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Abstract  

In today’s world, the immense amount of data generated led to the emergence of Data Science (DS) as an 
integral discipline to extract knowledge and value from data. As DS projects suffer from high failure rates, 
new approaches for DS project management need to be developed and evaluated. In this paper, the Data 
Science Lifecycle (DSLC) process model is applied in a real-world DS undertaking at a European Original 
Equipment Manufacturer to support the initiation and planning of a project concerning the product 
development process. In this course, challenges in the application of the DSLC and the project at hand are 
identified and discussed. As this study only focuses on the initial Situation Assessment activity, in the 
future, the extension of the research to the remaining project phases and the inclusion of additional cases 
are needed to generalize the findings.  
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Introduction 

The significance of data has manifested in a manner comparable to the role of oil in earlier industrial eras 
(Ransbotham et al. 2016). Combined with advanced capabilities for its utilization, data has become a 
cornerstone in various aspects of our daily lives. In this regard, Data Science (DS) aims to extract valuable 
insights from data that can be used to assist decision-makers in their strategic and operational decisions. 
Accordingly, this allows the redesign and optimization of existing processes which reveals previously 
unknown potentials. Furthermore, future market trends can be forecasted and synergies between different 
business areas or practices become visible (Medeiros et al. 2020). In conclusion, the use of DS technologies 
can positively impact operational productivity (Brynjolfsson et al. 2011; Müller et al. 2018), revenue growth 
(Troilo et al. 2016), and organizational agility (Côrte-Real et al. 2017). However, in DS project execution, 
stakeholders often face a variety of complex challenges, both technical and managerial. For instance, the 
identification of relevant data, as well as their quality and integrity, are crucial to enable reliable analyses 
and predictions. At the same time, legal aspects, such as security concepts for data storage, should not be 
ignored (Medeiros et al. 2020). Managerial hurdles include establishing new organizational structures, 
defining new roles and responsibilities related to data management and analysis, and fostering a “data-first 
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mentality” (Roy 2018) to recognize and promote the value of data-based decisions (Medeiros et al. 2020). 
Additionally, the explorative nature of DS projects due to the data focus (Das et al. 2015) aggravates setting 
adequate expectations and establishing realistic timelines (Martinez et al. 2021). Given these challenges, 
DS projects often face a considerable failure rate (VentureBeat 2019). This fact underscores the need for 
careful planning, execution, and post-analysis of DS projects to realize the desired results. Several process 
models exist for the implementation of DS projects (e.g., CRISP-DM) to support DS projects in this regard. 
Nevertheless, research suggests inherent weaknesses in these models (Kutzias et al. 2021; Martinez et al. 
2021; Saltz 2021). Based on these shortcomings, a recent study by Haertel et al. (2022) derived a Data 
Science Lifecycle (DSLC) model from best practices from existing DS methodologies. Yet, there are 
currently no evaluations and application examples for the DSLC present in the scientific literature. To 
bridge this gap, this study focuses on the practical utilization of the DSLC in a DS project at a European 
Original Equipment Manufacturer (OEM). Due to the extensive nature of the project under consideration, 
in this paper, we specifically focus on the execution and evaluation of the substage Situation Assessment, 
which is part of the Business Understanding phase within the DSLC. Consequently, the first research 
question (RQ) is addressed: 

RQ1: How can the DSLC model support the initiation and planning of a project for data-driven product 
development at a globally operating European OEM?  

As an OEM, the company is involved in the development of new products. Accordingly, the OEM aims to 
optimize this process using DS practices. The adoption of the DSLC in this project not only provides an 
initial practical application example for this process model but also offers a platform to discuss the specific 
challenges and issues that may arise during the implementation of DS projects, which is covered by the 
second RQ: 

RQ2: What challenges arise in the initiation and planning of the DS project under review? 

This RQ addresses challenges that are related to the application of the DSLC as well as general issues in the 
context of the DS undertaking. To answer the posed RQs adequately, the Case Study Research methodology 
(CSRM) of Eisenhardt (1989) will be applied in this paper and is described in the next section in conjunction 
with related work. After conveying the relevant theoretical fundamentals regarding DS and the DSLC 
model, the preparation and execution of the case study are outlined according to the adopted CSRM. 
Subsequently, the discussion of observed challenges follows and is contextualized with the literature. The 
work closes with a summary and an outlook on future research endeavors.  

