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Abstract

In an increasingly fast-paced and dynamic world
with exponentially more data, more roles are required
in agile software development. At the same
time, the development team needs to maintain
speed and autonomy. The challenges surrounding
the organization of cross-functional teams are thus
exacerbated. Through a multi-case study with
interviews from five organizations, we show how
agile companies use different models of organizing
data scientists. We find that there are specific
challenges related to each of these organizational
models and that some challenges are shared among
all the organizational models.  Challenges include
difficulty coordinating development strategies and a
lack of resources. In addition, we identify strategies
used to overcome the challenges, including coordinating
mechanisms for platform teams, communities of practice
for data scientists, and the development of shared
playbooks.

Keywords: Cross-functional teams, organizational
challenges, data science, team topologies

1. Introduction

As companies increasingly undergo digitalization
and digital transformation relying on data and artificial
intelligence coherently packed into software (Ulfsnes
et al., 2022), agile software development is a
progressively complex endeavor, requiring more and
more roles to coordinate within and between teams and
to fulfill the cross-functional perspective in changing
(Berntzen et al., 2023; Gustavsson, 2017; Shastri
et al., 2021) and fluid (Ulfsnes et al., 2023) business
environments. At the same time, the amount of data and
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the potential use of data in new product development has
increased dramatically, introducing roles such as data
scientist, data engineer, and data analyst (Martinez et al.,
2021).

Furthermore, new methods for analyzing data, such
as machine learning, are introduced to cope with and
make sense of the vast amount of data available.
This has increased the challenges for agile software
development teams dealing with technologies such as
data automation and machine learning (Ahmed et al.,
2018). In this study, we concentrate on the data scientist
role. How software engineers and data scientists in agile
teams best can collaborate is still debatable (Hukkelberg
& Berntzen, 2019; Zhang et al., 2020), and more
research is needed to gain a deeper understanding of
how these roles can exist in synchronicity. Several
studies highlight the challenges and issues data scientists
encounter when working on their tasks related to
preparation, modeling, and deployment (Kim et al.,
2017; Zhang et al., 2020). Although there is little
research on the barriers faced by data scientists in
collaborating with software engineering teams, known
challenges include access to data and appropriate data
infrastructure (Graetsch et al., 2023), challenges with
collaborating with other parts of the organization (Kim
et al., 2017; Zhang et al., 2020), and challenges related
to following the working pace and practices of agile
development teams (Hukkelberg & Berntzen, 2019).

In short, the increase in complexity in developing
software products has led agile software teams to spread
their mental load across a much wider range of activities,
which needs to be managed and handled by not only
the data scientists and engineers but also the perspective
of product managers and software developers, ensuring
that the data, models, and software product meet
the needs of the user (Graetsch et al., 2023; Shastri
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et al, 2021; Stray et al., 2022). From this, it
seems that understanding how to enable data science
in cross-functional software development teams requires
more than just examining the team’s inner workings.
We must also understand the barriers at the team and
organizational levels. We therefore ask the following
research questions:

RQ1: What are the challenges of a joint software and
data science development process?

RQ2: What are the strategies used to accommodate
a joint software and data science development process?

To answer these questions, we conducted a
multi-case study with interviews from four companies
accompanied by a survey document from a fifth
company. The rest of the paper is arranged as follows.
Section 2 explains the role of the data scientist and
existing challenges and strategies for dealing with
cross-functional roles in an agile team. Section 3
outlines our research design and analysis. Section 4
shows the results, and section 5 discusses our results in
relation to relevant literature. Last, section 6 outlines a
conclusion and future research angles.

2. Background

2.1. Emerging data science roles in agile
software development

Today, artificial intelligence (AI) models and
algorithms are becoming more and more powerful,
constantly providing new business opportunities
(Hassani & Silva, 2023). As a result, many
organizations seek to reap the benefits of the vast
amount of data generated and stored every day, either
within the organization to learn and improve internal
processes or by making data generated by other parts of
their business (Ranjan & Foropon, 2021).

