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Abstract. Usually, mature Artificial Intelligence (AI) projects are
developed by a team of various members, such as data engineers, data
scientists, software engineers and machine learning (ML) engineers. They
often pursue highly heterogeneous approaches, leading to new challenges
in collaboration, particularly regarding software quality, data version-
ing and the traceability of model metrics and other resulting artifacts.
These challenges are further intensified when AI projects rely on dynamic
datasets, introducing an entirely new dimension that teams must deal
with. Adopting principles from the machine learning operations (MLOps)
paradigm becomes essential in this context. To go beyond existing pro-
cess models and develop actionable guidelines, our work introduces a Git
workflow for AI projects. We present basic instructions for data and code
while outlining a minimal infrastructure setup. Building upon abstract
concepts, we delve into concrete, actionable steps by examining the pro-
posed branching workflow. Through a case study, we apply the develop-
ment methodology to two use cases and demonstrate that the principles
and approaches positively impact project outcomes.

Keywords: Software engineering for machine learning · Agile
development · MLOps · AI development · Data-centric AI

1 Introduction

The attention around AI has recently reached unprecedented levels, so the pro-
liferation of projects in companies across different industries continues. AI-based
technologies offer the possibility to make data-driven decisions, optimize opera-
tional processes, and show enormous potential for developing innovative solutions
and new products.

From a developers perspective, AI projects require novel development
approaches compared to traditional software projects due to their inherent
characteristics, especially when projects leave the proof-of-concept stage and
grow into mature projects. While an ecosystem of methods, concepts, and tools
has been emerged for conventional software projects, these solutions cannot be
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directly applied to AI projects. A fundamental difference between AI- and tra-
ditional software projects, primarily relying on source code to create artifacts,
is the involvement of code and data as input.

In this context, data volatility poses a significant challenge in AI projects,
as the ML artifacts, which include trained ML models, often need to be recre-
ated more frequently than in conventional software projects. This is required to
account for the evolving nature of data and to ensure the ML models’ accuracy
and relevance and reinforced by the recent trend in the AI community, facing
a mindset change towards increasing awareness of data dependencies in imple-
menting powerful AI systems [21]. At the same time, the data dependencies
possibly create a certain amount of sluggishness due to computing intensity and
therefore, additional resources are required to produce these artifacts [2,27].

To address this, approaches are currently arising in the domain of MLOps.
Building upon traditional software engineering processes such as DevOps, the
concepts are being supplemented with ML- and data workflows. An example
is our approach presented in [31] for a development method for data-centric
AI projects focusing on active learning. Here, a Git workflow is introduced,
which assists teams in structuring their projects and addressing implementation
challenges.

In this article, we build on these concepts and provide detailed principles
for code and data in Sect. 3. We abstract the Git workflow and demonstrate in
Sect. 4 through a more detailed guide of an exemplary development process that
these approaches, besides AL, can be helpful for other data-centric AI projects as
well. Furthermore, we extend the evaluation and present a case study in Sect. 5,
where two use cases applied the introduced methodology. First, the foundations
are presented in the course of the following Sect. 2.

2 Foundations

A paradigm shift has been evident in the research community, which views data
as the core and driving factor in developing and implementing AI systems [40].
In this context, high data quality, variety, relevance, and quantity are central to
the development process, with data serving as a major building block for the
continuous improvement of AI models.

The characteristic of data-centric development is that particular emphasis
is placed on collecting, processing, managing, and analyzing data to ensure
the integrity and usefulness of the data to train high-quality, high-performance
models [13,36]. Looking at implementation in practice, data-centric projects are
considered inherently complex and multi-factorial. To address this complexity,
methodologies have been established to provide a structured approach to data-
heavy projects.

2.1 Process Models

One of the earliest process models hails from traditional data mining. Knowl-
edge Discovery in Databases (KDD), defined as the non-trivial process of iden-
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tifying valid, novel, potentially useful, and ultimately understandable patterns
in data, comprises five main phases: Selection, Preprocessing, Transformation,
Data Mining, and Interpretation/Evaluation [5]. The process is divided into nine
sub-steps designed to be interactive and iterative, involving multiple user deci-
sions to achieve optimal results [6]. Within the context of KDD, considerable
emphasis is placed on data quality and appropriate data preprocessing, as these
factors directly impact the results’ efficiency.

The Cross-Industry Standard Process for Data Mining (CRISP-DM) is a
process model divided into six phases: Business Understanding, Data Under-
standing, Data Preparation, Modeling, Evaluation, and Deployment [37]. Like
KDD, CRISP-DM is iterative and cyclical, accommodating the often nonlinear
nature of data mining projects. In addition to KDD, CRISP-DM underscores the
importance of business understanding and emphasizes that the project should
be closely aligned with business requirements and goals.