Methodology and Related Work 

The CSRM is characterized by an in-depth examination of phenomena and dynamics within specific, real 
contexts or environments. It allows researchers to gain deep insights into specific situations or problems 
and use diverse data sources (Eisenhardt 1989). Typical methods that enable data collection in this context 
include interviews, analysis of archives or documents, and surveys of involved actors. The individual steps 
of the adopted CSRM by Eisenhardt (1989) are depicted in Figure 1. Getting Started refers to the definition 
of RQs to focus the efforts of the research. These were already introduced in the previous section. Selecting 
Cases is described as a crucial aspect of building theory from case studies (Eisenhardt 1989). One goal of 
this research is the application of the DSLC in real-world DS projects to assess its usefulness. While other 
authors, such as Kristoffersen et al. (2019), have already explored the application of DS process models 
(e.g., CRISP-DM) in OEMs, no comparable investigations exist for the DSLC (RQ 1). Since studies such as 
(Vicario and Coleman 2020) have demonstrated that DS can be effectively integrated into the operational 
processes of OEMs and provide benefits, the application of the DSLC in a DS project in an OEM is sensible. 
Although multiple studies have examined DS projects in OEMs, to the authors’ best belief, no studies 
currently discuss the use of DS in product development processes. Additionally, in comparison to other 
publications, the paper at hand focuses explicitly on the early project activities concerning the initiation and 
planning of the undertaking and the encountered challenges (RQ 2). Nevertheless, to strengthen the 
findings, especially for the comprehensive evaluation of the DSLC, extending the population and 
considering all DS project phases will be required in the future. Next, Crafting Instruments and Protocols 
refers to how data is collected. Primary (qualitative) data sources are interviews and observations resulting 
from the authors’ participation in the described project. For Entering the Field, sufficient induction with 
the business case and case study subject’s processes are required. This is described in the fourth section. 
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Additionally, to overlap data analysis with data collection (Eisenhardt 1989), field notes are created during 
the familiarization phase and for the interviews. As only one case is examined in this research, Analyzing 
the Data merely includes within-case analysis based on the field notes from interviews and observations 
obtained in the DS project. In Shaping Hypotheses, insights from the previous step are utilized to identify 
the challenges related to the DS project and the application of the DSLC. Furthermore, to verify the 
hypothesized relationships, these are discussed with members of the OEM, which is described in the fifth 
section. Afterward, a comparison with extant literature (Enfolding Literature) on DS case studies and 
project management challenges is performed as “an essential feature of theory building” (Eisenhardt 1989). 
The scientific body of knowledge offers some studies that discuss DS project challenges and success factors 
(Haertel et al. 2023; Martinez et al. 2021). Accordingly, assessing whether the observations from practice 
align with the theory presents a valuable contribution. The last activity, Reaching Closure, includes a stop 
in adding cases. As the study only focuses on a singular case at this point, this final step is not applied in 
this article. In the future, an extension of the population quantity and depth (i.e., more DS project stages) 
is planned to improve the generalizability of the findings.  

 

Figure 1. Applied Case Study Research methodology of Eisenhardt (1989) 

Theoretical Background 

As this work primarily deals with DS, specifically DS project management, a detailed explanation of the 
relevant terms is required. In addition to DS, related concepts will be defined. Thereafter, an insight into 
DS project management is provided. The DSLC model, which is essential for this study, will be presented. 

