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ABSTRACT

This study explores the integration of eXtreme Programming (XP) and
the Cross-Industry Standard Process for Data Mining (CRISP-DM) in
agile Data Science projects. We conducted a case study at the e-commerce
company Elo7 to answer the research question: How can the agility of
the XP method be integrated with CRISP-DM in Data Science projects?
Data was collected through interviews and questionnaires with a Data
Science team consisting of data scientists, ML engineers, and data
product managers. The results show that 86% of the team frequently
or always applies CRISP-DM, while 71% adopt XP practices in their
projects. Furthermore, the study demonstrates that it is possible to combine
CRISP-DM with XP in Data Science projects, providing a structured
and collaborative approach. Finally, the study generated improvement
recommendations for the company.
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1. Introduction

Most research in Data Science focuses on technical
resources, overlooking project organization and manage-
ment. Many Data Science projects fail or fall short of
delivering expected value, with 82% of teams lacking a
process model or methodology [1].

Cross Industry Standard Process for Data Mining
(CRISP-DM) is a widely used process model in Data
Science [2]. It is technology-independent, adaptable across
industries, and defines key steps for data science projects
[3]. Despite its flexibility, it lacks predictability and does
not align with agile principles or practices [4], [5]. Nev-
ertheless, its capacity for customization and extension
supports its adoption across a variety of data science
contexts [6], [7].

Data science models are integrated into lines of code,
and applying software engineering practices can enhance
organization and efficiency in the development and main-
tenance of that code [8]. Agility is a concept that has
been modestly explored in Data Science, presenting an
opportunity to integrate the eXtreme Programming (XP)
method with CRISP-DM [6].

We conducted an empirical study in a real organizational
context. To represent the field of Data Science, we used
CRISP-DM as a reference for the process. To explore
agility, we adopted the agile development method XP. The
guiding question for this study is:

How can the agility of the XP method be integrated with
CRISP-DM in Data Science projects?

1.1. Background

1.1.1 CRISP-DM
CRISP-DM is a structured process model used to guide

data mining, data science, and analytics projects [2]. It
consists of six phases [9], [3]:

• Business Understanding: focuses on defining
project objectives and business requirements,
translating them into a data mining problem.

• Data Understanding: focuses on collecting and
exploring the data to identify patterns, issues, and
derive initial insights.

• Data Preparation: focuses on cleaning, selecting,
and transforming the data to make it suitable for
modeling.

• Modeling: focuses on selecting and applying appro-
priate modeling techniques, refining the model as
necessary.

• Evaluation: focuses on assessing the model to
ensure it meets business objectives and reviewing
the steps taken.

• Deployment: focuses on implementing the model in
the business environment, using systems, software,
reports, or dashboards, with continuous monitor-
ing to ensure alignment with business goals.
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1.1.2. eXtreme Programming
Brief description of the XP practices used in this study:

• User Stories: simple, short descriptions of features
focused on user needs that guide development and
help prioritize work [10], [11].

• Planning and Releases: high-level plan covering
work to be done each quarter, aligning goals and
deliverables [10], [12].

• Iterations: short development cycles, usually 1 to
4 weeks, during which features are planned, built,
tested, and small releases are made for continuous
feedback [10], [12].

• Slack: buffer time to handle unexpected issues,
allowing the team to maintain quality and avoid
overload [12].

• Whole Team: a multidisciplinary team with all the
skills necessary for the project [12], [13].

• Informative Workspace: a visual, organized
workspace with clear, accessible information on
project progress, promoting communication and
transparency [12], [13].

• Sustainable Pace: a steady, healthy work rhythm
without overloading, ensuring long-term produc-
tivity and quality [12], [13].

• Pair Programming: two developers work together at
one station, reviewing and improving code simulta-
neously, enhancing quality and collaboration [12].

• Continuous Integration: frequent, automated code
integration to ensure the software is always func-
tional and minimize errors [14].

• Test-First Development: writing automated tests
before code to ensure requirements are met and
code quality is high. This creates an efficient cycle
of testing, coding, and refactoring [12].

• Incremental Design: system design done incremen-
tally and iteratively, starting with simple solutions
that are gradually refined, making future changes
easier [12], [15].

• Spikes: quick exploration techniques to solve
technical or design problems, evaluate potential
solutions, and discard unfeasible ones [13].

