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Abstract: Based on experiences in data-based projects, it was
hypothesized that traditional project approaches often fail to
ensure consistency, traceability, and transparency, contributing
to a low success rate of such projects. This hypothesis was
tested by compiling documented challenges from various
data-based projects and comparing methods from literature
and practice. The comparison enabled the formulation of
objectives and led to the development of a novel method,
focusing on standardization, regular exchange, and
accountability to enhance consistency, traceability, and
transparency of project-relevant objects. It also accommodates
existing procedures for handling data-based projects.
Application of this method allows for meticulous planning on
multiple levels and iterative progress. Findings support the
initial hypothesis, suggesting the method's potential to
improve success rates in data-based projects.

Keywords: Consistency; Databased Projects; Data Science

1. INTRODUCTION
1.1 Motivation

This study addresses consistent issues in data
science projects across various sectors, which
often hinder their success and full realization
despite the transformative potential of data
analysis. Investigating the root causes of com-
mon problems like inconsistent data handling
and lack of process transparency, our research
aims to develop methodologies to enhance pro-
ject efficiency and success rates. By identify-
ing and strategically counteracting these chal-
lenges, we aspire to optimize resource utiliza-
tion and amplify the benefits of data-driven de-
cision-making in diverse applications.

1.2 Primary goal of the study
This study seeks to identify and address critical

issues affecting data science project success
through detailed secondary research involving

Method; Project Management; Traceability; Transparency.

academic articles, industry reports, and diverse
case studies. Besides identifying consistent
problems like inconsistency and lack of trans-
parency, the research aims to propose effective
strategies and methodologies as solutions, en-
hancing the likelihood of project success and
furthering the potential of data-driven research
and practice.

1.3  Hypothesis

Based on previous engagements in data science
projects, we hypothesize that the absence of
three elements: Consistency, Transparency, and
Traceability, substantially contributes to pro-
ject challenges.

e Consistency: Consistency refers to
maintaining uniformity in processes,
procedures, and information across the
project's lifespan. A lack of consistency
could lead to incongruities and errors,
potentially derailing the project.
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e Transparency: Transparency, on the
other hand, involves clarity and open-
ness in all stages of the project, allowing
stakeholders to understand the project's
progress and any emerging issues. With-
out transparency, problems could remain
unidentified or unaddressed, jeopardiz-
ing the project's success.

e Traceability: Traceability refers to the
ability to track the project's progress and
changes, providing crucial context for
decision-making. A lack of traceability
could obscure the causes of issues, mak-
ing them harder to resolve.

This hypothesis will guide our research and
will be validated against empirical evidence,
potentially identifying these elements as criti-
cal issues impacting data science project suc-
cess or leading us to explore alternative con-
tributing factors.

2. LITERATURE REVIEW
2.1.  Challenges in data science projects

Numerous studies illustrate various challenges
in data-based projects, predominantly focusing
on issues with consistency, traceability, and
transparency. Studies by Martinez et al. (2021),

Larson and Chang (2016), and Kiihn et al.
(2018), pinpoint common issues such as poor
stakeholder management, ineffective commu-
nication, unclear goal definitions, and inade-
quate focus on coordination and collaboration,
all adversely affecting project traceability and
data quality. Research by Weber et al. (2019),
Stoudt et al. (2021), and Schock (2018), high-
light additional problems like the lack of trace-
ability, poor data quality, and the absence of
high-quality data, impacting basic project re-
quirements and outcomes. Various other
sources, including Byrne (2017), FDFMS
(2015), and Fayyad et al. (1996), underscore
the significant impact of poor data quality,
problematic definition of success criteria, and
inadequate collaboration on the sustainability
and traceability of project results. Furthermore,
Merkelbach et al. (2022), Dietrich et al. (2015),
and Schulz et al. (2020) identified challenges
related to aligning business and IT goals, lack
of a standardized analysis environment, and in-
adequacies in documentation and method use,
respectively. Additional insights from DSPA
(2019), Domino (2018), PMI (2020), and Mi-
crosoft (2016) also discuss challenges regard-
ing goal definition, stakeholder management,
and collaboration. Table 1 shows the summary
of the problem collection from the research.

Table 1: Collection and categorization of problems in data science projects

Problems

Consistency

Traceability | Transparency Others

Unclear role distribution X

Lack of standards, rules and concrete tools X

Unclear definition of goals and metrics X

Insufficient coordination

Inadequate collaboration

Poor communication

Insufficient knowledge maintenance

Poor sustainability of project results

Lack of project documentation

Inadequate stakeholder management

e R e

Poor data quality

Inconsistent implementation of project
procedure

Although the comparison does not allow a
clear assignment of the problems to one of the
3 properties, practically all of the problems
mentioned concern at least one of them. This
shows the close connection between

consistency, traceability, and transparency, and
it becomes clear that the three properties are
decisive for the success of a data-based project.
In the following part of this paper, we will
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mainly focus on the solution of the mentioned
problems in these three areas.