Data Science 

Historically, the roots of DS can be traced back to the disciplines of statistics and mathematics (Cao 2018). 
DS “comprises the use of scientific methods and techniques, to extract knowledge and value from large 
amounts of structured and/or unstructured data” (Martinez et al. 2021). DS refers to conducting data 
analysis as an empirical science, learning directly from the data itself (Chang and Grady 2019). DS is 
considered an interdisciplinary field. A typical team within a DS project consists of experts from various 
fields, including scientific fields such as mathematics, statistics, computer science, and specific domain 
knowledge relevant to where DS is conducted (Chang and Grady 2019). In addition to these capabilities, 
communication skills, natural curiosity, and good presentation skills are equally important in a DS project 
(Chang and Grady 2019). Because of the historical development and interdisciplinarity, several other 
concepts such as Data Analytics (DA) are related to DS. DA is characterized as “the theories, technologies, 
tools, and processes that enable an in-depth understanding and discovery of actionable insight into data” 
(Cao 2018) and is subdivided into descriptive, predictive, and prescriptive analyses. Data Mining (DM) is 
considered a subfield of DA and DS. Additionally, DS is closely connected to Big Data (BD) (Chang and 
Grady 2019), since traditional DM algorithms were no longer sufficient to handle the rapid increase in data 
volumes. BD systems developed for processing and handling large and complex data required new technical 
and analytical approaches to continue enabling meaningful analyses (Chang and Grady 2019). Other related 
terms to DS are, for example, information processing, exploratory data analysis, data-driven discovery, 
descriptive analytics, Knowledge Discovery in Databases (KDD), Business Intelligence (BI), or Machine 
Learning (Cao 2018). Because of conceptual similarities, various methodologies and approaches find 
application across these domains (e.g., process models). 

Data Science Project Management 

Achieving the goals in DS projects requires addressing multiple challenges that demand specialized tools, 
processes, and methods (Hesenius et al. 2019). On this note, project management describes “the application 
of knowledge, skills, tools, and techniques to project activities to meet the project requirements” (PMI 
2017). As approaches from IT project management cannot be entirely transferred to DS projects due to their 
exploratory (Das et al. 2015) and data-intensive (Saltz et al. 2017) nature, DS process models are applied to 
help perform the typical activities of DS suitably (Haertel et al. 2022; Kutzias et al. 2021). A notable example 
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is CRISP-DM but there are various other process models with different origins. In a comprehensive study, 
Martinez et al. (2021) examined a total of 19 process models for their strengths and weaknesses. Next to 
various challenges identified in DS project execution, the authors conclude the lack of integral 
methodologies for DS (Martinez et al. 2021). Consequently, based on the consolidation of best practices 
from 35 process models, the DSLC model was developed by Haertel et al. (2022). The DSLC consists of six 
broad stages (see Figure 2) and several subactivities that are detailed in an accompanying process map, 
including corresponding artifacts and functional roles.  

 

Figure 2. DSLC main phases, adapted from Haertel et al. (2022) 

The DSLC model phases are worked on iteratively, allowing for potential backward steps depending on the 
phase (Haertel et al. 2022). In Business Understanding, the Situation Assessment entails identifying 
existing and required resources, developing requirements, and documenting risks and terminology. This 
can also include suitability tests or research on previous undertakings to obtain a more detailed picture of 
possible solutions, appropriate tools, and data. For the management and a required project proposal, these 
findings are used to better estimate the expected value of the DS project and derive success criteria as well 
as DS objectives. Furthermore, the project plan is defined, along with associated milestones and tasks 
(Haertel et al. 2022). Data Collection, Exploration and Preparation primarily involves data acquisition and 
subsequent steps like initial investigations and the resulting data preparation based on the preliminary 
insights. In Analysis, suitable analytical (ML) models are developed and technically evaluated to fulfill the 
initially documented DS targets. Afterward, Evaluation assesses the models concerning business goals and 
requirements. Also considering factors such as budget and time capacities, the next steps may involve 
refined test designs or models, project discontinuation, or the Deployment phase (Haertel et al. 2022). In 
this penultimate phase, various preparatory organizational activities and tests are initially carried out to 
adequately set up the actual implementation of the analytical artifacts in the productive environment. The 
Utilization phase refers to the actual use of implemented models, including supporting, monitoring, and 
maintenance activities. If the results no longer meet the requirements, a new DS project can be initiated 
(Haertel et al. 2022). In this paper, the application of the DSLC model in practice is described, focusing on 
the Situation Assessment task. 