2. Method

In this study, we conducted a case study of Elo7, an e-
commerce company founded in 2008 and a market leader
in Brazil, specializing in handmade products, operating
a platform with over 9 million items, and having an
agile data science team. An intrinsic case study seeks
to deeply understand an individual case in its specific
aspects [16], [17].

Furthermore, a revelatory case allows the researcher to
examine a phenomenon previously underexplored in sci-
entific research [16], [17]. Additionally, no relevant studies
were found that address the combined use of CRISP-DM
and XP [6]. Given that few companies adopt both methods,
our objective was to understand a specific instance of the
adoption of CRISP-DM and XP in Data Science at the
company Elo7. Fig. 1 illustrates the case study process as
applied in this study.

2.1. Planning

We defined the scope of the case study. We applied
the convergence of evidence through interviews and ques-
tionnaires. This approach strengthens construct validity
in case studies. Using multiple sources of evidence allows
for diverse assessments of the phenomenon, improving the
accuracy of the event presentation [16].

2.2. Design and Preparation

Interview: The open interview is used to explore a topic
in depth, allowing the interviewee to freely discuss the
proposed theme [18]. To understand the company and
its processes in data science projects in an exploratory
manner, we decided to conduct a qualitative, open-ended,
and unstructured interview, which provided input for the
Survey.

We prepared the open interview to be conducted
remotely (via telepresence) with the data leadership of the
company, focusing on the specific topic of Agility in Data
Science. We divided the interview into a discussion on the
general topic of agility in data science, followed by an
exploration of the aspects of CRISP-DM and XP.

Questionnaire: To guide the evidence collection through
questionnaires, three main aspects were analyzed: (1) the
application of the CRISP-DM stages by the data science
team, (2) the adoption of XP practices within the team,
and (3) the specific XP practices used at each stage of the
CRISP-DM framework in the company.

Next, we structured the survey with closed questions
that utilize a 5-point Likert scale, which enables precise
and standardized data collection that respondents can
easily understand. The response options are: Never, Rarely,
Occasionally, Frequently, and Always or More frequently.
To collect data on the application of the CRISP-DM
stages by the data science team, we designed a ques-
tionnaire with 20 questions divided across the six phases
of CRISP-DM: Business Understanding, Data Under-
standing, Data Preparation, Modeling, Evaluation, and
Deployment. These questions cover data science activities,
ranging from business vision and strategic alignment to
model deployment, including technical tasks such as data
preparation and modeling.

To assess the implementation of XP practices within
the team, a questionnaire was designed with 13 questions
covering the following XP practices: User Stories, Releases,
Iterations, Slack, Whole Team, Informative Workspace,
Sustainable Pace, Pair Programming, Continuous Integra-
tion, Test-Driven Development, Incremental Design, and
Spikes. Both the CRISP-DM and XP questions included
an optional open-ended field to collect additional infor-
mation. Finally, to assess XP practices across CRISP-DM
stages, participants linked each XP practice to one or more
CRISP-DM phases.

2.3. Data Collection

Interview: On November 22, 2022, we held a meeting
with the lead data scientist at Elo7 from 5:00 p.m. to
6:45 p.m. via Google Meet. We presented the CRISP-DM
process model, and the data scientist confirmed that all
stages and tasks in the model aligned with the practices
at Elo7. She also reported that the company applied the
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Fig. 1. Case study methodology.

agile XP method and executed Data Science activities in
iterative cycles.

She emphasized the use of the Spikes practice, which the
team used to solve technical challenges and gain a deeper
understanding of the problem and business objectives.
Additionally, the company routinely conducted both prod-
uct and process reviews. Finally, Elo7 deployed models
through software or applications and maintained a model
training platform, which facilitated the maintenance and
improvement of deployed models.

Questionnaire: Between January 16 and 20, 2023, we
conducted a pilot with three Data Science profession-
als from Elo7 to validate the format and clarity of the
questions. Based on the feedback, we made the follow-
ing adjustments: the inclusion of a figure depicting the
phases of CRISP-DM, an improvement in the description
of XP practices, and the replacement of the Likert scale of
agreement with a frequency scale.

Subsequently, we distributed the questionnaire to all
professionals involved in Data Science projects at Elo7.
It was available from February 6 to 23, 2023, on the
Google Forms platform, administered online, unsuper-
vised, with instructions for completion. The form provided
information on data confidentiality and anonymity, and
all respondents agreed to the terms. No personal data was
collected.