In contrast to traditional process models for data mining projects, the Team
Data Science Process (TDSP) represents a major change. TDSP is also iterative,
but the iterations envisage a more agile procedure, thus enabling effective and
efficient collaboration in data science teams. It breaks down the data science
process into five clearly defined phases: Business Understanding, Data Acqui-
sition and Understanding, Modeling, Deployment, and Customer Acceptance.
Each phase includes specific tasks and milestones and assigns clear roles to indi-
vidual team members, aimed at boosting the team’s productivity through high
transparency and coordination. [19]

Recently, more approaches have been added. A prominent concept focus-
ing on ML/AI projects was presented in [33]. The authors propose the cross-
industry standard process model for developing machine learning applications
with the quality assurance methodology CRISP-ML(Q), which is compatible
with CRISP-DM. The main difference with CRISP-DM is that the Business and
Data Understanding phases are combined, and a Monitoring & Maintenance
phase supplements the overall process.

All of the process models mentioned are agnostic to the underlying problem.
Therefore, they can be applied across a broad spectrum of application fields,
regardless of the type of data and algorithms involved. It is crucial to remem-
ber that the quality of data significantly contributes to the success of a project,
irrespective of the process model a team chooses. In this context, concepts from
MLOps, an emerging discipline that deals with the systematic approach to man-
aging the lifecycle and artifacts in an AI project, are paramount.

2.2 MLOps

The various process models introduced in Chap. 2.1 assist AI project teams in
understanding what needs to be done in the individual phases of the lifecycles of
data and ML models. MLOps, inspired by the principles of DevOps, pertains to
the practices and methods that harmonize the various stages in the lifecycle of
AI systems and enable their efficient production, implementation, monitoring,
and iteration in an industrial context [16]. Along with several facets, MLOps
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aims to answer how a team can manage the emerging complexities associated
with developing and managing AI systems [22].

The goal is to create a cooperative and efficient environment in an AI project
that combines various roles, such as data engineers, data scientists, software
engineers, and ML engineers, and promotes seamless integration and interaction
to enhance productivity. Key components are envisaged, such as version control,
not only for source code, as in traditional software development, but also for data,
configurations, and ML models, facilitating the critical aspect of reproducibility
[23].

Another fundamental principle is the high degree of automation for contin-
uous integration (CI), continuous delivery (CD), and -deployment, which also
includes continuous training (CT), the iterative retraining of ML models, for
example, periodically or through defined triggers such as a changed data basis
[14,15,18].

Automated testing is integral to MLOps, broadening the application of
CI/CD principles within the realm of ML [30]. By continuously testing the mod-
els against predefined metrics and criteria, it is possible to ensure quality and
reliability before implementation [3].

In this context, another component is model monitoring. Unlike conventional
software, ML models are susceptible to concept drift, where the statistical prop-
erties of the target variables can change over time, potentially affecting model
performance [7,17]. Monitoring strategies aim to enable early detection of such
shifts through continuous evaluation and validation and allow a team timely
intervention and model updating through appropriate measures.

Another aspect is the creation of robust infrastructure that ultimately sup-
ports the end-to-end process, from data collection and preparation to model
development and validation to deployment and subsequent monitoring and main-
tenance. Factors such as scalability and performance, as well as security issues,
are relevant, which in summary, should enable sustainable and efficient imple-
mentation of AI projects in practice [41].

In their mixed-method research, the authors in [16] found that various chal-
lenges prevail in the MLOps domain. They enumerate ML system, operational,
and organizational challenges, with the latter particularly attributable to a cul-
tural change and the understanding of MLOps as a multidisciplinary group pro-
cess. Currently, this is often hampered by siloed work, necessitating measures
for better collaboration [20,34].

While there is already existing work investigating tools in this context [8,
25], we aim to contribute by presenting our proposal for a Git workflow-based
development methodology for data-centric AI projects in the following sections.

3 Core Concepts for an Effective Collaboration

Similar to how DevOps principles and best practices methods such as Git-Flow
and trunk-based software development have emerged in the past, the research
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community has recently published numerous best practices for AI projects and
is still working on MLOps principles [28].

Our work presented in [31] introduces an agile development methodology
that provides guidelines for a team of developers and data scientists to structure
their work, focusing on data-driven development. To implement the basic concept
from this, such as the use of runners for CI, CD, and CT for the realization of
automated iterations, we introduce the following basic concepts related to data
and code and give a brief overview of the infrastructure setup.

3.1 Enable Developers to Develop with Data

After the initial conception phase, from a technical process perspective, AI
projects typically start with collecting and preprocessing raw data. Like the
program code, the data exhibits a persistent dynamism across the project’s dura-
tion. These changes can result from adding new data results and new project
requirements, which in turn require the collection and processing of additional
data. In practical terms, new raw data may need to be imported or new data
labels introduced in a subsequent iteration phase. Here, it becomes clear that
the artifacts generated by an AI project do not solely depend on the underly-
ing code but are significantly influenced by the data used and processed. This
necessitates efficient and traceable data versioning. Although it is possible to do
this manually - for example, by assigning timestamps to the different versions
of the dataset - a dedicated tool for data versioning is often recommended in
practice to ensure optimal transparency and reproducibility, in particular when
certification and qualification of AI systems are addressed.