Thus, the thesis stated at the beginning can be
confirmed. The proposed countermeasures
from the literature are to increase the con-
sistency of project-relevant objects within a
data-based project by defining standards and
rules. These also seem to have a positive effect
on traceability. Increased collaboration and
communication should also increase transpar-
ency and traceability. In this context, a defini-
tion of project-relevant objects leads to greater

consistency. The monitoring and assurance
serve the traceability. The communication of
the current status can be related to transpar-
ency.

2.2. Countermeasures

In analyzing solutions for data-based project
management, we categorized strategies into
four primary improvement areas: consistency,
traceability, transparency, and additional mis-
cellaneous factors, all detailed in.

Table 2: Collection and categorization of solutions to problems in data science projects

Proposed solutions

Consistency

Traceability | Transparency | Others

Development of a standardized workflow

X X

Standardization of folder structure

Standardization of processes

Standardization of the documentation procedure

Definition & monitoring of deliverables

X
X
X
X

Continuous documentation

Visualization of results

Reconciliation of goals

Consolidation of success metrics

R A R R R

Communication of results

Role definition

Increasing collaboration between project
participants

=
>

Development of a unified knowledge base

Monitoring of data sets

Monitoring of models

Knowledge management

X R R R
XL R | R

Ensuring the required data quality

Monitoring and maintenance of goals

>
>

Standards for presentation of results

Tool extensions to methods

Extension of phases by taxonomies

Definition of an analysis environment

Definition of interfaces within a data-based project

X R X )

Combination of different models for execution of
data-based projects

Solutions to augment consistency incorporate
standardized workflows, structured folders and
processes, consolidated metrics, continuous
documentation, and defined roles. Enhanced
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traceability involves standardized workflows
and documentation, continuous documenta-
tion, defined & monitored deliverables, result
visualization, and ensured data quality, among
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others. Improving transparency is achievable
through standardized workflows, structured
documentation, continuous documentation, re-
sult visualization, goal reconciliation, and in-
creased collaboration. The miscellaneous cate-
gory highlights increased project participant
collaboration and defined analysis environ-
ments as crucial solutions. While maturity
models for methods can enhance all three ar-
eas, the actual impact may depend on project-
specific implementations. Thus, while provid-
ing a foundational framework, application of
these solutions should be adapted per the dis-
tinct project requirements (Table 2).

2.3.  Research gaps

Our literature review and practice examination
in data-based projects highlight several crucial
research gaps affecting project efficiency, ef-
fectiveness, and transparency, which could
guide future research and methodology en-
hancement. A notable gap is the lack of a com-
prehensive framework that encapsulates all
components from goal definition to final eval-
uation in implementing data-based projects,
hindering project consistency and traceability.
Additionally, there is an absence of a synthe-
sized overview that demonstrates the intercon-
nectedness of various project activities and
their necessary conditions, obstructing teams
from effectively navigating project dynamics.
Also identified was a gap in defining specific
tool utilization guidelines for activity execu-
tion within projects, affecting practical imple-
mentation effectiveness and efficiency. Lastly,
the unavailability of technology- and tool-inde-
pendent methods, which restricts method ap-
plicability across various project contexts, con-
stitutes a significant research void. Addressing
these gaps could substantially advance both
theory and practice in data-based projects, en-
hancing project implementation in effective-
ness, efficiency, and transparency.

2.4.  Data science methodologies

In the rapidly evolving landscape of data sci-
ence, a multitude of methods exist for con-
ducting data-based projects. The efficacy and
applicability of these methods, however, can be
as diverse as the techniques themselves. To
systematically comprehend and dissect the dy-
namics of these varying methods, we

undertook an extensive review, seeking to
highlight the relative strengths and weaknesses
of each approach. A rigorous qualitative analy-
sis was performed on these methods, focusing
primarily on the processes adopted and the uti-
lization of specific tools and measures. The ob-
jective of this analysis was to elucidate the de-
gree of support these methods provide towards
three fundamental aspects of any data-based
project - consistency, traceability, and transpar-
ency. Interestingly, the review revealed a sig-
nificant dichotomy. Certain methods overtly
address the triad of consistency, traceability,
and transparency, outlining explicit strategies
to combat the lack thereof. In contrast, other
methods do not overtly tackle these issues, and
in-stead, their relevance and effectiveness in
dealing with these challenges seem to be im-
plicitly woven into the methodological fabric.
This paper aims to elucidate these differences
and provide a comparative perspective to better
inform the selection and application of meth-
ods for future data-driven projects. The follow-
ing is a list of the methods investigated:

e DMEPM - Data Mining Engineering
Process Model (Marban et al., 2009)

e Scr: Scrum (Schwaber & Sutherland,
2017)

e DDScr: Data-driven Scrum (DSPA,
2019)

e FMDS - Foundational Methodology
for Data Science (FDFMS, 2015)

e  GMLDSW - GitHub-ML Data Science
Workflow (Byrne, 2017)