3. Results and Discussion

The survey included 13 professionals, encompassing
roles such as data scientists, machine learning engineers,
and product managers. This diversity of profiles enabled
a comprehensive analysis of the practices and challenges
encountered in the application of CRISP-DM and XP.

3.1. CRISP-DM

The results presented in Fig. 2 indicated a high level
of adherence to the use of CRISP-DM, with 86% of
responses indicating usage between frequently and always.
This demonstrated that CRISP-DM was widely adopted
by the majority of respondents, with consistent application
in their activities. Only 10% applied CRISP-DM occasion-
ally, while 4% rarely or never used it.

Business Understanding: Part of the team reported a
lack of alignment with business objectives. Additionally,
the focus was generally on data exploration rather than

on business goals. This phase was often led by product
managers, with limited involvement from data scientists.

Data Understanding: The company had well-established
and previously explored databases. Additionally, hypothe-
ses from prior projects reduced the need for these activities.
When new hypotheses were required, both technical team
members and product managers should participate, ensur-
ing alignment with business objectives and goals.

Data Preparation: Activities such as removing incon-
sistent records, formatting data, and aggregating similar
attributes may occur concurrently with the Modeling
phase. The CRISP-DM framework allows for overlap
between the Data Preparation and Modeling phases [9],
which can create the impression that Data Preparation
activities are being carried out within the Modeling phase.
Some of the team confused these activities and regarded
them as part of the Modeling phase instead of Data
Preparation.

Modeling: This was the most well-known and widely
adopted phase among data science teams.

Evaluation: The evaluation process was well known
and practiced by the data science team. However, part
of the model evaluation included A/B testing, which was
conducted during the Deployment phase. This experimen-
tal approach presents two versions of the same element
to different groups of users randomly, aiming to deter-
mine which version performs better against a business
metric [19].

Deployment: In this phase, ML engineers were actively
involved in contingency planning and monitoring, while
data scientists contributed less, which explained data sci-
entists never or rarely performing these activities. Data
scientists mainly focused on data preparation and mod-
eling, while ML engineers concentrated on deploying
infrastructure and systems that support the model, includ-
ing model monitoring.

3.2. XP Practices

The results presented in Fig. 3 indicated that 71% of
responses reflected the use of agile XP practices between
frequently and always. Additionally, 19% applied them
occasionally, while 10% rarely or never used them. This
suggested that agile XP practices were widely adopted,
although a portion of respondents either used them spo-
radically or not at all, which may point to areas for
improvement in their integration or awareness within the
organization.
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Fig. 2. Survey results on the application of CRISP-DM stages.

Fig. 3. Survey results on XP practices.

User stories: In the company, user stories were not
always clear or understandable to product managers. The
focus was often on technical terms, sometimes overlooking
business rules. There was also confusion about the respon-
sibilities for writing user stories and tasks, with many
stories being written at a technical task level.

Releases: Some ML engineers and data scientists were
not familiar with how this process was applied internally
within the company. Although the company had a long-
term product roadmap, it was not updated quarterly as in
XP release planning [12]. The roadmap maps the vision
and direction of releases and outlines how the product
portfolio will meet business objectives [20]. A gap existed
between the technical team and the strategic side of the
company regarding this practice and the long-term vision.

Iterations: In the company, iterations typically lasted for
two weeks. There was a difference in how delivery was
perceived within iterations among data science profession-
als. Managers viewed deliveries as ready-to-use outputs for
users, while data scientists and ML engineers focused more
on finished features, though not always available for use.
Exploratory analyses did not result in working software,
but they still added value to users through reports, insights,
graphs, and other deliverables.

Slack: Smaller tasks, which can be postponed, are
included to handle unexpected issues [12]. However, the
tasks chosen for the iteration were essential for delivery,
leaving no buffer, and slack practices were not always
used. Additionally, the company encouraged extra-project
activities, such as study time and hours for personal use,
but not everyone recognized them as part of slack practices.

Whole Team: Certain skills and roles, like front-end
developers and data engineers, were missing from the
team. As a result, they depended on external members for
specific tasks.

Informative Workspace: Most team members used dash-
boards and charts to display relevant project information.
This approach provided stakeholders with views of project
progress and highlighted any obstacles encountered.

Sustainable Pace: The company fostered a sustainable
work culture by minimizing unproductive overtime and
preventing employee overload.