Developing an ML pipeline with complete, often massive datasets can make
implementation inefficient for various reasons. Factors such as data selection and
extended computation time can significantly slow down the engineer’s workflow.
For this reason, we recommend creating a so-called development dataset. This
provides a representative but significantly smaller subset of the original data and
is designed so that the entire ML pipeline only takes a few minutes to perform
its calculations. This approach allows developers to use the development dataset
for local development on their local systems. Additionally, the runner or the
executing system can quickly provide feedback on whether a specific code change
leads to a disruption or other problems in the ML pipeline.

The creation of this development dataset must be reproducible, version-safe
and should therefore not be done manually. The ideal solution, as shown in Fig. 1,
is a standalone code module that draws samples from the original full datasets.
This module should allow automatic updates of the partial datasets when the
full dataset changes. Assuming this code module offers the option to include
specific samples or sample clusters in the development dataset, it could serve as
a basis for regression tests. In these tests, samples that have caused problems
in the ML pipeline in the past could be continuously monitored and examined
from the beginning of model training to identify and fix potential error sources
early.
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Considering the dynamic nature of the data in some AI projects, further
requirements arise for this development dataset, shown in Fig. 1. As seen from the
change from the first to the second iteration, the Dev-Dataset-Creator module
can mitigate the dynamics. Depending on the use case, the data basis is subject
to permanent changes, e.g., due to stream data, which makes development with
this data impractical, even if these were processed into batches. However, the
development dataset should approximate the distribution of the entire datasets
as accurately as possible, which occurs between the second and third iterations.
If the distribution of the full dataset changes significantly, a new version of the
development dataset is created automatically (dev1 → dev2).

Furthermore, outliers and distorted samples should be included from the
beginning to ensure a realistic development environment. If new data sources
are tapped during the project’s duration, these must be considered in the devel-
opment dataset, as seen in the fourth iteration.

Fig. 1. Development Dataset Concept.

Figure 1 illustrates a simplified outline. A project may require various devel-
opment datasets that differ in size and content. It’s important to understand that
this dataset does not claim to serve for training a high-performance model, nor
- contrary to common terminology - to test its performance during development
time. As a primary target group of the development dataset, the team can use it
during the development iteration to check the executability of the ML pipeline
code on their local clients before their push and use it, e.g., for integration tests
in a CI job, and therefore improve the quality of the committed code.
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3.2 Agree on a Common Code- And Project Structure

In the early stages, particularly during prototyping, it is common to imple-
ment all steps of the ML pipeline in a single script or notebook [26]. However,
this approach can lead to limitations as these artifacts are often limited to the
workspace of an individual developer and can pose challenges in tracking version
differences. Therefore, effective collaboration in an AI project requires splitting
the individual steps of an ML pipeline into separate modules to involve a team
of developers [1]. This allows the members to focus on specific phases of the
pipeline and distribute their work efficiently.

We propose a project structure as outlined in Fig. 2, where it is evident that
the individual code modules reflect the different phases of an ML pipeline1 When
designing an ML pipeline, it is crucial to identify the necessary steps and clearly
define the dependencies between the various stages.

Fig. 2. Proposed Project Structure.

As soon as a team begins the implementation phase, it is essential to ensure
that the data passes through the ML pipeline as early as possible, even if it has
yet to produce meaningful results or artifacts such as trained models. The devel-
opment dataset mentioned in Sect. 3.1 can be used to provide data to the code
modules during the development phase. By ensuring this early data flow, devel-
opers can work simultaneously on different phases and manage their individual
tasks.

Therefore, it is necessary to transform all steps of the ML pipeline into an
automatically executable form. A sustainable code implementation, e.g., using

1 A suitable template for projects implemented in Python can be found at: https://
www.github.com/ds-lab/lifedata-project-template.

https://www.github.com/ds-lab/lifedata-project-template
https://www.github.com/ds-lab/lifedata-project-template
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parameters and configuration files, allows for different implementations and set-
tings of each stage. By tracking these through a version control system like Git
and using feature flags, a systematic comparison is possible even when multiple
developers work on the same ML pipeline stage.

To meet further requirements regarding traceability, the “version number”
of the input dataset must be treated as part of the configuration. Some data
versioning tools offer this by storing hashes of the datasets as version numbers
in the configuration files. Other concepts use references, such as a data catalogue.
Moreover, these tools can often cache all ML pipeline artifacts (e.g., preprocessed
data, trained models, or evaluation reports). They can restore these artifacts if
an execution with identical code and data occurred in the past.