e KDD - Knowledge Discovery in Data-
bases (Fayyad et al., 2014)

e BSPF - Business Science Problem
Framework (Dametreus, 2019)

e DASC-PM - Data Science Process
Model (Schulz et al., 2020)

e  CRISP - Cross Industry Standard Pro-
cess for Data Mining (IBM, 2011)

e cCRISP - Extended Cross Industry
Standard Process for Data Mining
(Schock, 2018)

e ASUM - Agile and Unified Method for
Data Mining (Haertel, 2021)

e RAMSYS — Rapid Collaborative Data
Mining System (Moyle & Jorge, 2001)

e DDSL - Domino Data Science Lifecy-
cle (Domino, 2018)
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e CMMLM - Comprehensive Manage-
ment of Machine Learning Models
(Weber et al., 2019)

e DAL - Data Analytics Lifecycle (Die-
trich et al., 2015)

e TDSP — Team Data Science Process
(Microsoft, 2019)

e ABIDF - Agile BI Delivery Frame-
work (Larson & Chang, 2016)

e BDMC - Big Data Management Can-
vas (Kaufmann, 2019)

e SEMMA — Sampling, Exploring, Mod-
ifying, Modeling & Assessing (SAS
Institute, 1999)

e HDSP-Harvard Data Science Process
(Byrne, 2017)

e MLOps - Machine Learning Opera-
tions (PMI, 2020)

e DSPyW - Data Science with Python
Workflow (Hathaway, 2021)

e DSRW - Data Science with R Work-
flow (Cetinkaya-Rundel et al., 2022)

e BEDSW - BinaryEdge Data Science
Workflow (Byrne, 2017)

e BDMF - Big Data Managing Frame-
work (Haertel, 2021)

e CDAW - Conceptual Data Analysis
Workflow (Stoudt et al., 2021)

e BDIAI - Big Data Ideation, Assess-
ment and Implementation (Haertel,
2021)

For the referencing of the models the abbrevi-
ations mentioned here are used from now on.

3. METHODS
3.1. Literature review process

In order to substantiate our hypothesis, we con-
ducted an exhaustive literature review. This
procedure entailed an organized exploration of
multiple databases comprising academic jour-
nals, conference articles, and germane books,
with a concentrated emphasis on literature ad-
dressing the difficulties and triumphs linked to
data science projects. We established a targeted
search strategy utilizing keywords linked to our
hypothesis such as “failure in data science pro-
jects”, “consistency”, “transparency”, “tracea-
bility” and “project management.” Our aim
was to explore a comprehensive spectrum of
perspectives, both aligning and contrasting
with our proposed hypothesis. Upon extrac-
tion, the gathered literature was meticulously
40

analyzed to pinpoint recurring themes and val-
uable insights that correlate with our hypothe-
sis. We adopted a critical stance, particularly
towards contradictory evidence or discrepan-
cies that could potentially challenge our pro-
posed understanding of the problem. This dili-
gent investigation of literature served as a cru-
cial preliminary step towards validating or re-
futing our initial hypothesis and setting the
stage for subsequent research steps.

3.2. Data collection and comparison of
approaches

Post-literature review, a wide-ranging data col-
lection on methodologies used in data science
projects, from both academic and industrial
sources, was initiated. The data collection pro-
cess adhered to the following criteria for a rig-
orous content analysis:

e Source Selection: Data was gathered from
a diverse range of academic and industrial
sources, including peer-reviewed jour-
nals, conference proceedings, industry re-
ports, and online repositories. This selec-
tion ensured a broad representation of
methodologies.

e Inclusion and Exclusion Criteria: Inclu-
sion criteria were defined to encompass
relevant methodologies used in data sci-
ence projects, while exclusion criteria
were applied to exclude unrelated or out-
dated approaches.

e Data Retrieval: Systematic keyword
searches and database queries were em-
ployed to retrieve relevant publications
and materials. These searches were per-
formed in multiple databases and sources
to minimize bias.

e Data Coding: Each methodology identi-
fied during the data collection process was
subject to qualitative evaluation. This
evaluation focused on several key aspects:

o Structure: Analyzing the overall
framework and organization of the
methodology.

o Specific Methods: Examining the
techniques and tools used within
each methodology.

o Consistency, Transparency, and
Traceability: Assessing how each
methodology addressed these criti-
cal factors.
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e Detailed Documentation: Detailed records
were maintained for each methodology,
including publication details, authors,
publication date, and a summary of its key
features.

e Thematic Analysis: A thematic analysis
approach was employed to identify recur-
ring themes and novel ideas within the
collected data. This allowed for the iden-
tification of common patterns and emerg-
ing trends.

The rigorous content analysis enabled us to
identify recurring themes and novel ideas,
providing a comprehensive perspective on var-
ied strategies and how effectively they manage
key issues identified in our hypothesis. This
systematic approach ensured that the data col-
lection process was robust, unbiased, and capa-
ble of generating valuable insights for our re-
search.