Many organizations use experts such as data
engineers and data scientists to help make the most of
the data. Data engineers, broadly speaking, make data
accessible by developing and maintaining infrastructure,
whereas the data scientists work with Al and machine
learning to, for example, identify patterns in the data,
create and improve algorithms and statistical models
that automate tasks, and make data-driven decisions
to optimize and continuously improve processes and
products (Martinez et al., 2021).

To succeed with value creation in data and
data science roles, it is important to have the
right competence and a well-equipped data-driven
environment (Davenport, 2018; Ranjan & Foropon,
2021). What this entails, however, is not fully
understood.  Previous research has investigated the
challenges faced and strategies used by data scientists

in various collaborative settings. For example, Kim
et al. (2017) described work challenges reported by data
scientists at Microsoft, including challenges related to
data such as data quality and data availability; analysis,
including problems with platform scaling and machine
learning; and people, including persuading other
organizational members of the value of data science.
Zhang et al. (2020) studied collaboration in data
science and reported that data science teams employed
strategies for collaboration with roles outside using
various collaborative tools and practices. In a recent
study, Graetsch et al. (2023) reported that the main
challenges faced by multi-disciplinary data-intensive
software teams were data-related, including gaining
access to data, aligning data, understanding the data, and
managing data quality.

In relation to agile methods, many industrial
reports and white papers, as well as a growing
amount of research studies, have considered agile
methods in relation to data science (Larson &
Chang, 2016; Martinez et al., 2021). However, the
challenge in performing a joint software and data
science development process within the borders of a
multidisciplinary agile team is a topic that is still
relatively under-explored (Larson & Chang, 2016;
Martinez et al., 2021).

Hukkelberg and Berntzen (2019) identified
challenges with having data science roles in agile
teams, including challenges with adjusting agile
methods to balance software development and data
science work tasks, challenges with knowledge sharing
and collaboration between data science roles and the
agile team roles, and challenges with data platforms and
technological infrastructure.

Saltz and Sutherland (2019) proposed a structured
approach using Kanban to mitigate these and related
challenges, and their 2022 study (Saltz et al., 2022)
outlined how data scientist projects need to be managed
in a more agile manner using practices from Scrum.
These studies, however, used small data sets (six
interviews and a pilot study in one team, respectively),
which gave a very limited insight. Because data
science is increasingly used in the software development
process, we wanted to gain a deeper understanding of
which challenges are faced and which strategies are
employed to accommodate a joint software and data
science development process.

2.2. Cross-functional agile teams
Cross-functional teams are encouraged in agile

development (Berntzen et al, 2023). However,
putting engineers, designers, business representatives,
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machine learning experts, and data scientists together in
cross-functional teams, encouraging them to cooperate,
and expecting them to work in a properly integrated
manner does not necessarily mean they succeed (Ravn
et al., 2022). Possible barriers to autonomy in agile
teams are related to the team process: too broad
scope for the team, unclear goals, missing process
improvements, lack of process for getting things done,
and poor onboarding (Gustavsson et al., 2022; Moe
et al.,, 2020; Ravn et al., 2022). Further, such teams
might experience communication problems caused by
social loafing (Liden et al., 2004), group thinking
(Janis, 1972), multidisciplinarity (Bernstein, 2015),
and interaction problems caused by different working
practices and goals (Berntzen et al., 2021). Further,
having specialized roles has been found to cause
problems in agile teams (Moe, 2013). Team members
having specific roles and responsibilities tend to work
independently on their tasks or modules according to
their particular knowledge, and they are seldom involved
in the work of other team members. Consequently,
team members focus on their own work and less on the
team processes. Another effect of specialization is a
lack of team commitment, resulting in team members
giving higher priority to individual goals even though
the team goals should be the priority in the autonomous
agile team. Because of specialization, it is difficult for
team members to commit to work they are not involved
in, and consequently, it is challenging to take part in
decisions regarding the work of others.

As a consequence of the challenge of
cross-functional teams including all roles, many
organizations have separate teams of data scientists
(Skelton & Pais, 2019). The introduction of this
type of team structure and organization is intended to
clarify responsibilities in teams and reduce complexity
and cognitive load for team members. However, the
question of how to organize data scientists lacks the
same attention as DevOps have received (Leite et al.,
2023).

