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Abstract. The notion of autonomous teams is core to agile software develop-
ment. However, autonomy in agile teams is challenged by increasingly complex
software projects, large-scale agile and perhaps increasingly multidisciplinary
teams. At the same time, data science roles are making their way into agile
teams as companies seek to reap the potential advantages of using data to
develop better and more competitive services and products. The consequences
of implementing such roles in traditional agile teams are largely unknown. In
this paper, we take an exploratory approach to the topic of data science roles in
agile teams by a set of interviews with five data scientists as well as three
members of an agile software development team. Based on the interviews we
identify a set of challenges associated with incorporating the role in agile
autonomous teams. Based on these challenges we discuss preliminary recom-
mendations for companies seeking to integrate data science roles in agile teams.
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1 Introduction and Background

During the past decades, agile practices have spread beyond the traditional software
development team to include other roles, parts of the organization, and even the
organization as a whole [1]. This introduces challenges such as adapting agile methods
while keeping with the central aspects of team autonomy and balancing cross-
functional teams with an efficient team size [2]. At the same time, the usage of data
science in software development has expanded rapidly [1, 3], possibly introducing new
challenges to agile team autonomy.

The notion of team autonomy is not new. In most agile methods the notion of
enabling teams to make decisions of their own is central [4]. Such teams are often
labelled as self-managing, self-organizing or autonomous. These teams should be
cross-functional, consisting of the roles needed for the team to utilize their competence
to deliver across roles and organizational functions [5, 6]. The assumption is that cross-
functionality contribute to more empowerment and participation within the team [5, 7].

Regardless of the label, merely assembling a group of people and naming them
autonomous is not enough to ensure that the group acts as a self-organizing or
autonomous team [7]. Some of the identified criteria important for team autonomy
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include having a common goal and direction, a trusting team climate, organizational
support and efficient skill utilization [4, 8].

The increasing scale and complexity of modern software development has led to
new team constellations such as DevOps and BizDev teams [4], or more recently
combining and adapting agile development practices to data science and machine
learning [1]. Adding increasingly more roles to the agile, cross-functional team, may
come with the side effect that autonomy and self-management is difficult to maintain [2,
4]. In particular, introducing new roles such as data scientists into the cross-functional
team may pose a challenge with conflicting interest and needs across team members
with different backgrounds, terminologies and approaches to work. Indeed, balancing
individual and team autonomy are among the key barriers to self-management [7]. We
speculate that including data science roles into agile cross-functional teams will further
complicate the landscape.

1.1 Machine Learning in Organizations and the Need for Data Scientists

Today, extreme amount of data is generated and stored every day. Organizations are
trying to use this data to create new experience and products that are personalized for
its users and to stay ahead of competitors. Leading stars in this area like Google,
Facebook and Amazon, have succeeded in creating value from the data they store. The
key elements of their success lie in a strong digital platform where all data generated
can be easily accessed. Machine learning, a subfield of artificial intelligence, is cur-
rently the preferred method to use in order to handle the extreme amount of data.
Algorithms and statistical models search for patterns, make data-driven decisions and
continuously improve themselves without human interference [9]. The people pos-
sessing the skill set to work with this combination of computer science and statistics are
often referred to as data scientists. This role is not to be mixed with other similar roles,
such as data engineer and data analyst. Data engineers are more concerned with
maintaining and building infrastructure so that the data becomes accessible [10]. Data
analyst build reports and visualizations to explain what insight the data is hiding using
statistical methods, but do not spend time programming advanced algorithms that the
data scientist role does [11]. Often, the data scientist role in an organization can be
described as a researcher trying to find meaning in the data and creating self-improving
algorithms [1, 12]. The solutions they build can lead to tasks automation, personalized
user content, and much more.