3.3. Comparison methodology

An in-depth qualitative analysis was executed
to compare collected approaches, guided by
our hypothesis and focusing on how each
method handles consistency, transparency, and
traceability. A comparative framework, built on
scholarly literature and our research objectives,
was systematically applied, enabling a critical
assessment of each approach’s merits and
drawbacks. The comparative analysis provided
insights into the strengths and weaknesses of

each methodology and played a vital role in
validating or refuting our hypothesis, high-
lighting the problematic aspects affecting data
science project success.

4. RESULTS
4.1. Comparison
4.1.1. Phases, processes and activities

Data-driven projects commonly utilize an iter-
ative approach, organized under overarching
thematic milestones. Through analysis, activi-
ties and phases from various methods have
been categorized into broad segments: Preced-
ing, Domain, Data, Development, Deploy-
ment, Subsequent, and Parallel Processes (refer
to Table 3). Preceding Processes focus on foun-
dational and definitional aspects, ensuring pro-
ject readiness. Domain Processes establish
clear project goals and align subsequent activi-
ties. Data Processes curate and clean the da-
taset, vital for ensuing transformations and out-
put accuracy. Development Processes detail the
blueprint for implementing the chosen solu-
tion, while Deployment Processes actualize the
devised solution, ensuring it fulfills established
objectives. Subsequent Processes pertain to so-
lution maintenance, ensuring its continued ef-
fectiveness, and Parallel Processes involve
concurrent, project-spanning tasks such as
monitoring and communication. These catego-
rizations enable structured conceptualization
of diverse and complex activities in data-driven
project execution.
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Table 3: Categorization of the processes of different data science methods

g £ é E E 3
£ 2 5 g z =
DMEPM X X X X X X X
ASUM X X X X X
D X X X X X
DASC-PM X X X X X
DDSL X X X X X
FMDS X X X X X
ABIDF X X X X X X
BDMC X X X X X
CMMLM X X X X X X
MLOps X X X X X X
GMLDSW X X X X
KDD X X X X
BSPF X X X X
eCRISP X X X X
BDIAI X X X X
CRISP X X X X
RAMSYS X X X X
DAL X X X X
TDSP X X X X
SEMMA X X X
HDSP X X X
CDAW X X X
BDMF X X
DSPyW X X
DSRW X X
BEDSW X X

4.1.2. Project-relevant objects

The relevance of objects in data-driven projects
is pivotal, and for the purposes of method
comparison, objects are classified into: Project-
relevant, Phase-relevant, and Time-relevant
categories. Project-relevant objects are crucial
throughout all phases, Phase-relevant objects
are significant in specific phases, and Time-rel-
evant objects have importance at particular
milestones. For example, in Preceding Pro-
cesses, key objects include rules and roles,
while in Parallel Processes, objects like project

42

goals and risks persistently support the project.
Domain Processes chiefly concern project
goals, Data Processes prioritize datasets, De-
velopment Processes hinge on models and
evaluations, Deployment Processes concen-
trate on operationalizing the model, and Subse-
quent Processes attend to the ongoing support
of the deployed solution. This categorization
and mapping underscore the interconnected na-
ture of elements in data projects, offering a nu-
anced framework for method evaluation.
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4.1.3. Tools

Data-driven projects leverage several methods
aiming for enhanced consistency, traceability,
and transparency throughout their execution.
Consistency involves standardized processes
and roles, utilizing tools and practices from
various methods like ABIDF, DMEPM, and
DAL, to ensure structured and accountable
project flow. Traceability, encompassing the
progression tracking of project tasks, employs
tools and strategies from methods such as
KDD, TDSP, and CMMLM to maintain contin-
uous documentation and monitoring. Transpar-
ency seeks clarity in processes and objectives
by using various tools and methods, including
those from TDSP, KDD, and CMMLM, to fa-
cilitate clear communication and documenta-
tion throughout the project. Collectively, tools
from these methods answer pivotal W-ques-
tions, reinforcing project methodology and fa-
cilitating its efficient and effective implemen-
tation.

4.2.  Conclusion of analysis

Navigating through the challenges of data-
based projects, particularly regarding incon-
sistent definitions, traceability, and transpar-
ency of relevant objects, demands the develop-
ment of adept methods and strategies. Analyz-
ing various approaches reveals methods that
address these challenges by modifying existing
strategies or devising new ones, all sharing a
commonality of process flow aimed at defining
relevant objects. Our findings advocate a ge-
neric procedure for managing project-relevant
objects, involving their determination,

consistent definition, clear documentation, and
transparent communication, with standards,
rules, and roles positively impacting project-
relevant objects' properties. Identifying four
generic project phases - Domain, Data, Devel-
opment, and Deployment - each with specific
activities and overarching goals, facilitates un-
derstanding project progression. Consequently,
our insights into challenges and solution strat-
egies in data-based projects lay a foundation
for evolving more efficient methods in the
field.