3. Method, data, and analysis

To create a broad picture of the nature and work
practices of data scientists within agile teams, we
strategically selected informants from five different
companies. We opted for a case study methodology as
it is particularly effective when delving into complex
phenomena within their real-world contexts, especially
when the boundaries between context and phenomena
are vague (Yin, 2018).

3.1. Company context

Below, we will describe the company context for
four of the case organizations, that is, MarComp,
NorGov, DataCorp, and MediaComp. ConComp’s
context is confidential.

MarComp is a service provider for the maritime
industry, with more than 3,700 employees globally. The
key service the company delivers is insights into and
expert knowledge of the state and operation of vessels.
Therefore, the quality of the advice they provide is
of utmost importance. To become more efficient and
deliver even more high-quality advice, a key strategy
for MarComp is to use existing and new data with new
technology, such as machine learning.

NorGov is a governmental organization providing
public services within the welfare and employment
sectors. In the last few years, the Norwegian government
has begun the quest to become increasingly data-driven
(Barbala et al., 2023) and digitalize their services.
Consequently, organizations such as NorGov have
moved away from relying on consultancy companies
to in-sourcing and employing developers as part of
their autonomous product teams. The organization
has adopted a decentralized data management model
inspired by data mesh (Dehghani, 2020), incorporating
a DevOps mindset entailing more than 1500 releases per
week (Vestues et al., 2022).

MediaCorp is a large media company in Norway
with a large in-house development organization with
more than 400 employees in the technological
department. The organization uses agile development
methods and cross-functional teams, which have the
autonomy to choose among technologies and how to
solve their tasks. In recent years, they have started to
use data scientists and data analysts to increase the value
they can deliver to their users.

DataCorp is a technology start-up founded in 2017
that focuses on how to utilize data within health services
to provide insights to hospitals and caregivers during
and after their interaction with health services. They
have 21 employees ranging from highly skilled data
scientists, software developers, mathematicians, and
product managers to management and operational staff.

3.2. Data collection and analysis

We interviewed 11 people, as Table 1 shows.
One interview was a group interview with three
participants.  The interviewees had different roles:
data scientists, managers, tech leads, and interaction
designers. We used an interview guide that was updated
throughout the study based on the iterative data analysis.
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Table 1. Data sources

ID Type of Role Exp. Company  Model
data

I1 Interview Manager 20 MarComp Platform

12 Interview Data Scientist 2 NorGov Enabling

I3 Interview Data Scientist 5 NorGov Enabling

14 Interview Product Owner N/A NorGov Team

I5 Interview Principal N/A NorGov N/A
Engineer
16 Interview Data Scientist 2 NorGov Platform
17 Interview Team lead 2 DataCorp  Enabling
I8 Interview Data Scientist N/A DataCorp  Enabling
G1- Group  Dep.lead, 2+, MediaComp Team
G2 interview Designer, 1.5,
Tech lead 2+
ID1 Internal N/A N/A ConfComp Team
survey

Questions included: How is data science organized
in your company? and What tasks do data scientists
perform in your company? In the interviews, we told
participants about our research and asked them about
their experiences with data science, agile methods, team
autonomy, and fitting data scientists into agile teams.

We started our analysis by noting our general
impressions and then sorted and grouped the data.
We used a coding paradigm suggested by Strauss and
Corbin (Corbin & Strauss, 2014) to sort data into
conditions, challenges, strategies for overcoming the
challenges, and consequences that helped us understand
our data and find patterns. We have previously reported
findings from six of the interviews in Hukkelberg
and Berntzen (2019). However, we conducted a
new analysis of the interview data for this study.
Furthermore, we corroborated our results with an
internal survey conducted by ConfComp, where 27
individuals were asked about their experiences working
in an agile team with a data scientist, of which 17
respondents were data scientists.

4. Results
4.1. Data science organization models

A common theme for employing and starting
initiatives with data scientists is the belief that there
is substantial value in the current and future data held
by the companies. However, the approach and strategy
differ among them. For example, at MarComp, a
key success factor was building on the existing data
warehouse environment, high-quality data, and access
to the data.

