skills
before joining a FLOSS project [13]. However, there are some demographic dif-
ferences between FLOSS code contributors and professional software developers:
FLOSS code contributors are more likely to be male [12] and come from North
America or north-western Europe [14]. In terms of motivations, most FLOSS
volunteers do not differ significantly from paid FLOSS code contributors [15],
with most being motivated by need rather than altruism [16]. In FLOSS projects,
a small percentage of people contribute most of the code [17], just as in other
joint production communities. Top contributors in such projects participate in
fundamentally different ways than others [18], and have different motivations
[16]. Our research compares the effects of being a FLOSS code contributor and
being a professional software developer and establishes that there are differences
in learning methods used in the acquisition of FLOSS skills.

3 Theory Development and Hypotheses

We consider three methods of learning—formal, non-formal and informal—which
differ on two key attributes: whether it is structured and if it includes certifica-
tion. Formal learning “refers to the education received from a recognized edu-
cation center that leads to a certification” [5]. “Non-formal learning is provided
by any organised, structured and sustained educational activity. . . but typically
does not lead to certification” [4]. “Informal learning is undertaken on one’s own,
either individually or collectively, without either externally imposed criteria or
the presence of an institutionally authorized instructor” [9].

FLOSS code contributors expressed a strong preference for informal learning
and a weaker preference for non-formal learning compared to the formal method
of learning [2]. In this, they differ from respondents of another large survey (of
government employees) [19]. Because the effectiveness of a learning method de-
pends on how well it matches a person’s learning style [6], we expect that FLOSS
code contributors will make less use of formal learning than other respondents.

Hypothesis 1a: Being a FLOSS code contributor makes it more likely that
FLOSS skills have been acquired via informal learning methods.



Hypothesis 1b: Being a FLOSS code contributor makes it more likely that
FLOSS skills have been acquired via non-formal learning methods.

It has been demonstrated that there are differences between prolific contribu-
tors and ordinary contributors in open collaborative projects [16, 18] but there is
no indication that the average FLOSS code contributor differs from professional
software developers. Indeed, many FLOSS code contributors work in the ICT
sector [12]. Therefore we anticipate that being a professional software developer
exhibits the same effects on the learning methods used for skills acquisition as
being a FLOSS code contributor.

Hypothesis 2a: Being a professional software developer makes it more likely
that FLOSS skills have been acquired via informal learning methods.

Hypothesis 2b: Being a professional software developer makes it more likely
that FLOSS skills have been acquired via non-formal learning methods.

The majority of studies which examined the relationship between age and a
preference for learning methods found no indication that age affects preferences
[7, 20]. While a preference for a particular method does not require that a person
acquire a skill using that method, informal methods of acquiring technical skills
are readily accessible and we expect that people will make use of their preferred
methods of learning when the opportunity exists. We do not expect that age will
affect the learning methods used in the acquisition of FLOSS skills.

Hypothesis 3a: Age does not influence the extent to which FLOSS skills
have been acquired via informal learning methods.

Hypothesis 3b: Age does not influence the extent to which FLOSS skills
have been acquired via non-formal learning methods.

4 Data Sources and Research Method

4.1 Data Sources

The primary data source for this paper is an online questionnaire conducted
between December 2013 and January 2014 [21]. The survey was distributed to
users of JDownloader 2 Beta via a link in the client interface. JDownloader2 is
an open source download management tool used by about 20 million people. A
subset of users run the beta version.

The questionnaire was developed as a split survey with seven parts. In all
parts, participants were asked common demographic questions and about their
FLOSS participation. The distinct portion in each part related to the acquisition
of FLOSS skills identified in prior work [2, 3, 22]. The questions connected with
each of the skills examined (see Table 1 in Section 5) were ordered randomly and
each appeared in two survey parts. Participants were randomly directed to one
of the seven parts, resulting in a different number of responses for each question.

A second data source is the FLOSS 2013 survey [12] on demographics of
FLOSS participants, which was conducted in late 2013.

2 http://jdownloader.org/



4.2 Survey Reliability

An estimated 200,000 people use JDownloader 2 Beta, of which a total of 26,853
people started to answer one of the survey parts and 5,878 continued to the end.

We compared the completed responses to incomplete responses, and found
that people who completed the survey were more likely to have engaged in soft-
ware development and to have participated in FLOSS. Although the question-
naire stressed that the survey was intended for a broad audience, the focus on
ICT may have discouraged some respondents.

We further eliminated responses where the participant failed to answer follow-
up questions or where we suspected age misreporting because the response was
outside the expected age range (born 1930–2000) of our population, leaving a
total of 5,309 responses for the combined survey.

Internal reliability of the survey was demonstrated by computing Cronbach’s
alpha for the original versions of the skills questions against the control versions.
All results were in the range of 0.6 to 0.9, which is considered acceptable.

4.3 Survey Representation

In our survey, we provided several ways for people to describe their FLOSS
participation. We compared our respondents who selected from the five options
which had close representations in FLOSS 2013 by gender, age and income. This
comparison involved all FLOSS participants, not just FLOSS code contributors.