4.3.  Matching problems and
countermeasures

The research emphasizes the imperative of vis-
ual representations and detail variances in data-
driven project methods, contributing to user ac-
cessibility and method acceptance. Integrating
this, a generic extension needs to accommodate
method variations and offer a standard proce-
dure, ensuring universal project approach ap-
plicability. Addressing the complexity in defin-
ing relevant objects in data-driven projects and
acknowledging the need for context-specific
extensions is vital. Significance is found in me-
ticulous planning and implementing phases
and defining roles to ensure object consistency,
traceability, and transparency, contributing to
overall project success. Employing templates
and iterations optimize transparency, traceabil-
ity, and project team flexibility, while inde-
pendent milestones and checklists enhance ob-
ject quality, transparency, and traceability. Do-
main knowledge acquisition is vital, with a
backlog facilitating ongoing activity and objec-
tive maintenance.
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Table 4: Matching of problems and proposed solutions in data science projects

e
>
®
@ 3
g | g s
8 - S
g% g |2 5 )
Qo IS IS 7 IS S
S = o )] [3) Y—
S| & s |8 |8 2
2 |2 E 2 |8 é S
[s+ o =
S|8|s |8 |8 o | & é 5 2
S|2 |5 |B|B | |86 |3 |z (3]
2 | = S |5 |8 |2 8 |5 £
= %) < 5 o = = é‘ o < 2
2|2 |8l |8 |3 |=|c |8 |22
5 < = o 3 ‘= c o o < r__ts g
he} = o o S X [ G_J‘ 3 =
2] =t = — - = c
° 8 7} = o IS = = 2 L oS
228|558 2|2 |5 |8 |2
SIS|8|E|E|8|E|Z|S |82 |2
e lg |23 |82|8|23|g|e|BB|g |8
S |33l |& | |& |3 | |& |=
Visual and detailed presentation of the method X | X | X | X|X X
Standardized approach for aligning the method
. - X X X X
with the project process
Planning and implementation phase for objects X | X | X | X X | X X | X
Definition of roles X | X X
Usage of templates X X X X
Iterative procedure X | X | X | X | X|X X | X
Definition of project-independent milestones X | X | X | X|X X X
Definition of communication rules and fixed X x| x| x X X
exchanged dates
Use of customer appointments for Feedback X | X | X | X|X X X
Mamta_lnmg tasks and goals throughout x| x| x x| x| x X
the project
Definition of tasks in the backlog X | X | X | X | X|X X
Combining the backlog with generic activity xIxlIx!Ix!x!x!|x!|x x| x
areas and a folder structure
Phased data processing and model X x | x x| x| x x| x
development
Documenting and communicating
processing steps according to a X X | X | X | X X X
defined standard

The study further identifies persistent issues in
data-driven project management, including un-
clear role distribution, lack of standards, and
inefficient collaboration. Proposed counter-
measures, derived from various method studies
and compiled into a comprehensive approach,
aim to address these issues robustly and strate-
gically (Table 4). The ensuing chapter will
elaborate on a conceptual methodology that in-
tegrates best practices from varied data-driven
project methods, emphasizing clear role distri-
bution, iterative  procedures, template
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incorporation, phased data processing, and the
innovative use of a backlog. Ultimately, this
aims to significantly elevate the consistency,
traceability, and transparency throughout data-
based project implementations, providing a
structured and comprehensive solution to pre-
vailing data-management challenges.
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4.4.
4.4.1.

DW-Model
Roles

In implementing data-based projects via the
proposed method, defining roles is paramount
for maintaining project object relevance and in-
tegrity, with each role possessing specific
responsibilities. The method suggests four
roles:

e Method Master, ensuring method imple-
mentation and managing project structure
and deadlines;

e Product Owner, overseeing project back-
log and ensuring alignment with customer
needs through all project stages;

e Development Team, executing backlog
activities and documenting results; and

e Customer, providing crucial feedback for
aligning outcomes with expectations,
without being involved in execution.

000_Project

©01_Project_Approach
——002_DW_Met
——003 Goals

ect

In essence, each role plays a vital part in facil-
itating consistent, traceable, and transparent
project execution, highlighting the necessity of
distinct role definitions in data-based project
implementation.

4.4.2. Artifacts

In the proposed method for data-based project
implementation, the use of artifacts plays a
significant role in ensuring consistency and
clarity of project-relevant objects. Artifacts, in
this context, refer to the tangible outcomes or
components that contribute to the project's or-
ganization, coherence, and alignment with its
objectives. Key artifacts within this method in-
clude the folder structure and the project back-
log.