Case Study: Globally Operating European OEM 

For anonymity protection and due to the complexity of the company in which the study was conducted, 
detailed insights into the organizational aspects of the company are not provided. The study focuses on a 
selected organizational unit (OU) within the company. The analyzed European OEM operates globally. The 
company has branches and subsidiary organizations on various continents, which act in different 
configurations and work collaboratively or autonomously. The OU plays a central, company-wide role with 
the mission of comprehensively supporting the entire OEM and its subsidiaries. The benefits of DS have 
already been recognized within the OU. Although the OEM already has a dedicated DS department, the OU 
independently initiates and implements DS projects. Based on diverse data analyses based on the datasets 
at its disposal, the OU significantly contributes to supporting an enterprise-wide Controlling and Reporting 
Tool (CRT). The CRT archives various historical datasets essential for the conducted data analyses. BI tools, 
actively maintained and supported by the OU, are employed for optimal visualization and presentation of 
the analysis results. The OU continually strives to explore new collaboration opportunities with other 
departments within the OEM, seeking and investigating shared data sources. 
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Business Case: Product Development Process 

As an OEM, the corporation is involved in the development of new products. Manufacturing companies aim 
to conceptualize, produce, and distribute products that can thrive in the market, aiming to maximize 
corporate profits (Henning and Moeller 2011). Activities of the product development process (PDP) are 
complex and multifaceted. These include the initial development idea, technical design, or the final 
validation of the product to ensure its market viability and quality (Henning and Moeller 2011). These 
phases are embedded in an overarching process, often organized on a project basis. A characteristic feature 
of this process is the inherent uncertainty regarding technical specifications and market potential (Verworn 
2005). The PDP is impacted by time and cost pressure, as no revenue can be generated until the new product 
is introduced to the market, while development activities already incur significant costs. Hence, minimizing 
the duration of the PDP and reducing the costs incurred during this phase is crucial (Henning and Moeller 
2011). The early phases of the PDP are characterized as highly influential since decisions regarding product 
design, material selection, and process efficiency can have significant impacts on overall expenses 
(Ehrlenspiel et al. 2014). Additionally, the costs of changes increase exponentially the further the product 
advances in its lifecycle (Ehrlenspiel et al. 2014). Optimizing and properly designing the PDP, especially its 
early phases, is therefore essential for market success and competitiveness. The early phases involve 
activities that begin with the idea or conception of a new product and end with the actual initiation of 
product development (Verworn 2005). As the OEM subsidiaries sometimes operate autonomously and 
independently, the early phases of the PDP are conducted according to individual standards, processes, and 
procedures. This diversity leads to a range of challenges, including a lack of transparency, inefficient 
resource utilization, and difficulties in project management, which hinder the utilization of synergies. To 
address these issues, the OEM has taken the initiative to harmonize and standardize the PDP, specifically 
concerning its early phases, across the entire corporation. In this process, the OU plays a central role by 
both providing expertise to help integrate and standardize different processes effectively and utilizing the 
CRT to support and monitor the newly structured process. In addition, the OU aims to leverage the CRT for 
more data-driven and advanced analytical approaches to gain deeper insights into the data generated 
during the early phases of the PDP. By using these methods, the OU strives to recognize patterns, make 
forecasts, and thus promote more informed, data-driven decision-making throughout the PDP. 
Accordingly, the integration of DS practices into this process is a crucial step to make the PDP more 
efficient, forward-looking, and adaptable. Within this initiative, authors of this work are involved with 
developing a suitable concept for a data-driven PDP according to the stakeholder requirements. Hence, this 
includes not only the technical design and implementation of data analysis and visualization but also close 
collaboration with the domain users to capture expectations. 