Pair programming: For the data science team, it was an
effective practice for sharing knowledge and turning ideas
into code. This applied to both architecture design and
coding, as well as exchanging ideas in exploratory data
science activities. However, when done for long periods and
frequently, it can become exhausting [21].
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Fig. 4. Survey results on the integration of CRISP-DM and XP Practices.

Frequent Builds and Continuous Integration: For ML
engineers, this practice required more robust infrastruc-
ture. Additionally, the lack of maturity in automating
continuous integration processes made it difficult to fully
adopt these practices. For data scientists, automated tests
were rare during experimentation and data analysis, but
more common during model deployment.

Test-First Programming: This practice was the least
adopted XP practice among the data science team. It is
challenging to implement in analytical activities, while it is
more commonly used during the development of software
that supports the models. However, this practice can be
applied during algorithm implementation, including tasks
such as data preparation, model creation, tuning, training,
and testing. This extends beyond the deployment phase.
Therefore, it is necessary to train data scientists in this
practice to ensure its effective adoption.

Incremental Design: For managers, solutions in the first
iteration often had high complexity, making incremental
design challenging. It is important to avoid overly com-
plex solutions or those that require more resources than
necessary. When building models, selecting a small number
of parameters that are easier to interpret and explain is
essential [22].

Spikes: This practice was the most commonly used prac-
tice by the team. Spikes were primarily used to find answers
to challenging problems and explore potential solutions.

3.3. Combining the XP Practices with CRISP-DM
Phases

An XP practice can relate to multiple phases, just as a
CRISP-DM phase can involve several XP practices. Fig. 4
showcases the relationship between CRISP-DM phases
and XP practices.

User Stories with CRISP-DM Phases: The team rec-
ognized that user stories could be created, refined, or
consulted at any phase of CRISP-DM, though they used
them less frequently in the Evaluation phase. In this phase,
models are evaluated from the perspective of business goals
[9], and user stories help ensure alignment with these objec-
tives [11]. However, the technical language in user stories
impacted their use in this stage by the team.

Releases with CRISP-DM Phases: Releases practices
were more common in the Business Understanding and
Deployment phases, as these phases involved medium and
long-term planning and product delivery according to
the plan. In the more analytical phases, such as Data
Understanding, Data Preparation, and Modeling, their
use was less frequent. However, the team understood that
the Release plan can be created, consulted, refined, and
updated at any stage of CRISP-DM.

Iterations with CRISP-DM Phases: Iteration practices,
including planning, using short cycles, and delivering in
small increments, frequently integrated into all phases of
CRISP-DM.

Slacks with CRISP-DM Phases: Slacks practices were
seldom adopted in the phases of CRISP-DM. Extra-
project activities and free hours, such as time for training
and skill development, were not linked to any specific
phase. Additionally, data science activities allowed little
buffer for unforeseen events.

Whole Team with CRISP-DM Phases: During the
Business Understanding phase, the technical team (data
scientists and ML engineers) had limited participation,
while in the other phases, the business team (product
managers) was minimally involved. As a result, the team
recognized the need for a more integrated approach, with
active participation from everyone in all phases of CRISP-
DM.
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Informative Workspace with CRISP-DM Phases: The
team frequently used dashboards and charts to display
progress, risks, and project issues throughout all stages of
CRISP-DM.

Sustainable Pace with CRISP-DM Phases: The sustain-
able pace practice is frequently adopted in all phases of
CRISP-DM, with minimal overtime, focusing on produc-
tivity while also caring for the team’s well-being.

Pair Programming Pace with CRISP-DM Phases: The
pair programming practice was widely adopted across
the phases of CRISP-DM. The team used it not only
in technical activities but also in other activities such as
requirements definition Frequent Builds and Continuous
Integration with CRISP-DM Phases: This practice was
rarely used by the team, even when it involved model
creation and data processing, which required code manip-
ulation. The team adopted this practice frequently only in
the software development phase that utilizes the models,
specifically during the Deployment phase.

Test-First Programming with CRISP-DM Phases: The
team used the Test-First Programming practice the least.
However, they frequently applied it in the Deployment
phase. Data scientists showed resistance to this approach
when creating models, preparing data, and analyzing data,
even when code manipulation was involved.