10 (j

Monitorine
Monitoring
om

~44~@96:Re+lectlom

——001_MSe
——002_Domain

——001_Domain_Know
—002 Data Definition

——003_Ms1
_Data

—e082_Data_Proc
—003 Data_Quality

—005_MS2

——006_Development
00 1_?"‘:J(jel_;lpp ro
——002 Model Sel

——>004_Docu

L—009_MS4

imentation

Figure 1: Generic folder structure for data science projects

The folder structure serves as a centralized re-
pository for storing all information, rules, and
knowledge produced throughout the project
and its various phases. (Figure 1) The primary
aim of centralizing the folder structure is to

prevent the creation of information silos in pri-
vate computer systems of project participants,
fostering a shared knowledge base. Standardiz-
ing the folder structure not only facilitates eas-
ier access to information but also enhances
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traceability for the project participants. The maintaining the repository and ensuring adher-
Method Master takes responsibility for ence to standards.
Goals Goal 1

Goal 2

Goal 3

Milestone Phase What for?  What? When? Who? Status

MSO0 Basic requirements
Project Definition
Project

Project

Definition
Definition
Definition
Project Monitoring

Project
Project

MS1 Data definition
Domain Domain Knowledge
Domain Data Definition

MS2 Complete and cleansed dataset

Data Data Collection
Data Data Processing
Data Data Quality

MS3 Developed preferrad model
Development
Development
Development
Development
Development
Development

Model Approaches
Model Selection
Model Planning
Data Transformation
Model Development
Model Evaluation

Project Approach
Project Roles
Extension
Adjustment

Deployment Deployment Planning
User Interaction
Testing
Documentation

Knowledge Transfer

Deployment
Deployment
Deployment
Deployment

Figure 2: Components of the generic backlog for data science projects

The project backlog, maintained centrally by
the Product Owner, encapsulates the project's
goals and activities (Figure 2). The backlog in-
cludes the overarching project goal, intermedi-
ate milestone goals, activity areas, and the spe-
cific tasks necessary to achieve these mile-
stones. Milestone backlogs form when activi-
ties related to a particular milestone goal are
collated. Once all activities of a milestone
backlog are completed, the corresponding
milestone is deemed achieved. The iteration
backlog, on the other hand, comprises activities
selected from the milestone backlog at the on-
set of an iteration. The three-tiered backlog
structure allows for a step-by-step refinement
of activities. Importantly, the project backlog is

directly linked to the folder structure, reinforc-
ing the consistency of project-relevant objects.
The artifacts serve as a medium to answer es-
sential project questions like 'what for,' 'what,'
'who,' 'when,' and 'where' initially, followed by
'why,' 'how,' and 'with what' during the progres-
sion of the project. Thus, the proposed
method's artifacts ensure consistent object def-
inition and provide a robust structure for pro-
ject management.

4.4.3. General procedure

Data-based project implementation is struc-
tured across Project, Phase, and Iteration lev-
els, each with specific objectives, procedures,
and deliverables.

.

v

AN .
N vm.—} By, Project
S '/
W AN
Hmﬁ,‘ Phase 1 . >rla/mw}‘ Phase 4

Llié mh;f Iteration 1 \Fmd;)ﬂrﬁw\ny \) m>}> Iteration n \w;)m }
L7 LT L7 AL

L,
i

e Ny

. . 4

Figure 3: Generic three level process for a data science project
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The Project level establishes object definitions;
the Phase level strategizes activities for
milestones; and the Iteration level focuses on
detailed planning, execution, and continuous
improvement through feedback and adjust-
ments. Methodology uses a project backlog
and centralized folder structure across all lev-
els, ensuring planning and documentation are
traceable (Figure 3).

4.4.4. Milestones

For systematic project execution, key mile-
stones are established:

e MSO0: Ensures basic requirements and
foundational preparations.

e MSI: Involves comprehensive data defi-
nition, facilitating targeted data pro-
cessing.

e MS2: Necessitates a cleansed data set for
model development.

e MS3: Requires identifying a preferred
model aligned with objectives.

e MS4: Achieved when the preferred model
is operationalized in the real production
environment.

Accomplishing these milestones ensures sys-
tematic, traceable, and transparent project out-
comes, adhering to a structured approach for
consistent implementation and monitoring.
4.4.5. Rules

Team members adhere to specified rules and
utilize templates from a central repository for
backlog activity execution and documentation.
Upon task assignment, a uniquely named

N NS \
NG N\ : . A
> Kickoff > project P
Y / Requirements 7 ™
/4 /

folder (date and activity name) is created for
saving all relevant documents and standard-
compliant documentation. Only after the
method master's approval of the folder and
documentation, tasks can be marked as
“Done”.

Throughout milestones 1 and 2, teams system-
atically organize specific objects (data sets,
models, evaluations) in designated folder
structures to ensure clarity and avoid redun-
dancy. Raw and processed data are stored in
suitably named subfolders to facilitate chrono-
logical sorting and easy identification of the
most recent data set. Strict adherence to nam-
ing conventions and storing protocols ensures
clear management and traceability of data and
models without overwriting or deleting inputs.