Preparation of the Case Study 

The case study focuses on the initiation and planning of the DS project to harmonize the PDP. This 
corresponds to the Situation Assessment activity in the Business Understanding phase of the DSLC. In 
preparation for the investigations, extensive measures were taken to establish a solid foundation for the 
analysis. An in-depth understanding of internal processes, as well as the functionality and technical 
capacities of the CRT, which was intended to serve as the basis for subsequent data analyses, was worked 
out. This included the comprehension of the domain-specific language used within the corporation, as well 
as an overview of the complex organizational structures. Additionally, internal documentation within the 
corporation was examined for further insights into the early phases of the PDP. Another crucial step 
involved multiple consultations with the management of the OU. These discussions primarily focused on 
the anticipated benefits for the corporation, the methodological approach for the investigations, and the 
planned milestones in the conceptualization and implementation of data analyses. Moreover, meetings with 
the Business Analyst of the OU and the Requirements Manager of the CRT were employed to design 
interview questions to capture relevant information accurately. Based on the induction activities, a list of 
interview targets for requirements elicitation was created. This encompassed a wide range of project 
stakeholders, including domain experts and executives, to ensure a comprehensive and representative 
understanding of the project context and requirements.  
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Application of the DSLC Process Model 

The Business Understanding phase of the DSLC marks the beginning of a DS undertaking. This phase 
primarily aims to develop a profound understanding of the business requirements and goals that should be 
achieved with the deployment of DS solutions (Haertel et al. 2022). As the initial activity, Situation 
Assessment involves steps to identify required resources and requirements, as well as to capture risks. 
Possible solution approaches are also explored in this subprocess. Therefore, comprehensive interviews 
were conducted with a variety of stakeholders and users to obtain a holistic picture of the needs, 
expectations, and challenges of different user groups. These user groups can be categorized into three main 
categories, each utilizing the CRT in different ways and therefore having specific requirements. Value 
Engineers extensively use the CRT for documentation and analysis of their results (e.g., calculations for 
procurement), considering it a central instrument for their daily tasks. Based on open tasks, Lower 
Management uses the CRT to optimize team performance and resource allocation. Middle Management 
primarily needs the CRT for capturing and analyzing key performance indicators (KPIs) for the precise 
comprehensive assessment and control of their business areas. Fehler! Verweisquelle konnte nicht 
gefunden werden. displays the sequence of the conducted tasks within the Situation Assessment 
substage in this project (RQ 1). In the first step, a total of eight interviews were performed to gain a profound 
understanding of the domain matter. Some interviews took place in multiple, spaced-out sessions because 
of the high information density which required more time for thorough interview execution. Furthermore, 
the opportunity to revisit complex topics in later sessions provided significant benefits. The interview 
questions were categorized into three main groups, namely General, Workflow, and Project. General 
focuses on questions aimed at developing an understanding of the early phases of the PDP from the 
interviewee’s perspective. The Workflow category concentrates on the specific work steps in the PDP that 
the interviewee performs. Special emphasis is put on relevant data, employed tools, and necessary 
coordination processes. Finally, Project is dedicated to the assessment of the overall project. These 
questions are designed to capture the perception of the project and provide insight into the objectives and 
challenges. 

 

Figure 3. Conducted activities of Situation Assessment (RQ 1) 

After conducting interviews, initial drafts for data analyses, visualizations, and reports for the PDP were 
initiated. These mock-ups were directly based on conversations with stakeholders and the information and 
insights they provided. Thereafter, a second round of discussions with selected stakeholders was initiated. 
In these conversations, the developed solution concepts were presented, and feedback was collected. The 
intention behind this approach was to gather early impressions and reactions to the work while ensuring 
that key points and stakeholder requirements were accurately captured and understood. This iterative 
approach allowed for continuous refinement of the work, ensuring that the results met the expectations and 
needs of the stakeholders.  