As another example, NorGov’s IT department
employed the first data scientists in 2017 as part of
building competency in machine learning. One of
our interviewees had worked there since then and said

there had been a big change in how the data scientists
were organized in recent years: They have proceeded
from being a competence cluster linked to ML tasks to
being members of product teams in the product areas
belonging to specific services NorGov provides. A
NorGov principal engineer [I5] said the following about
why they saw the need for employing data scientists,
”Previously, if a product development team wanted
and needed analysis of their data, it was very difficult
to achieve. That was the driver for drawing more
analytical power [to NorGov], to see what we can
achieve together.”

During our work with the companies, we identified
three models of organization of data science resources:
1) team members, 2) platform, and 3) enabling. In the
first model, the data scientists are members of the agile
team. Second, the platform model is an organization
where the data scientist works in a separate team and
typically provides APIs to the software developers.
Third, the enabling model involves working more with
the software teams and assisting them. Table 2 contains
the full list of identified challenges, strategies for
overcoming the challenges, and consequences of the
strategies for the different organizational models for
data scientists: platform, team and enabling. We also
identified a set of common strategies and challenges that
were independent of the organizational model.

4.2. Data scientists as team members

This organization model includes data scientists
working as part of an agile cross-functional team, either
full-time or part-time. Figure 4.2, reporting on an
internal survey from ConfComp, shows what tasks
developers and data scientists think they should do
within an agile team. This shows the challenge of role
uncertainty [CT1]. It shows that the developers expect
the data scientists to take on more tasks within the team
than the data scientist and that the data scientist is more
interested in working with the data and not so much
in the practicalities around it. This is contrasted well
by a product owner [I4] in NorGov, explaining that
they utilize the data scientist more as a data engineer
and contact point with the data platform team: “Our
data scientist handles the contact with the data platform
team. It is hard to utilize the data scientist. We don’t
really know how to integrate it into the team, and the
data scientist are left alone some times. However, by
outlining the responsibilities and expectations for the
data scientist and the other team members [ST1], they
can better understand their own load. Another tangential
strategy is to let the data scientist work together with the
team so they can learn from each other and learn what
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Table 2. Challenges and strategies for data science organizational models

Type Strategies Description Challenges

SP1: Common meetings through Coordinating necessary activities CP1: Different perspectives on the

architecture review boards across the data science team and the development process.
software team, this ensures that the CP2: Making sure the data and

£ teams work together software product works together
< SP2:  Clear API definition and Through the use of clear APIs, the CP3: Coordination between data
g structure data science team can change the data scientists and software development
without needing to coordinate with the
software developers.

SP3: Defined development practice By sharing and coordinating how data CP3:  Coordination between data
solutions are developed, the software scientists and software development.
development team and the platform
team can align

SE1: Work part-time with the dev When only one DS is placed alone in CP1:Isolation in the agile team

teams a team, he/she will be distanced from
the others professionally and socially.

o0 SE2: Spread data scientists across There is a limited number of data CP2: Few data science resources
g teams scientists, one benefit of the enabling

_E team structure is that the data scientist

= can assist the agile teams with their

= data science tasks.

SE4: Develop a playbook for To align the data scientist and the CP3: Different perspective on the

development software development processes, a development process
common playbook for data science Agile team members do not
development is created. understand the data scientist role

ST1: Common network of data Provide arenas for knowledge sharing CT1: Isolation in the agile team.

5 scientists and discussions with peers, such as When only one data scientist is placed
"‘é communities of practice meetings, alone in a team, he/she will be
Q discussion channels, and groups distanced from others professionally
= on digital collaboration tools (such and socially.

5 as Slack) to prevent professional

& isolation.

ST2: Defining clear roles and Defining clear responsibilities CT2: There can be too many people

responsibilities for data scientists and providing an overview of the on ateam which can limit autonomy
tasks to be performed and outcome CT3:Unclear roles and
expectations can contribute to role responsibilities.
clarity and ensure the data scientist
works on relevant tasks.