Meetings, organized and led by the Method
Master, ensure alignment with DW method
rules and achievement of meeting objectives.
The Product Owner inputs and modifies back-
log entries during meetings with team consen-
sus. The Method Master, while able to delegate
documentation responsibilities, ensures execu-
tion, filing, and post-meeting central folder
structure alignment adhere to specified rules.
Additionally, adherence to rules concerning
folder and documentation creation is verified
upon task completion.

4.4.6. Events

The method enforces structured events or dead-
lines with specific timings and participants,
ensuring communication and project monitor-
ing.

Project Monitoring 4

r A

Figure 4: Generic events & activities for a data science project

Figure 4 illustrates how these structured check-
points, such as “Kickoff” and ‘“Project
Foundations”, streamline communication and
transparency through defined steps like project

approach selection, role clarification, and crea-
tion of a centralized data repository.

The “Kickoff” event initiates the project, align-
ing stakeholders such as the Method Master,
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Product Owner, and Development Team. Es-
sential steps undertaken include:

e Project Approach Selection: The team,
collectively, chooses a project approach,
which also informs the creation of the pro-
ject's folder structure.

e Project Goal Definition: Stakeholders col-
laboratively define a clear project goal to
ensure uniform understanding.

e Role Clarification: Team members are as-
signed distinct roles and responsibilities
using a template.

e Data Repository and Backlog: The team
selects a centralized data storage location
and a backlog maintenance method, with
tool choice remaining flexible.

Post project approach selection, team members
acquaint themselves with the guide, and the
Method Master initiates specific tasks originat-
ing from the kickoff, including creating a
centralized folder structure to manage project
information. Key tasks before the subsequent
team meeting involve:

e Method Familiarization: The Method
Master thoroughly studies the extension
guide, understanding components and
processes.

e Centralized Repository Creation & Ac-
cess: A central repository is developed,
and access is provided to all project mem-
bers, using a predetermined tool.

e Aligning Milestones with Procedure: Inte-
gration of a generic method extension
with a specific project structure occurs,
focusing on designated hierarchy levels.
Specific phases and milestones (e.g., MS1
to MS4) are identified and mapped with
generic method’s phases and activity ar-
eas.

e Folder Structure Implementation: Folders
for each phase and milestone, aligning
with the generic structure, are created by
the Method Master.

e Activity Area Alignment: Activity areas
are mapped to specific project procedure
phases.

e Populating Folder Structure: The Method
Master fills the structure with pertinent
information, like kickoff documentation
and milestone checklists.
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e Scheduling Subsequent Steps: Following
repository completion, the Method Master
organizes the next meeting.

In the “Project Requirements” event, key
stakeholders, including the Method Master and
Product Owner, collaboratively establish and
agree on the project's requirements. Essential
steps include:

e Centralized Repository and Backlog In-
troduction: The Method Master introduces
and explains the centralized data reposi-
tory and project backlog, handing over
backlog maintenance to the Product
Owner.

e Objective Transfer to Backlog: The Prod-
uct Owner moves goals set during the
kickoff into the backlog, witnessed by all
project participants.

e Project-Relevant Object Identification:
Collectively, the team identifies and
agrees upon critical project objects from a
list, ensuring continual monitoring.

e Defining Objects in the Backlog: Project
objects are uniformly defined and entered
into the backlog by the Product Owner,
ensuring clarity and designated responsi-
bilities among team members.

e Metrics and Template Creation: Docu-
mentation templates are completed for
each object, answering all pertinent W-
questions.

e MSO0 Achievement: Upon all stakeholders
approving the MSO checklist items, plan-
ning for MS1 commences.

Subsequently, the Method Master organizes
project-relevant object subfolders and tem-
plates, ensures MSO requirements are met, and
coordinates the first phase-level deadline while
maintaining oversight of project object moni-
toring deadlines.

During periodically scheduled “Project Moni-
toring” events, key stakeholders track and ad-
just project progress. Essential steps include:

e Project Objects Overview: Initiating with
a synopsis of defined project-relevant ob-
jects.

e Status Updates: Designated individuals
present each object's status and history us-
ing monitoring templates.




European Project Management Journal, Volume 14, Issue 1, February 2024

e Risk Mitigation: The meeting addresses
identified project risks and discusses po-
tential corrective measures.

e Adding Objects: Additional objects can be
proposed and, if accepted, are added to the
Backlog and assigned monitoring metrics
and templates by the Product Owner and
Method Master, respectively.

The “Milestone Planning” event at each
phase's start aligns the Method Master, Product
Owner, and Development Team towards phase
goals through several key steps:

e Milestone Backlog Creation: Activities
and tasks necessary for the next milestone
are outlined in the backlog. Additional ac-
tivity areas identified are added by the
Product Owner and might adjust next
milestone's checklist requirements.

e Task Execution & Documentation Rules:
Method Master establishes and ensures
understanding of activity execution and
documentation standards, with the team
agreeing on a uniform task process repre-
sentation.

e Phase-Specific Standards: Particularly in
Data and Development phases, the
Method Master emphasizes data and
model maintenance principles, underlin-
ing centralized rule storage.