This capability creates synergies in terms of the runtimes of the ML pipeline
throughout the AI project, whether in the local development environment, exper-
imenting with the entire dataset, or in the production environment. For example,
when new training data flow into the pipeline, the model can be retrained and,
if necessary, optimized and evaluated. On the other hand, the computationally
intensive preprocessing step can be repeated for only some of the datasets. By
skipping this step, the new model can be quickly deployed.

Fig. 3. Infrastructure Setup.

3.3 Setting up the Basic Infrastructure

An important aspect in AI projects is the increased demand for infrastructure.
This is reflected in the growing field of MLOps research, which encompasses man-
aging different environments and effectively scaling hardware resources, along
with the associated concepts and tools. Figure 3 outlines a simplified infrastruc-
ture setup agnostic to the underlying technologies and illustrates the necessary
components for implementing a distributed system for AI projects.
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In step 1 , the raw data and the created development dataset must made
available to the data server. Typically, the upload is not done directly from
the developer’s client, but it is imported from the corresponding data source
for larger datasets. The development dataset remains on the developer’s client
and should be small enough to enable fast iterations during ongoing work. Once
the required datasets are available on the data server, at step 2 , developers
commit and push their code to the Source Control Management (SCM) system.
An SCM application is able to trigger a runner, the CI/CD/CT runner, at step
3 . This runner should be hosted on a powerful machine (e.g., with GPUs) and
takes into account the planning, management, and scaling of the computational
resources needed for executing the ML pipeline. This becomes necessary when
the resources exceed the capacities of the developer’s computer, such as training
the model on the entire dataset.

Each job is uniquely associated with a specific commit, facilitating easy
decision-making on whether certain long-running jobs can be terminated. Exist-
ing tools and frameworks from traditional software projects can be reused to
manage and monitor the servers where the runners are executed. In step 4 , the
runner checks out the version of the dataset specified in the configuration files
and runs the ML pipeline.

In step 5 , the runner reports the status to the SCM system and uploads
artifacts, such as the trained model or preprocessed data, to the data server.
This can occur when the developer submits new code, conducts experiments
on the entire dataset, or triggers an automated job, such as scheduled nightly
retraining. The SCM application allows access to the runner’s logs, providing the
simplest solution for monitoring the progress of the ML pipeline. This can be
further enhanced by using appropriate tools like MLflow [39], which enables the
collaborating team of data scientists at step 6 to make structured comparisons
of experiments or monitor the model in the production environment.

The presented infrastructure concept is minimalistic and can be expanded in
various ways: Separate runners for CI, CD, and CT can be replaced by powerful
clusters, the data server can be enhanced by a feature store and/or a model
registry, and many more possibilities. Additionally, the deployment implemen-
tation, as shown in step 7 , can be further refined and is intended to indicate
the interconnections of the individual components.

4 Git Workflow for AI Projects

One of the core ideas presented in [31] is to utilize the CI/CD/CT runners
introduced in Sect. 3.3 for automation purposes using a branch-based workflow
concept. This involves introducing different namespaces for branches, with each
namespace focusing on either the code or data dimension. The runners behave
differently based on the namespace of the branch in which they are triggered.

This organizational structure provides a structured environment for a team
collectively working on an AI project repository. Furthermore, it serves as a
catalyst for agile development by efficiently adapting the feedback cycles to the
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specific implementation types, whether application- or data-oriented tasks. To
further investigate the branching workflow, we will illustrate the concept through
an example project in the subsequent chapter.

4.1 Establishing a Robust ML Pipeline

After the scoping phase is completed and the setup described in Sect. 3 is in
place, the code for the initial ML pipeline is first transferred to the repository’s
main branch in the SCM application. Similar to traditional software projects, the
main branch, contains the most complete version of the code. It is advisable
to follow the proposed code structure from the beginning, even if, in the initial
steps, the focus should still be on the exploratory phase of the data. At the
beginning of an AI project, the rest of the code may consist solely of stubs
and interfaces for each downstream phase of the ML pipeline. Subsequently, the
primary requirement for the main branch is to provide a clean, executable, and
stable version of the ML pipeline.

In this regard, the focus of the CI/CD/CT runners in its branch namespace
lies on code quality: they execute the ML pipeline using the development dataset
as a form of integration testing. Given that the configuration files contain infor-
mation about the allowable values of all parameters (cf. Sect. 3.2), they can verify
the code across the permissible combinations, which, even with the development
dataset, can prove to be time-consuming.

Furthermore, traditional unit tests and other code analysis steps should be
performed to maintain the desired high quality in the main branch. Similar to
traditional software development practices, static analysis tools can be employed
to uncover potential issues in the code, such as poor programming practices or
unused variables. These additional steps contribute to the early detection of
potential errors and ensure a robust codebase for the ML pipeline. By incorpo-
rating quality assurance aspects, all team members are empowered to address
potential issues and provide smooth executability of the ML pipeline at all times.