Recently, more traditional organizations have begun to explore how to create value
from data. Fleming et al. [13] point at different factors needed to build a data-driven
organization. Among these, a key point is having the right competence, such as data
scientists. However, merely hiring a data scientist and expect results is likely to be
wishful thinking. According to Davenport [14], a good data-driven environment where
data scientist can thrive should include a focus on (1) company culture, (2) analytics
capabilities, (3) data and technology capabilities and (4) individual capabilities. Here we
see that there are many factors involved in order to build a data-driven organization and
incorporate the data scientist role. Patil [15] also points to the importance of close
collaboration between data scientist and the rest of the organization, and that to create
great data products you have to build cross-disciplinary groups. One can see this as an
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argument to incorporate the data scientist role into cross-functional teams. A data sci-
entist also needs a work environment where he/she can experiment and let the creativity
blossom [15]. This may indicate that they need a high degree of individual autonomy.

1.2 Research Question

While organizations are increasingly making use of both data science on the one hand,
and agile methods on the other, little research has examined the interplay between the
two, in particular from an agile team perspective. For instance, Larson and Chang [1]
examine how agile principles can be adapted and adjusted to data science, but do not
discuss how the introduction of data science roles affects autonomy in the agile team.
Kim, Zimmermann, DeLine, and Begel [3] discuss the role of data scientists in software
development teams, but not agile or team autonomy. As such, our knowledge about
including data science roles in agile autonomous teams remains limited. In this study,
we explore the following research question: What challenges do agile autonomous
teams face when introducing data scientist roles into the team?

In this short paper, we take an exploratory approach to our research question. This
first section has introduced the topics. Next, we describe our method and data col-
lection procedures and present results from six interviews. Finally, we discuss the
challenges identified from the results and suggest initial recommendations for practice.

2 Method

To explore our research question, we conducted six semi-structured interviews with an
average length of 40 min. Five separate individual interviews with participants from
three different organizations were conducted by the first author. The second author held
a group interview with three participants from a fourth organization. Information about
the respondents and their organizations are provided in Table 1. To avoid too much
bias in our data by only interviewing people directly linked to the data science field, the
group interview conducted by the second author was with people from an agile
development team without data science experience. This gave us a more nuanced view
of the data scientist role. Due to confidentiality agreements, further details about the
organizations and their specific cases remain anonymous.

During the interviews, we presented our participants with our research topic and
asked them to describe their experiences with data science, agile methods, team
autonomy and experiences with implementing data scientist roles into agile teams. We
followed the semi-structured approach, asking prepared questions but also allowing the
conversations to naturally develop. During the former five interviews, detailed notes
were taken, while the group interview was tape recorded based on consent and tran-
scribed by the second author. After the interviews, the authors read through each
other’s notes and transcriptions, before discussing common topics that had emerged.
Next, we separately coded the data. Due to the exploratory approach, the relatively
short interview records, and low number of interviews we chose a holistic coding
approach [16, 17]. As themes started to emerge, we discussed and resolved any dis-
agreements in coding and interpretation.
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3 Results

In this section, we present the results from the interviews, focusing on the main
challenges with establishing the data scientist role in autonomous teams. Based on what
our respondents told us, and discussion and analysis of the data between the two
authors, six challenges and possible recommendations are summarized in Table 2.

3.1 Agile Methods

Agile methods were employed to various degrees in all the respondents’ teams.
Although their perceptions varied, all of them also had some understanding of what it
meant to be autonomous. Many used Scrum practices such as stand-up meetings,
sprints and retrospectives. According to the data scientists in our sample, the usage of
sprints could be challenging. P4 explained that it can be hard to work according to a
sprint schedule, since a data scientist work out from hypotheses, which not always give

Table 1. Data sources

Participants Organization and team description

P1 Large private consultancy organization. Data scientist team lead, leading a
team of two data scientists, 3–4 data engineers, one architect, one security
architect

P2 and P3 Large public sector organization. P2 Lead for data scientist department. P3
data scientist

P4 and P5 Small start-up specialized in data scientist tasks. P4 CEO and data scientist
team lead. P5 data scientist

Group
interview

Three participants from a large public sector organization; one team leader,
one tech lead and one interaction designer

Table 2. Main challenges identified during interviews

Challenges Recommendation

1. Agile methods Arrange team kick-off; allow time for the team to settle in and
mature

2. The data scientist role Provide training; Make a dictionary for key terms and
expressions

3. Additional data roles Adjust agile practices; What can be adapted to meet the needs
of the DS? Adjust agile practices; What can be adapted to meet
the needs of DS?