Findings 

Based on the interviews, this subsection summarizes the results of the analysis of the current situation 
across the three categories of questions. For General, it became evident that each new product is considered 
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and treated as an independent project in the PDP. The roles and responsibilities of the interviewees 
naturally varied. Typical activities include evaluating products regarding their costs and technical features, 
as well as developing new ideas and approaches to create added value. In the context of collaboration, the 
finance departments and the units for technical development were particularly mentioned. These 
departments are often actively involved in the feedback process, especially in the evaluation and 
development of ideas and approaches. Furthermore, the importance of the early phases of the PDP was 
equally recognized by all respondents. For Workflow, the responses of the participants varied due to the 
different strategies across the different corporate entities. A common activity was the creation of cost 
indications, which involved estimating and evaluating the value of a component. Additionally, systematic 
comparisons with other products (benchmarks) on the market were executed to set performance standards 
and identify potential improvement opportunities or find alternative approaches, such as for material 
selection. Notably, one corporate subsidiary already established a comprehensive and standardized process 
to structure and streamline the early phases of the PDP, providing a significant competitive advantage. This 
specific company also stands out with a database where historical calculations are stored to enable future 
projects by providing reference values and forming a solid data foundation for planning and analysis. In 
contrast, discussions with stakeholders of other subsidiaries revealed that comparable systems did not exist 
for them and office administration tools are primarily utilized for controlling, documenting, and storing 
project-related data as well as for the creation of reports and result sheets. Due to the diverse structures 
and different activities within the OEM, the data required for these described processes exhibit considerable 
variety. In particular, financial data regarding components play a critical role in determining cost ceilings 
and include cost estimates from technical development, forming essential input for decision-making and 
planning. Specific data about individual components, such as required material(s), are also of great 
importance for categorization. Repeatedly, two KPIs were described as benchmarks for performance 
evaluation. The first concerns the discrepancy between the financial target and reports from technical 
development teams. A specific percentage threshold is set within which deviations between planned and 
actual costs are allowed. One goal of the early phase of the PDP is to minimize this gap. The second KPI 
relates to the penetration rate, which indicates the percentage of components of a product being subject to 
a calculation by value engineers. A specific percentage target is also defined for this KPI. During the 
discussions, critical views regarding the effectiveness of these KPIs were expressed, as they appeared to 
rather rely on the intuition of the management than on solid, data-driven analyses. In this context, the 
desire for suitable KPIs or requirements based on insights from the data was voiced. Furthermore, 
interviewees expressed the lack of a unified data repository and specialized tools leading to increased use 
of general office software products, which are not optimally aligned with the specific requirements of 
process control. Dependence on such tools requires significant manual effort, which is not only time-
consuming but also susceptible to errors. Many participants wished for more transparency in workflows 
within other departments or corporate entities to uncover potentially untapped synergies. Another 
important aspect raised is the need for increased collaboration between different departments. To achieve 
this and improve the efficiency and quality of work processes, the introduction of a unified process in the 
PDP is considered crucial to facilitate coordination and cooperation between departments and help 
overcome current challenges in data management and process control. In this context, some participants 
expressed the expectation that insights gained from analyses and evaluations of collected data could 
contribute to improving the PDP. 

For the Project-related questions, particularly emphasized challenges were the process complexity and 
diversity between various corporate entities. There was agreement that the project would be considered 
successful if it led to the establishment of a utilized and refined PDP. Such a process should be characterized 
by the unified management of data and enable efficient control of early PDP phases within the OEM and its 
entities. Furthermore, creating synergies and the need for more transparency were emphasized as essential 
goals. One participant specifically mentioned creating a corporation-wide database that includes 
calculations for all possible projects to allow precise analyses to support future undertakings. The 
realization of these goals is considered crucial to improve collaboration between OEM entities and ensure 
efficient resource utilization. Overall, these discussion points indicate a growing awareness of the 
importance of effective process design and data management within the corporation, seen as keys to future 
success in the early phase of the PDP. After the second set of interviews, sufficient information was collected 
to continue with the remaining tasks of Situation Assessment. Initial drafts of requirements and solution 
mock-ups were revisited and refined based on the feedback. Additionally, the extracted obstacles and 
challenges were documented as risks. Finally, domain-specific knowledge was captured in a glossary to 
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establish a common understanding for project members. With these activities being completed, the findings 
can be utilized to perform the definition of Business Objectives and Success Criteria, which corresponds to 
the consequent substage of Business Understanding in the DSLC. 