Using Pearson’s Chi-squared test for gender we determined that there were
differences, with our FLOSS participants being less likely to be female (1.4%
compared to 11.1%).

To determine age in FLOSS 2013, needed for a t-test, we used the year of
initial FLOSS participation and age at the time. Interval values with a range were
adapted with random numbers from a uniform distribution within the range.
Unbounded intervals were adapted as follows: “before 1960” was set to 1960,
“10 or younger” was given a distribution from the set {8, 9, 10} and “55 or
older” followed a distribution from {55, . . . , 65}. A Welch two sample t-test
showed with 95% confidence that our sample differed. Our sample was younger,
as expected from the JDownloader population.

Income was expressed in intervals in both surveys. For a t-test, we converted
the observations to values drawn from a uniform distribution within the interval
limits and adjusted values to cover the same length of time. The results were
consistent with a younger sample: our group had a lower average income.

4.4 Survey Design and Modeling Approach

Learning Style. Participants were asked to gauge their mastery of each skill
shown in Table 1, by moving a slider between the extremes of “I am not skilled at
all” and “I am very skilled.” The maximum value corresponded with 10,000 but
the numeric value was hidden from the participant. Participants who indicated
some measure of skill were subsequently asked to evaluate to what extent various



methods were used to acquire the skill. Five options were presented: ‘learning in
school, university or apprenticeship’ (formal); ‘reading a book or online tutorial’
(informal); ‘observing other people perform the activity or the result of their
work’ (informal); ‘participating in workshops or advanced training courses’ (non-
formal); and ‘learning by doing’ (informal). Learning styles were also displayed
as unnumbered sliders with an effective range of 0–100 and a visible range of
“nothing at all” to “all.” Informal learning was favored by all participants for all
skills, accounting for 62–80% of learning, while non-formal learning had a range
of 9–16% and formal learning from 11–26%.

FLOSS Code Contributors. People who answered positively to the question
“Have you ever participated in a FLOSS project?” and subsequently selected one
or both of the participation options ‘code contributions’ and ‘project founder’
were categorized as FLOSS code contributors. The binary variable FCC was used
to indicate if a respondent is a FLOSS code contributor. We observed that
FLOSS code contributors differed from the rest of our sample by being younger
(by 1.5 years) and less likely to be female (1.5% versus 3.4%).

Professional Developers. Professional software developers were classified by
their selection of the answer “I work or worked in software development as part
of my job” to the question “Have you worked in software development?” Based
on this classification we created an indicator variable, Prof. It should be noted
that all possible combination of values for the variables FCC and Prof occurred,
giving us four different groups. The smallest group size was 196.

Age. Age was operationalized based on the year of birth, variable YoB, reported
in the questionnaire by the respondents.

Technical Knowledge. We created a control variable, TechK, to describe an
individual’s technical knowledge. It contained the sum of the self-estimates of
the mastery of technical skills (2, 5, 7, 11, 12 and 13) in Table 1.

Modeling Approach. For each skill, the vector y = (ya, yb, yc) observed for
a participant was assumed to follow a Dirichlet distribution with expectation
π = (πa, πb, πc) and precision φ, using the alternative parameterization pro-
posed by Maier [23]. Here, ya, yb and yc represent the observed relative learning
acquired through informal, non-formal and formal learning styles, respectively,
while πa, πb and πc denote the corresponding expected values. Choosing formal
learning as the reference category, the parameters were modeled to depend on
the explanatory variables and the control variable as follows:

ln

(
πj
πc

)
= β0j + β1j · FCC + β2j · Prof + β3j · YoB + β4j · TechK, j ∈ {a, b},

lnφ = γ0 + γ1 · FCC + γ2 · Prof + γ3 · YoB + γ4 · TechK.



After estimating this model based on all observations available for a certain skill,
we tested the null hypotheses H0(ij) : βij ≤ 0 for i ∈ {1, 2} and j ∈ {a, b} using
t-test statistics. If the related p value of such a test statistic was smaller than the
chosen significance level α, then the null hypothesis could be rejected, indicating
support for the respective alternative hypothesis, which is one of the Hypotheses
1a–2b formulated in Section 3. In contrast to this, the simple Hypotheses 3a and
3b formed the null hypotheses H0(3j) : β3j = 0 with j ∈ {a, b}.

5 Results

When fitting the above Dirichlet regression model for each one of the 17 skills
listed in Table 1, only those respondents could be taken into account who met
the following conditions: they all had some mastery of the respective skill, they
allocated a non-zero value to at least one learning method for acquiring this
skill, they gave their year of birth, and they answered the questions necessary
for determining their technical knowledge as well their membership in the FLOSS
code contributor and professional software developer groups. Table 2 lists the
sample sizes N available for the 17 models, as well as the p values pij obtained
when testing the six null hypotheses H0(ij), i ∈ {1, 2, 3}, j ∈ {a, b}. Results
significant at a level α of 5% are shown in bold type.

Hypothesis 1a was supported for skills 1–3, 5, 10–13, and 15. Descriptions
of the skills can be found in Table 1. As expected, the fact that a person is
a FLOSS code contributor tends to increase his/her use of informal learning
methods in the acquisition of some FLOSS skills.