4. Creativity and freedom Facilitate for Community of Practice (CoP)
5. Collaboration and
knowledge sharing

Consider if additional “data roles” are needed

6. Data platforms and
infrastructures

Build a data platform to gather data in one place
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something of value from a management and team lead point of view. However, as P4
stated, for a data scientist this provides insight about what is not working, and then can
test other methods in the next sprint.

3.2 The Data Scientist Role

From the interviews it became quite clear that “The definition of a data scientist has
become more blurred” (P1), and that this misconception lead to wrong expectations
about what a team want the data scientist to solve, preventing the realization of the full
value of having this role on the team. P3, also a data scientist, used her first months in
the company working partially for different teams explaining what a data scientist is
and what use-cases are suited for them to solve. In the group interview they claimed to
have a data scientist on the team, but after we analyzed the interview it became clear
that this role was actually a data analyst. They also explained that it could be hard to
understand the terminology of the data scientist.

3.3 Additional Data Roles?

All respondents who held data scientist roles expressed that a data scientist in team
should ideally be supported by a data engineer. P1, P4 and P5 explained that a data
engineer’s job is to create the infrastructure, so the data becomes easily available for the
data scientist. Without data, it is hard for the data scientist to do their job. They further
explained that teams lacking both roles might need to increase their total numbers of
members with two or more. P3 said that one additional resource to the team might not
be a big deal, but when first including one more resource, it is easy to add a couple
more. However, according to P3, if there are too many resources on a team it can lose
its autonomy.

3.4 Creativity and Freedom

To experiment and explore the data was highlighted as important for data scientists to
thrive. For example, P3 explained that an important part of her job is to test and explore
different hypotheses, and if the environment she works in is too rigid, it becomes
difficult for her to do her job. This is also backed up by P1, P4 and P5. Although
creativity and freedom are important, they also stated that management must point out
the bigger problem they are going to solve. P4 explains that data scientists need a high
degree of autonomy: “A project manager should never tell a data scientist how to do
things. Just tell them what are the overlaying problem that needs to be solved and when
deadline is”.

3.5 Collaboration and Knowledge Sharing

Collaboration and knowledge sharing among data scientist were also highlighted as
important. P2, who leads a data scientist lab, stated that a data scientist should not
allocate all its time to a team project, but also use time working together with other data
scientists. This is important she said, because it is one of the best ways a data scientist
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can grow and learn. P3 explained that the time spent with other data scientist is
valuable and is used to create and test different types of algorithms and make data
science tools that can be reused across multiple projects. Along similar lines, the
participants in the group interview expressed concern that their data analyst did not
have sufficient opportunities for knowledge sharing with peers.

3.6 Data Platforms and Infrastructure

Data platforms and infrastructure was a final theme emerging from the interviews. All
the data scientists expressed the need for easy access to data. Both P4 and P5 explained
that a good infrastructure should be in place and that a data platform is necessary.
Without it, it will be hard for the data scientist to do productive work and would use
most of the time chasing data. This, they said, would not benefit neither the data
scientist nor the team.

4 Discussion and Concluding Remarks

We now turn to discuss our research question “What challenges do agile autonomous
teams face in introducing data scientist roles into the team?”.

We believe that understanding what a data scientist is and can do is key for a team to
successfully incorporate the role. The confusion about the role, as seen from the group
interview, can lead to sub-optimal use of the data scientist. This again can have negative
effect both for the team and the data scientist. Therefore, it is important to train the team
about what the data scientist can and should contribute with. It could be important that the
team set a side time tomanage expectations, both within the team and outwards to the rest
of the organization. One way to manage expectations is to understand there may be
different views of what value is. Often a team lead or manager have a different under-
standing of value than a data scientist. A machine learning implementation that after two
weeks of work did not function as expected, would still in the data scientist eyes provide
value in form of knowing what algorithms did not work so well and learn from the
experience. However, a manager could see it as a failure and would struggle to find
something of value. Therefore, when integrating new roles into the team, it might help the
team to reflect upon the different aspects and views of value.