ST3: Employ sufficient data science Consider having more than one CT4: heavy workload on the data

resources data scientist. ~ Determine whether scientist
additional roles such as data engineers,
are needed to support the process and
make sure the data scientists do not
get too heavy workloads.

SC1: Work close with domain experts Tighter connection with domain CC1: Lack of domain knowledge

Common experts. CC2: Data scientists must have
in-depth knowledge of the business
processes

SC2: Arrange workshops By arranging workshops with the
domain and business personnel, the
data scientist provides insights into
the potential of machine learning and
other data science activities.

to expect. scientists and vice versa. Gl, an interaction designer,

At MediaCorp, one of the group interview
participants stated they experienced several challenges
with having a data scientist come to work with the
cross-functional development team. The data scientist
was there to help them better understand their users’
needs, but they experienced that it was challenging for
them to get used to the working methods of the data

explained, "She has a problem with understanding that
we can generate ideas and products based on a hinge
and that we think we know what the user needs based on
our own insight... she thinks it’s irresponsible!” [G1],
and also to understand the results that were produced
from their analyses. They also noticed that the data
scientist seemed to be a little isolated [CT1] and that the
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A DS could easily become a good developer

A developer could easily become a good DS

A DS should focus on DS work, not other tasks like e.g. Data Engineering

The workflow of the DS is very different than the rest of the team

o

To what degree do you agree with the following statements? (N=27)

N
o

Bl Data Scientist (N=17)
mmm Non Data Scientist (N=10)

N
o
[+
=]

80 100
Score

Figure 1. Role understanding between data scientists and software developers

workload was heavy [CT4]: "The data scientist should
have someone to work with that understands them. [...]
And there should have been at least five of them to
do everything we want them to. Their workload gets
heavy ”[G2]. This points to a discrepancy between the
amount of work the data scientists need to do compared
to how many they are. This is contrasted by the manager
in MarComp [I1], where they are actively working on
managing the amount of data science resources and how
they are prioritizing tasks.

4.3. Data science platform teams

At NorGoyv, a platform team was established to help
approximately 140 product teams manage their data.
Each team is responsible for handling its data, requiring
expertise in areas such as databases, analytic tools and
APIs for data sharing. The data platform team provides
these tools, relieving the product teams of the burden
of developing and maintaining such infrastructure
themselves[SP3]. Additionally, the platform team offers
support through tutorials and wikis. The ultimate goal
is to simplify the utilization and sharing of data for
product teams, eliminating the need for specialized
data scientists. However, the product teams are still
in the process of understanding the potential uses and
management of their data. Consequently, this presents
a challenge for the data scientists in the platform team
when they try to comprehend the specific requirements
of the product teams [CP2]. Configuring the platform

to align with the needs of the product teams becomes
difficult due to their limited experience in managing
their own data [CP1].

Data scientists play a crucial role in the development
of the data platform because they possess valuable
knowledge about the potential of data, analytical
techniques, and available tools that can meet the needs
of product teams. Paradoxically, data scientists heavily
rely on large volumes of data, statistical methods,
and machine learning algorithms to find answers to
their questions. However, when developing a data
platform for approximately 140 product teams, they are
unable to collect a sufficiently large data set to conduct
statistically significant analyses. As a result, they must
employ more traditional methods, such as interviews,
observations, workshops, and demos, to gather user
feedback and understand their requirements.

There are commercial alternatives available to the
tools provided by the platform team, and product teams
at NorGov have the freedom to choose whichever tools
they prefer. However, one of the major challenges faced
by product teams is determining whether commercially
offered tools comply with GDPR regulations and
internal company policies. For instance, they need
to consider if using tools like Google Analytics is
acceptable, given concerns that data may be stored
in the USA, violating the restriction of storing data
outside of Europe. The platform team ensures that by
utilizing the tools and applications provided through
their platform, product teams can feel confident and
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no longer need to worry about such compliance issues.
This saves valuable time for product teams, allowing
them to focus on leveraging their data to enhance
their products instead of getting caught up in data
management concerns. Nevertheless, some teams still
opt to use familiar and trusted tools, such as Grafana, for
data visualization instead of similar tools offered by the
data platform. This intentional strategy by the platform
team aims to grant developers the freedom to choose the
tools they find most suitable. ”We are here to support the
product teams, not dictate their choices,” emphasized
one of the data scientists [I6]. By observing the tool
preferences of product teams, the platform team hopes
to gain insights into their specific needs.