4.2 Development Procedure

As soon as the development team envisages a new feature or the need arising from
altered requirements, a feature branch is created, adhering to the established
concept of traditional software projects. Usually, this need is documented in an
issue within the SCM application, and the feature branch, exemplified in Fig. 4
by commit A1 , is generated. The branch where the implementation takes place
is at the level of code-focused branches. In this process, the developer generates
a new feature flag along with the necessary parameters and implements the new
feature, utilizing the development dataset.

After every push commit, the runner verifies the ML pipeline’s correct exe-
cutability, checking out the development dataset for the code execution. Analo-
gous to a CI pipeline in classic software development, static code checks and unit
tests are conducted here as well. The rapid executability using the development
dataset provides the author with swift feedback about the success of the CI jobs.
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However, the training results of the ML pipeline are irrelevant. Hence all services
used in the project to track experiments remain deactivated.

Once the developer is convinced that the problem described in the issue
has been solved, he initiates a merge request. Such requests enable other team
members to provide feedback and review the code before it flows into the main
branch and morphs from commit A2 into Version 0.2 . At this point, a per-
formance increase of the model due to the newly implemented function is not
necessarily required. As illustrated by the example of the first feature branch, it
can sometimes suffice to merely implement and test the function, enabling other
team members to build upon the latest features as quickly as possible. In cer-
tain cases, combining various features might be necessary to genuinely enhance
the ML model’s performance. As the project follows the code structure outlined
in Sect. 3.2, it is entirely conceivable that several developers are simultaneously
implementing different functions in various branches.

Sometimes, the implementation of certain functions in an AI project necessi-
tates their execution on the entire dataset, and this even before the implementing
team member initiate a merge request. This case is exemplified in Fig. 4 within
the second feature branch B1 . In this scenario, the developer decides to initiate
an experiment and branches out with the corresponding code version into one
or more experiment branches.

4.3 Experimentation

Many tasks in an AI project are experimental in nature. While the widespread
way of implementation for data science related jobs takes place in notebooks,
in our concept we introduce custom branch namespace. This special category of
branches, called experiment branches, runners execute the ML pipeline on full
datasets and not only on development datasets as is traditionally the case. This
expands the testing space and potentially provides more representative results.

An exemplary situation is the introduction of a new model architecture by a
team of developers. The executable code is implemented in the feature branch

Fig. 4. Git Workflow with Experiment-Branches.
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B1 . The next step would be to train and evaluate the new model’s performance.
This is where the experimental branch comes into play.

A developer creates one or more branches in the experiment namespace and
then configures the ML pipeline according to the specific needs of the test. This is
done by enabling the feature flag and setting appropriate parameters in the con-
figuration files. Each of these experiment branches can focus on specific aspects
of the ML pipeline. For example, one experiment might be specifically reserved
for hyperparameter optimization, while another might enable additional data
augmentation.

Once a configuration is set, for example, as illustrated in the commit C1 ,
this triggers the runner to access the full datasets. If the ML pipeline execution
is complete, the runner stores the artifacts on the data server using the data
versioning system. Consequently, it is ensured that all boundary conditions -
from the data version to the code version to the execution environment - are
documented for each artifact.

This concept can additionally be used for feasibility experiments. These pro-
vide the developers with preliminary evaluative feedback regarding the feasibility
and potential efficacy of the current function under consideration. In such cases,
it might be helpful to trigger proof-of-concept experiments. In doing so, the
focus shifts from fine-tuning the model to roughly evaluating ML performance.
If an experiment fails, as visible in the example of commit D1 , the overhead of
a merge request and code reviews is avoided. This saves downstream resources
and allows for more efficient use of development time.

4.4 Release New Versions

Suppose the results of an experiment outperform the current leading model or a
completed feature is to be released. In that case, merging from the main branch
to the version branch is initiated. Throughout this phase of the model lifecycle,
the implemented code as well as the produced artifacts, are subject to thorough
inspection and assessment by additional team members.

In the scenario, illustrated in Fig. 5, the acceptance of the merge request of
version 1.0 triggers the activation of a new runner on the release branch. Due
to the caching feature of a data versioning tool, this runner can restore and reac-
tivate the artifacts from an experimental run on the data server. Should errors or
undesired states occur during or after the deployment, proven, corrective mea-
sures from traditional software development can be applied, such as reverting
the release branch to an earlier commit. The same applies to model versions in
case of a later concept deviation. The release branch provides traceability for
the entire development team, allowing recourse to already released versions of a
model registry.

We establish an additional specialized branch type to accommodate the con-
tinuous dynamics of data and code within a data-centric AI project. This new
branch exists on the data-focused layer of the project and serves as a code-based
version twin of the release branch. This is of particular importance as it allows
maintaining synchronized versioning of code and data, which is essential for the
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Fig. 5. Git Workflow with Production Environment.

traceability and repeatability of experiments. To make the concept more con-
crete, we continue the example, where the development team decides to go live
with version 1.0 .