Incremental Design with CRISP-DM Phases: This prac-
tice was more frequent in the Deployment phase. In
the Modeling phase, the models were created with high
complexity. Additionally, in the Business and Data Under-
standing phases, little importance was given to solution
design. However, the culture of starting with a simple
solution and gradually incrementing it should have been
adopted from the very beginning [15].

Spikes with CRISP-DM Phases: Spikes practices were
used in all phases of CRISP-DM. In the Business
Understanding and Data Understanding phases, the
requirements, data, and problem definition were still
immature. Therefore, the practice helped to explore
insights and problems. In the Modeling phase, it was con-
sistently applied to explore, compare, and discard various
algorithms and models.

3.4. Recommendations
The adoption of XP and CRISP-DM in data science

projects can be challenging. Issues such as misinterpreted
user stories, lack of transparency in the product roadmap,
discrepancies in team deliverables, lack of recognition of
slack practices, non-multidisciplinary teams, infrequent
testing, low maturity in continuous integration, and high
model complexity highlight the need for targeted recom-
mendations.

The list below presents potential recommendations for
the company:

• Stories should be clear and made available to the
entire team;

• Stories should be written in business language and
perspective;

• Provide training for the data science team on writ-
ing user stories;

• Hold workshops to present the strategic planning
and roadmap to the entire team;

• Align the definition of deliverables in data science;
• Align the concept of slack time within the team

Extra-project activities (e.g., studies and free time)
can be considered slack time practices;

• Assess the possibility of integrating new roles or
training the team, such as front-end developers and
data engineers;

• Invest in MLOps [23] to improve the maturity and
frequency of XP practices, such as frequent builds
and continuous integration;

• Train and encourage data scientists to use soft-
ware engineering practices, such as testing, frequent
builds and continuous integration;

• Train the team in Behavior-Driven Development
(BDD) [24] using a common language understand-
able by data scientists, product managers, and ML
engineers, promoting testing practices.

• Encourage the data science team to think of solu-
tions that start simpler (less complex).

3.5. Threats to Validity

The study was conducted within a single company,
which limited the ability to generalize the results to other
organizations or sectors. Additionally, the company had an
organizational culture that favored the adoption of agile
methodologies, which may not apply to companies facing
greater resistance to change.

Another limitation was that the study relied primarily
on interviews and surveys regarding the perceptions of
the team. Due to confidentiality concerns, no documen-
tary evidence was analyzed to verify the adoption of the
methods.

4. Conclusion

This study aimed to explore how the agility of the XP
method can be integrated with CRISP-DM in data science
projects, addressing the research question: How can the
agility of the XP method be integrated with CRISP-DM in
data science projects? To achieve this, three aspects were
analyzed: (1) the application of CRISP-DM stages by the
data science team, (2) the adoption of XP practices within
the team, and (3) the specific XP practices applied at each
stage of the CRISP-DM framework.

The data science team at Elo7 applied all CRISP-DM
stages frequently, with the Modeling and Data Preparation
phases being the most adopted. However, the team faced
challenges differentiating activities from different phases
that occurred simultaneously. Additionally, data scientists
needed to be involved in more strategic phases, such as
business understanding.

The team adopted all XP practices, with practices like
Test-First Programming, Slack, and User Stories being
applied less frequently. On the other hand, Sustainable
Pace, Spikes, Iterations, and Pair Programming were the
most frequently applied practices. However, challenges
and difficulties in adopting XP were identified, leading to
recommendations for the team.

In conclusion, the study showed that the core XP prac-
tices could be applied in any CRISP-DM phase, except
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for Frequent Builds, Continuous Integration, and TDD,
which were not applicable in the Business Understanding
and Data Understanding phases. However, some practices,
such as Slack and Whole Team, were rarely applied.

This work empirically reported the use of the
CRISP-DM process model and XP practices within an
organizational environment. Based on the results, it can
be concluded that combining CRISP-DM and XP can
be a viable approach for agile data science projects.
Furthermore, the results suggest that agile practices can
be implemented without compromising the data science
process. The case study provided insights into the use
of the CRISP-DM process model and XP practices in
an e-commerce company. Further studies in different
companies and among data science professionals with
varied experience levels would help assess agility in data
science and identify challenges and benefits of using these
practices.

Finally, it would be valuable to explore how CRISP-DM
and XP can be adapted for larger and distributed teams
(more than 13 people). Such a study could assess how these
practices can be scaled to meet exploratory and specific
needs in data science projects.
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