The manager for the platform team at MarComp
has employed the concept of architecture review boards
[SP1] to synchronize changes induced by the data
scientists that require functional changes in the software
product. The manager [I1] explained, ”Even though
things might slow down for a bit, the review board
makes it easier to align on the necessary changes from
the perspective of software, data, etc.” Moreover, by
agreeing on how the software team and the data science
platform team are developing solutions, they are able to
coordinate changes, and it is much easier for the teams
to understand the different stages of the data products
(development, testing etc.) and align that with the
software team [SP3].

4.4. Enabling data science teams

As an enabling team, Team Data’s main task was
supporting the various product teams in NorGov with
what one data scientist described as “responsible use
of data and data analysis in data science.” What this
entailed, however, seemed hard to define for the data
scientists and members of the product teams, who were
unsure how, exactly, the data scientists could assist
them in their day-to-day development work. At the
core of the problem was uncertainty regarding what is
needed to develop data-driven solutions, and all data
scientists interviewed at NorGov stated that a lack of
data literacy was prominent throughout the organization
due to technological and legal issues. To assist with
this, the enabling team was producing a playbook
[SE4] for development. Explaining the purpose behind
this project, another NorGov data scientist said, ”The
purpose of [the playbook] is to get a common language
with legal [and] give ’data science’ people a way to
take more ownership of concepts like personal data.”
Although they were not convinced that either a playbook
or an enabling team were the solutions for better
assisting NorGov in data-driven decisions, all three data

scientists in Team Data contended that their role in
the teams and what their work should consist of was
still in the trial-and-error phase. Often, however, the
data scientists coordinate between teams, performing
data science tasks where needed. Others did both
simultaneously, dividing their time between product
teams and enabling teams, set up to assist in the various
product areas regarding ethical, juridical, and practical
data handling issues. One data scientist working 50
percent as part of a product team and the other 50 in
an enabling team described it as always “wearing two
hats” in his job. On the one hand, he contributed insights
into product development and service development in
the tasks that the product area faces.

Nonetheless, they contended that their expertise in
data handling and sharing was seen as necessary at
NorGov, and one strategy that was used to provide
data science expertise to the various product areas was
spreading them among the teams. Although this meant
that data scientists, in theory, were able to assist as many
NorGov teams as possible, the fact that there were few
of them, considering their substantial responsibilities,
also implied that they oftentimes were left unable to get
to know the various product domains properly before
moving on to the next task. One data scientist articulated
this experience as such: “You have to get close at the
same time as you can’t commit. You have to come in
when you are needed and be able to jump to the next
thing, and it’s not very easy” [12]. Simultaneously,
they were often isolated from team members from other
backgrounds, such as developers, designers, and legal
experts, socially and professionally, and one Team Data
member described his experiences as a NorGov data
scientist as “lonely”.

4.5. Common challenges and strategies

While working with the different models of data
science organization, we also found strategies and
challenges that were independent of how they were
organized. A key challenge across the interviews was
the lack of domain knowledge [CC1] and understanding
of the business processes [CC2]. To solve this, one
approach involved the data scientist needing to work
individually and closely with the domain experts to
iteratively work towards a solution [SC1]. At MarComp,
they facilitated the connection with the domain experts
by arranging workshops[SC2]. This meant that multiple
domain experts got to know the data scientist and got a
feel for how they worked, and the data scientist got some
insights into the domains. Additionally, this meant that
they knew whom to contact and extended their network.
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5. Discussion

With the complexity of modern software and the
vast amount of data, the need for more specialized
roles working with data is high. However, in line with
previous studies (Moe, 2013; Ravn et al., 2022), our
findings show that introducing more roles into an agile
organization is challenging, both for the data scientists
and the surrounding organization (Kim et al., 2017).