4.5 Production Environment

The branch referred to as production branch is defined as the mirrored,
deployed code version of a branch that references a possibly newer version of
the corresponding data artifacts. This state is achieved by the consistent use of
runners that, in the context of continuous training, are used to transfer the data
artifacts to the data server after execution of the ML pipeline and to transfer the
version reference of the hashes back to their production branch. Depending on
the purpose of the application, this can result in this branch potentially running
ahead of all branches under development.

Build upon the example of experiments presented in Sect. 4.3, focusing on
the colored blue branch and demonstrating that the experimental branches can
be used to reconfigure the ML pipeline. This approach is evident in Fig. 5, where
the development team directly branches off a new branch E1 from the main
branch into the experiment namespace to modify the configuration file. Now,
we utilize the previously mentioned synergy between the caching function of the
data versioning tool and the reuse of artifacts in the other direction. When a
runner is triggered in an experiment branch, it can fetch the current version
of the data reference file from the production branch and download all existing
data artifacts from the data server.
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The code of the experiments will be executed with the actual data, provid-
ing the development team the opportunity to make decisions based on consis-
tently traceable and reproducible results. As mentioned, runners triggered by
the transmission of an experiment branch should, by default, activate an exper-
iment tracking service. This workflow makes the development team’s decision to
reconfigure transparent and reproducible at any time.

Implementing simulations in the production environment takes it further,
especially in applications with active learning or online ML. Here, it is not enough
to switch from development datasets to complete datasets. Rather, the runner
of the experiment branches must be able to verify the updated, published data
version. This process is depicted from commit F1 , where the development team,
for instance, implements a new model architecture.

The data scientist initiates a branch at G1 to evaluate performance under
production conditions into the experiment namespace. This time, an automa-
tion is activated, ensuring that the runner always uses the latest version from
the production environment. This mechanism allows for realistic tests with cur-
rent data, thus providing immediate insight into the performance of the current
system version under real conditions. The experiment branch can coexist paral-
lel to ongoing development. Suppose the team decides to make further changes
to the code. In that case, the branching workflow remains the same: a merge
request is derived from F2 , and the newer version of the ML configuration is
propagated through the merge in the main branch as version 1.2 , which is then
provided via the release branch in the production branch.

5 Case Study: Active Learning

As part of the proposed develop methodology in [31], we introduced the con-
cepts described and the Git workflow in the context of Active Learning (AL)
projects. AL describes a technique where a ML model selects the most beneficial
data for training, using new feedback to improve model performance [29]. The
collaborative method is one of a popular task in data-centric AI development,
with the goal of making the labeling process effective [40].

Within a three-year research program, an AL framework called LIFEDATA
was developed where the presented concepts were followed and applied in two
use cases2 Before we evaluate and discuss the results, we start again with the
process view and present the lifecycle of an AL project for a better overview.

2 The LIFEDATA Framework, implemented in Python, is available at:
https://www.github.com/ds-lab/lifedata.

https://www.github.com/ds-lab/lifedata
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Fig. 6. Active Learning Lifecycle in project context with associated developer key roles.

5.1 Active Learning Lifecycle

The structure of the AL lifecycle, as depicted in Fig. 6, harmonizes established
practices derived from the fields of DevOps, Machine MLOps, and DataOps.
These practices are integrated within an AL loop and contextualized within the
framework of a project. The primary cycle includes the training of the ML model,
the development phase, and operational tasks specifically tailored to the unique
demands of an AI project.

The blue-colored data iteration phase of the AL lifecycle corresponds with the
responsibilities traditionally assigned to a data engineer. The three key stages of
the Extract, Transform, and Load (ETL) process are systematically executed
within this phase. The extraction step is further subdivided into batch and
stream-based processes in accordance with the specific requirements of the AL
query scenarios. During the transformative phase, data quality is enhanced by
implementing rule-based tasks to mitigate potential inconsistencies or inaccura-
cies. The Label phase, unique to an AL project, involves annotating new data
instances by a human or automated system, referred to as an “oracle”. The final
step, Load, delivers the processed data in a standardized format for integration
into other stages of the AL lifecycle.
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The ML iteration, colored in green, incorporates procedures generally within
the purview of a data scientist. The necessary ML pipeline is typically comprised
of diverse substeps, which may differ based on the problem domain- and appli-
cation specifics. These tasks may be executed periodically, triggered by specific
events, or conducted experimentally, each catering to the differing demands of the
project. It commences with the exploration phase, where the data required for
the model is subjected to detailed analysis. This is followed by the process step,
in which data preprocessing is conducted, subsequently leading to the model’s
training. The optimization phase entails tasks such as tuning hyperparameters
and adjusting the ML pipeline by implementing suitable methodologies. An ML
iteration is typically triggered by initiating an experimental procedure, or in the
case of automated systems, through the periodic intervals or occurrence of a
specific event.