Skill # Description

1 to evaluate the work of others

2 to work on own software module alone

3 to communicate with many different target groups

4 to understand English, especially technical discussion

5 to document code

6 to clearly articulate an argument

7 to understand different software architectures

8 to show respect for the work of others

9 to follow discussions on mailing lists

10 to communicate without offending others

11 to write code in a way that can be reused

12 basic/introductory programming skills

13 to acquaint yourself with code from others

14 to maintain contact with a community

15 to coordinate own work with the work of others

16 to change criticized behavior

17 to understand and work with people from different cultures

Table 1: Skills (skills shown in gray had control questions)



Skill # N p1a p1b p2a p2b p3a p3b

1 964 0.0115 0.5337 0.6664 0.0945 0.0200 0.0000
2 758 0.0019 0.1479 0.9986 0.9698 0.0032 0.0000
3 475 0.0498 0.8459 0.3033 0.4610 0.0072 0.0122
4 815 0.3313 0.8751 0.0847 0.0532 0.0003 0.0000
5 697 0.0095 0.2109 0.8809 0.9791 0.0057 0.0000
6 916 0.1645 0.0588 0.8712 0.4882 0.0361 0.0000
7 790 0.1832 0.6709 0.9999 1.0000 0.0000 0.0000
8 343 0.2783 0.2505 0.0640 0.4892 0.0060 0.0043
9 395 0.1483 0.4034 0.2757 0.1426 0.0125 0.0020
10 636 0.0071 0.2223 0.4565 0.1272 0.0189 0.0000
11 709 0.0030 0.0654 0.7705 0.6665 0.0011 0.0000
12 1046 0.0000 0.0000 1.0000 0.9956 0.0028 0.0000
13 591 0.0133 0.1295 0.2402 0.5800 0.1011 0.0020
14 350 0.0967 0.2230 0.1388 0.2587 0.1805 0.0641
15 751 0.0144 0.1769 0.6464 0.3472 0.0005 0.0000
16 527 0.3298 0.2965 0.4763 0.5724 0.0227 0.0005
17 390 0.3763 0.2838 0.3794 0.3056 0.0158 0.2393

Table 2: Sample sizes and test results

Hypothesis 1b was not supported, except for skill 12. Being a FLOSS code
contributor does not make it more likely that non-formal learning methods have
been used to acquire FLOSS skills.

Hypothesis 2a and Hypothesis 2b were not supported. The fact that a
person is a professional software developer does not tend to increase his/her use
of informal or non-formal learning methods in the acquisition of FLOSS skills.

Hypothesis 3a was rejected except for skills 13 and 14. Hypothesis 3b was
rejected except for skills 14 and 17. For most FLOSS skills, age influences the use
of informal and non-formal methods of learning. More specifically, our results
indicated that for all skills where age has an effect, being older is associated with
a higher likelihood of having acquired FLOSS skills informally and non-formally.

6 Discussion and Limitations

The learning methods used by FLOSS code contributors were expected, but the
fact that not all skills showed this increased tendency toward informal learning
suggests that future work is needed to determine why this variation exists.

There are important implications of the finding that in the acquisition of
skills necessary for FLOSS development, being a professional software developer
has a different effect from being a FLOSS code contributor. It has generally
been assumed that the pool of potential FLOSS code contributors consists of
all software developers, but our results suggest that there may be fundamental
differences between professional software developers who contribute to FLOSS
projects and those who do not. Future research should examine the extent of
these differences, in order to determine if it is possible to encourage FLOSS



participation among software developers or if only a certain type of person—
one who makes greater use of independent learning and exploration—is likely to
become a FLOSS code contributor.

The effects of age on skills acquisition may reflect the availability of learning,
rather than preferences. Previously, there were fewer formal options for acquiring
FLOSS skills. This suggests it may not be futile to try to teach FLOSS skills,
since they can be acquired through more formal methods. Future research could
examine not only the methods by which skills were acquired, but the extent
to which the skills were mastered. It should be noted that in our sample the
age effect tended to offset the higher preference for informal learning among the
FLOSS code contributors, because the FLOSS code contributors were younger.

Our sample was one of convenience optimized for response rate and is not
representative of the general population, FLOSS code contributors, or software
developers (see Section 4.3). Although this may limit the general applicability
of our findings, the results are relevant for young adults, a group which is one of
the most important targets for increasing FLOSS skills. Furthermore, as all our
respondents came from the same population, our observations about the relative
use of informal learning methods by different groups likely remain true.

7 Conclusions

In this paper, we presented a statistical analysis of a survey on the learning
methods employed in the acquisition of FLOSS skills. We found that—unlike
being a professional software developer—the fact that someone is a FLOSS code
contributor tends to make it more likely for the person to have used informal
learning methods to master a number of skills. Moreover, age strongly predicted
differences in learning methods, with younger people proving more likely to make
use of formal learning.

Our results provide some indication of how companies, FLOSS projects and
governments can promote the acquisition of FLOSS skills, but also demonstrate
the need for further research on how and to what extent FLOSS skills are
learned.
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