To understand how agile organizations can utilize
data scientists, we asked two research questions. We
first answer RQ1 What are the challenges of a joint
software and data science development process? There
are multiple challenges in working across a multitude
of organizations and different ways of organizing a
cross-functional team. We found that when data
scientists are members of the teams, they struggle with
roles and expectations as well as a lack of vision and
goals. One challenge is that the teams do not know
how to use the data science resource. In one team, they
are used as data engineers, and they work alone and are
not properly integrated, corroborating the findings from
Ravn et al. (2022): A lack of scope and poor onboarding
are key issues for autonomy. We also found that there
is a perception that there is more need for autonomy in
data science roles than in software development. They
also work or aim to work very closely with the domain
experts and are pulled between the teams.

In response to RQ2 What are the strategies used
to accommodate a joint software and data science
development process?, we identified eleven strategies
(see Table 2). The three platform strategies were having
common meetings, having a clear API definition and
structure, and defining the development practices. Three
of the strategies related to the enabling organization
model are having data scientists work part-time in the
development teams and part-time in the data science
team, distributing the data scientists across teams, and
using a playbook to align and share knowledge about
the data science and software development processes.
Another three strategies are related to the team member
model: having an inter-team network for data scientists,
clear roles and responsibilities within the team, and
enough team resources. Finally, the two shared
strategies are working closely with domain experts and
hosting knowledge-sharing workshops.

Overall, our findings contribute to the research on
data science challenges and extend our knowledge about
data science roles in software development. Similar to
previous research, we find that an effective data platform
and data infrastructure are key components for data
scientists in agile organizations to be able to perform
their work (Graetsch et al., 2023; Kim et al., 2017;

Ranjan & Foropon, 2021). Moreover, clear expectations
from management, stakeholders, and team members
are important for data scientists to deliver value and
complete the tasks they are most skilled at (Davenport,
2018; Hukkelberg & Berntzen, 2019; Martinez et al.,
2021). Furthermore, the aspect of the individual team
member is highlighted as an important part of product
managers’ work (Tkalich et al., 2022).

Our study is among the few that take an agile
perspective (Hukkelberg & Berntzen, 2019; Saltz &
Sutherland, 2019; Saltz et al., 2022). This study
contributes research-based knowledge on data scientists
working in and with cross-functional agile teams for
future research to build on, providing a rich, qualitative
perspective on the role of data science.

We believe the finding that the challenges could
be grouped across the three organizational models is
important. Future research should continue this line
of investigation to uncover the team typology of data
science (Skelton & Pais, 2019). This will enable us to
broaden our perspective, from focusing on infrastructure
and development structures (Leite et al., 2023) to
incorporating roles such as data scientist.

Recent research (Laato et al., 2023) has indicated
that the growing emphasis on data-driven development
will incorporate skills traditionally associated with data
scientists into the standard skill set of developers rather
than necessitating the hiring of additional data scientists.
This viewpoint, however, contradicts our findings,
which reveal that data scientists perceive themselves
as distinct from software developers, both in terms of
their tasks and workflow. Furthermore, the belief that
developers can effortlessly transition into data scientists
is not widely held. Conversely, developers perceive
themselves as more capable of acquiring data science
skills compared to data scientists.

There are some limitations to our study. Although
the multi-case research design, including collecting data
from five organizations, is a strength, a limitation is the
small number of interviews across the five organizations
(Yin, 2018). Furthermore the survey, which was an
internal company survey that was not designed by the
research team. We are, therefore, careful with drawing
any conclusions from the survey material and include it
for illustration purposes only. Researchers should build
on and extend our study to explore further the research
questions with a more rigorous research design.

6. Conclusion
Data science has long made its way into agile

software development, yet our knowledge of how
best to facilitate data scientists in agile projects and
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teams is still limited. In this study, we sought to
contribute to this nascent research field by exploring
the challenges of joint software and data science
development processes, as well as the strategies used
to mitigate those challenges. Through a multi-case
study with interviews from five organizations integrating
data science roles, we found that there are three
structures for organizing data science in agile software
development organizations, each with their specific and
some common challenges and strategies. Our findings
contribute more knowledge about data science roles in
agile teams and agile projects and make way for future
studies using more rigorous research designs and larger
samples.
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