The development phase (yellow) encapsulates the principal responsibilities of
a software engineer. Implementation is initiated once planning is completed or
when new requirements emerge from the operational phase. After a successful
build phase, the testing phase ensues, encompassing both traditional and ML-
specific tests. This testing is conducted in an automated, continuous manner,
adhering to the principles of CI, CD and CT.

Upon release, the pink-colored operations phase is initiated, serving as the
bridging link between the development- and the production environment. This
phase encompasses tasks related to monitoring the currently deployed model.
Continuous reconfigurations, evaluations, and validations are integral compo-
nents of maintaining a productive AL system.

Viewing the AL lifecycle clockwise, an AL iteration, in the form of an incre-
ment or a new model version, can be observed. However, when viewing counter-
clockwise, the connectivity of the respective phases and roles becomes explicitly
apparent, highlighting the cyclic and interconnected nature of the AL lifecycle.

5.2 Use Cases

During the implementation of LIFEDATA, we applied the concepts presented in
Sect. 3 and the Git workflow outlined in Sect. 4 to projects in the following two
life sciences use cases, each built with separate ML pipelines. This domain poses
challenges to AI projects regarding data annotation and serves as an exemplary
field to demonstrate data-centric AI development.

Project A) Skin Image Analysis. Skin cancer is globally one of the most prevalent
forms of cancer, where early detection significantly impacts patient survival.
Various ML challenges from the International Skin Imaging Collaboration (ISIC)
have shown encouraging results for AI-supported skin cancer diagnosis [4]. This
technology could serve as a support system in clinical decision support systems
(CDSS) for medical professionals.

Implementing this use case tackles the challenge of classifying skin lesions
from image data using deep learning techniques, considering a constraint to
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single-label classification. Our ML pipeline was implemented with two deep neu-
ral networks (DNN) classifiers, DenseNet [11], and MobileNet [10], which were
trained on the seed data from HAM10000 [35], a publicly available collection of
dermatoscopic images, comprising 10,015 annotated JPEG files. An excerpt of
results from this case study can be found in [32].

Project B) ECG Classification. Cardiovascular diseases are the most common
cause of death, so early detection and treatment of cardiac arrhythmias are
crucial for improving treatment outcomes. AI methods have been used to develop
CDSS for, e.g., heart monitoring, aiming to enhance diagnostic accuracy and
efficiency. The research community has developed various ML models that expect
different data types as input. A notable example is PhysioNet, which in recent
years has focused on exploring algorithms for the classification and analysis of
electrocardiograms (ECGs) [9].

We applied LIFEDATA to this use case and implemented an ML pipeline with
a ResNet-DNN classifier to predict cardiac anomalies in 12-lead ECG recordings,
as suggested in [38]. In this example, we used time-series data provided by the
PhysioNet Challenge 2021 [24], which comes from multiple sources and includes
131,155 ECG recordings with one or more labels.

Moreover, in this use case, we introduced a productive environment, which
included a web user interface in which a team of cardiologists could annotate
additional yet unlabeled data selected by the training model. The retraining of
the model was executed on a nightly schedule, resulting in a new query batch of
samples provided to the web server.

5.3 Evaluation

Complementary to the evaluations already conducted in [31], which scrutinized
the developmental principles for their adherence to established best practices
from the relevant literature, and incorporated the viewpoint of industry experts
through semi-structured interviews, our aim in this article is to provide a particu-
lar practical assessment and to scrutinize the two projects previously introduced.

First, we analyze the technical specifications, which were maintained consis-
tently across both projects. For Project A and Project B alike, GitLab served as
our choice for SCM. The CI/CD/CT runners were hosted on a GPU server. In
terms of data versioning, we utilized Data Version Control (DVC) [12], a robust
tool designed to handle large-scale datasets and machine learning models, and
implemented MLflow [39] to track and manage our experimental endeavors tasks.

In Project A, where the ML pipeline for skin image analysis was implemented,
two Nvidia Quadro RTX 6000 GPUs were available for model training, capable
of parallel processing various tasks, and exclusively available to the team during
implementation. The data remote for storing raw data and all artifacts, such as
preprocessed data and trained models, was realized using a file server and SSH
access.

A total of 16 developers contributed to this project. The experienced core
team consisted of five developers of various roles who applied the described
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development method for the first time. We set the size of the development dataset
to 100 samples. This amount was large enough to contain instances of each class
and to realize training/test splits, yet small enough to execute the ML pipeline
code on the developers’ client computers in a reasonable amount of time.

Fig. 7. Overview of CI-pipelines of Project A) Skin Image Analysis.

The analysis of the CI-pipelines in Fig. 7 shows that a total of 1,850 jobs were
executed in a period of 12 months, with the majority being triggered in feature
branches or the main branch. As the right part of the figure illustrates, using
the development dataset proved advantageous.