Post-meeting, the Method Master adds any
new activity areas to the central folder structure
and oversees subsequent milestone planning
adherence throughout the project.

The “Iteration Planning” event identifies and
agrees on tasks for the upcoming iteration,
consisting of several steps:

e [teration Backlog Creation: Tasks from
the Milestone Backlog move to the Itera-
tion Backlog, marked with the iteration
number in the "'When?' column by the
Product Owner, considering feedback and
reflections from the last iteration. Tasks
are clarified or subdivided as needed.

e Daily Exchange Setup: The team sets a
time and place for daily meetings to dis-
cuss and resolve issues throughout the it-
eration.

e Responsibility Assignment: Initial tasks
and respective project members are

assigned and noted in the backlog's "Who?'
and 'Status' columns.

No additional documentation outside the back-
log is needed. The Method Master ensures
adherence to Iteration Planning rules in subse-
quent iterations throughout the project.

The Daily Exchange is a brief meeting involv-
ing the Method Master, Product Owner, and
Development Team to synchronize on the iter-
ation's progress, tackle potential obstacles, and
agree on the day’s plan. Key steps include:

e Status Update: Team members update on
task progress. Completed tasks, comply-
ing with all rules, are marked “Done” in
the backlog.

e Task Assignment: New tasks are assigned
and updated to “In Progress” in the back-
log.

e Problem Solving: Obstacles are identified
and solutions are initiated. The Method
Master oversees adherence to the rules
throughout the iteration.

At the iteration's end, the Customer Showcase,
led by the Method Master, displays the pro-
ject's progress to the customer, aiming to gather
feedback. Vital steps involve:

e Status Update: The Product Owner details
the iteration's progress.

e Customer Feedback: Feedback, influenc-
ing the backlog or project goal, is gathered
and documented.

e Examination of Milestone Requirements:
Milestone achievement is evaluated and,
if fulfilled, planning for the next is initi-
ated.

Following the meeting, the Method Master ar-
chives the documentation and customer feed-
back in specific folders.

The Reflection meeting, post-Customer Show-
case, involves reflecting on the past iteration's
efficiency and communication. Key elements:
e Internal Reflection: The team evaluates
the past iteration, discussing and docu-
menting improvement areas.
e External Reflection: Customer communi-
cation is assessed and strategies for en-
hancement are considered.
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Subsequent to the meeting, the Method Master
archives the Reflection documentation with a
date-named file path in the central repository.

5. DISCUSSION

The development of a generic guideline aimed
to enhance consistency, traceability, and
transparency in data-centric projects, leverag-
ing insights from both practical and theoretical
findings from analyzed project-relevant ob-
jects, phases, and activities. The constructed
model blends elements of the Scrum method
and original analysis, incorporating a Backlog
and an iterative approach for phase execution,
linked with a standardized folder structure,
which facilitates a comprehensive and con-
sistent definition of project activities across all
dimensions. While its application has show-
cased the method's potential in preventing sev-
eral issues by centralizing goals and infor-
mation in the Backlog and maintaining a uni-
form understanding of tasks and milestones
among team members, the method's success
hinges on strict adherence to rules and role re-
sponsibilities. It remains adaptable in terms of
tool usage, though this flexibility might intro-
duce inconsistency and obscurity, warranting
future studies to explore potential tool stand-
ardization within the method. Overall, despite
requiring additional testing and optimization,
the method emerges as a viable framework for
augmenting consistency, traceability, and
transparency in data-based projects.

6. CONCLUSION

The research substantiated that consistency,
traceability, and transparency of pertinent ob-
jects are crucial for the triumph of data-driven
projects, with their complexity best navigated
through standardization and communication.
An amalgamation of various methods into a ge-
neric approach, derived from analyzing differ-
ent data-project strategies, augments project
success and streamlines management of pro-
ject-related objects.

While the current methodological form permits
the use of specific tools and ensures detailed
tracking and documentation through the back-
log and central storage, there are several ave-
nues for further research:
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e Real-Condition Development: Exploring
real-world conditions and their impact on
the standardization process could lead to
improved methodologies.

e Dedicated Tool Development: Investigat-
ing the creation of a dedicated software
tool to enhance standardization and auto-
mate tasks such as folder generation and
task duration calculation.

e Advanced Documentation Techniques:
Researching advanced techniques for
standardized definition and chronological
documentation of activities, potentially
enabling automated, user-controlled gen-
eration of extensive project documenta-
tion sorted by parameters like iteration
number and start date.

e Extending Applicability: Studying the po-
tential for introducing overarching mile-
stones and related requirements to extend
the method's applicability beyond data
science
projects.

This study, while offering a framework for
data-project implementation and revealing ar-
eas for further refinement and expansion, un-
derscores the vital role of continual develop-
ment and adaptation in optimizing the method's
efficiency and utility in varied project contexts.
These research directions represent opportuni-
ties to enhance the methodology further and
address specific challenges in data-driven pro-
jects.
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