Also, an idea when building a data scientist environment might be to have data
scientist partially in teams, and then train the teams in what use-cases is appropriate for a
data scientist and help them understand the fields’ terminology. Another suggestion is to
arrange team kick-offs to work with specific data scientist use-cases, so the other team
members becomes familiar with the topic. In a team kick-off one should also reflect on
agile practices and if they need to be adapted to the inclusion of a data scientist.

One should also be mindful about other potential expansions of a team when
including the data scientist role. A variety of roles could be needed, in addition to the
data scientist, for a team to become data-driven [13]. An increased team size can lead to
loss of team autonomy and agility [2]. Therefore, one should think carefully about if
other roles must be added to support the new data scientist role. An alternative solution
could be to see if current team members can be trained to take on additional roles.
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Training current team members to become data scientist might not be feasible, as the
role require high expertise of both statistics and programming skills. It would likely
take a lot of time and investment to retrain a person for that role. For example, a data
analyst might have the necessary statistical background but lack the programming
experience, while a software developer lacks the mathematical background.

Alternatively, instead of focusing on training team members to become data sci-
entists, it might be a better solution for the organization to train its members in skills
which could help support the data scientist in its work. That way a team might avoid
the increase in roles when adding a data scientist to the team. Instead of adding a couple
of data engineers join the team, their tasks can be done by current team members, for
example building a better infrastructure and provide the data scientist with an archi-
tectural overview.

Throughout the interviews, the importance of collaboration with other data scien-
tists were highlighted. As pointed out by Davenport and Patil [12] there is a trade-off
between working in cross-functional groups versus interaction with other specialists
within their own field. Towards this end, organizations can establish Communities of
Practice (CoP) where data scientists can exchange and discuss ideas, develop profes-
sional skills and new ways of working. CoP’s are important for knowledge sharing,
coordination and decision-making in large-scale agile development projects [18, 19].
An open data science CoP could contribute both to the data scientists’ skill develop-
ment, but also raising the understanding of other organizational members.

The creativity and freedom a data scientist require can be seen as the need for a
high degree of individual autonomy. This notion is supported by Patil [15], but he does
not say anything about how it might affect self-managing teams. In Moe et al. [7] the
difficulty of balancing individual autonomy and team autonomy is discussed. They
explain having greater redundancy in the team can reduce this problem. This redun-
dancy the data scientist can use to engage in CoP’s. Of course, one can also debate if
the creativity and freedom the data scientists talk about in the interviews is the exact
same kind of freedom and creativity any role in an autonomous team need. However,
given the current popularity the data scientist role has in the industry it might be that it
feels more natural for the data scientists to talk about it.

Although soft skills are necessary to succeed with implementing the data scientist
role into the team, we cannot get by the fact that certain technical conditions must be
fulfilled as well. A data-driven platform is a critical component in order to build an
organization that aim to make data-driven decisions and utilize the competence of data
scientists [20]. A platform is also seen as an important prerequisite for team autonomy
[21]. Therefore, if traditional industries are going to succeed with integrating data
scientist and let them work autonomous, it is important that they have access to all the
data through a digital platform.

As a concluding remark, this is an ongoing study and the findings are preliminary.
We recognize the important limitations, such as the use of a convenience sample and
single-source design [17]. The fact that several of our respondents were data scientists
themselves may represent a bias in the data gathered from the interviews. As mentioned
in the method section, to nuance the sample we included the group interview with agile
team members working with a data scientist. Further, the recommendations in Table 2
have not been validated and are only suggestions made by the authors. Future studies
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with more rigorous design and methods are needed in order to establish confidence in
our findings. Future research could also include inter- and intra-team coordination, as
team constellations including data scientist roles should be likely to be large-scale
projects. Notwithstanding the limitations of this exploratory study, we believe more
research-based knowledge on implementing data science roles in agile teams is
important as organizations continue to make use of and combine data science and agile
methods.
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