Developers received feedback on whether the pipeline had failed after an
average execution time of 6.36 min. In the case of a successful pipeline, the
results were available after an average of 18.58 min. Noteworthy is the significant
time saving compared to the average execution time of the experiment branches,
which was 179.87 min (factor 28) for failed executions and 391.11 min (factor 21)
for successful executions.

We adapted the infrastructure in Project B (ECG classification) to meet the
increased requirements. This time, the team had four GPUs - two Nvidia Quadro
RTX 6000 and two Nvidia Quadro P6000 - exclusively at their disposal, which
could also process various tasks in parallel. An S3 bucked was used as the data
remote, which was used for storing and exchanging raw data, preprocessed data,
trained models, and other artifacts. The deployment was realized via Kubernetes.

A total of 19 developers contributed to this project. The experienced core
team remained unchanged compared to Project A and followed the described
development method again. In this project, the development dataset’s size was
100 samples, which were compiled from different data sources and met the stated
requirements.

Figure 8 shows the analysis of the CI-pipelines over an observation period
of 18 months. A total of 3,048 jobs were triggered, including automated nightly
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Fig. 8. Overview of CI-pipelines of Project B) ECG Classification.

retraining of the model on the production branch. For this project, we also
listed the execution time of the jobs on the main branch, as it provided for the
execution of integration tests and demonstrated the positive effects in terms of
resource savings with the use of development datasets.

Although the runners in both the production and experiment branches each
checked out the entire datasets, there is a clear difference in execution time.
This can be explained on the one hand by the use of experiments for more
complex simulations and on the other hand by the fact that the data base in
the production environment did not necessarily change daily, which allowed the
already trained model to be deployed unchanged.

Concerning feedback cycles, there was again a significant time-saving. When
implemented in a feature branch, the average duration was 3.30 min (a factor of
149 compared to experiments) for failed and 6.34 min (a factor of 156 compared
to experiments) for successful CI-pipelines.

5.4 Discussion

In both projects, adapting the introduced development method has proven ben-
eficial with regard to agility and team collaboration. Due to the project and code
structure, several developers could simultaneously implement new features and
initiate experiments. Including the development dataset and the different run-
ners resulted in significant differences in the execution times of the CI pipelines,
enabling rapid iteration during the code-focused implementation and substantial
resource savings throughout the project.

However, some aspects of development practices cannot be dismissed. On
the one hand, there are substantial requirements for the development dataset,
as its creation can be challenging given often very heterogeneous data sources.
It may also become necessary to maintain different development datasets of
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various sizes. Furthermore, the other principles, such as using runners for running
experiments or modular code practice, represent an inevitable overhead for a
team at the outset.

The team requires a member capable of setting up the necessary infrastruc-
ture, and every team member must be familiar with both code and data version
control systems. Developers or data scientists unfamiliar with a data version con-
trol system will face a steep learning curve and common pitfalls, such as overly
large merge requests. Feature branches likely require a different configuration
than the best model, e.g., fewer training epochs to facilitate the quick feedback
loop. These two configurations require additional management.

In addition to improving traceability, teams can benefit from the rapid
feedback cycles once the concepts are established. Transparent collaboration
is enabled, which, combined with established best practices from agile software
development, leads to positive effects in the project.

6 Conclusion

The development methodology presented in this paper offers a structured, agile,
and team-oriented approach to developing data-centric AI projects. Alongside
established process models for data-intensive projects, we have emphasized the
importance of MLOps principles for the effective realization of AI projects
throughout the lifecycle. Our work highlights the need for solid infrastructure,
establishing a common code and project structure, and implementing an effective
Git workflow. The focus of the branching concept involves the implementation
of CI/CD/CT runners, as well as specific branching namespaces. Through the
guidelines presented, teams are supported in realizing data-centric AI projects.

In a case study, we demonstrated how these concepts can be successfully
applied to practical AL projects. Using two specific use cases, we showed how
the development methodology was implemented and elucidated the potential in
both projects. The integration of development datasets and various runners has
resulted in significant differences in the execution time of CI pipelines, leading to
faster iteration during the code-centric implementation and considerable resource
savings throughout the project. Although the results show positive impacts on
data-centric AI projects, challenges require further research. In particular, devel-
oping and managing development datasets require additional attention, work,
and expertise from developers.

Moreover, setting up the necessary infrastructure represents a substantial ini-
tial investment, and every team member needs to familiarize themselves with the
systems for code and data version control. Future work could focus on optimizing
the methodology concerning these challenges to reduce the setup and mainte-
nance requirements for developers. Overall, our work demonstrates that despite
the challenges associated with data-centric AI development, the proposed meth-
ods and techniques can improve the efficiency and effectiveness of AI projects.
We believe that our work makes a significant contribution to advancing the cul-
tural shift in data-centric AI development teams and hope that it will serve as
a valuable resource for other researchers and practitioners.
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