Discussion 

The conducted activities during Situation Assessment have revealed a series of issues that can attributed to 
challenges in the context of the DS project and problems in the application of the DSLC. These were further 
discussed with a Business Analyst (BA) and the Data Science Lead (DSL) of the OEM. The results are 
summarized in this section, corresponding to the focus of RQ 2. A comparison with the typical challenges 
in data-intensive projects according to the literature is also conducted, which refers to the Enfolding 
Literature step in the adopted CSRM. 

DSLC Implementation Challenges 

Due to the explorative nature of DS projects, the execution of the various phases and subprocesses of the 
DSLC relies on an iterative approach. This did not necessarily align with the working procedures of the OU’s 
management. A definitive schedule with start and end points was expected. Deviations due to revisiting an 
activity or returning to previous steps were not envisioned. This discrepancy led to challenges in project 
implementation. Literature suggests that establishing an adequate corporate and work culture is one of the 
central challenges in DS projects (Li et al. 2022; Nakayama et al. 2017). This specific issue appears to be a 
typical example of such adaptation hurdles. Additionally, this observation hints at the difficulty of 
establishing realistic expectations for DS in terms of timelines (Martinez et al. 2021). Here, the BA 
emphasized the importance of communication skills to raise awareness for this issue due to the explorative 
character of DS in regular consultations with stakeholders. This aspect is also mentioned in the literature 
(Chang and Grady 2019). The application of the DSLC was further complicated by a partial lack of 
willingness to follow DS-specific approaches within the OEM. Certain activities of the process, such as 
decisions about data acquisition and the design of data infrastructure, were already pre-decided by other 
groups before the learnings of Situation Assessment, indicating a low level of process maturity (Martinez et 
al. 2021). The DSL confirmed that DS process models were not utilized for such undertakings in the OEM. 
Instead, ad-hoc approaches or methods from traditional IT project management were relied on. For the 
latter, the limited applicability for DS projects was admitted because of extremely complex and detailed 
guidelines. Nevertheless, the DSL stressed that some elements of Situation Assessment were already 
executed to some capacity in previous projects. This includes iterative discussions with stakeholders to 
understand user requirements and grasp all nuances of a process next to the technical perspective, 
indicating the importance of the interdisciplinarity aspect. While the application of DSLC generally proved 
to help plan the DS project, the outlined issues need to be accounted for to maximize its effectiveness for 
supporting DS undertakings. 

General DS Project Challenges 

A fundamental challenge pertains to the complexity of the subject of investigation. Despite acquiring in-
depth insights into the OEM’s work processes, relevant topics, and terminology in the preparation, 
capturing all relevant content during Situation Assessment proved to be demanding. The workflows of the 
globally operating OEM involved a multitude of stakeholders. Furthermore, both BA and DSL outlined 
sluggish organizational structures as a reason for unnecessarily prolonged processes. DS projects are 
interdisciplinary. Consequently, understanding domain-specific knowledge is crucial in DS (Nakayama et 
al. 2017; Para et al. 2018), and multidisciplinary teams are required (Martinez et al. 2021). In conjunction 
with the large number of involved departments in the project, team management becomes a significant 
challenge. Moreover, various stakeholders responsible for providing crucial data were not integrated into 
the data analysis process, which especially constituted a challenge when each department employed 
different strategies for data collection and storage. Consequently, this increased the difficulty of adequately 
assessing and utilizing the provided data. From a technical perspective, the CRT proved to be inadequate 
for storing and, especially, analyzing large data volumes. While sufficient data for effective analyses was not 
available in the first place, the lack of corresponding interfaces to other systems of the OEM exacerbated 
the integration of further data sources. According to the literature, data access and the absence of suitable 
tools and IT infrastructure for conducting analyses are highly relevant challenges in DS projects (Leone 
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2023; Martinez et al. 2021), especially in complex corporate environments. Some but not all stakeholders 
showed little interest in providing additional data due to concerns about slowing down processes by 
capturing more data. This collaboration issue might be a sign of a missing “data-first mentality” (Roy 2018) 
due to a lack of understanding of the benefits DS offers for the PDP. This increases the danger of the project 
results not being used (Martinez et al. 2021), which equals project failure. It became clear that closer 
collaboration between stakeholders and analytics teams is necessary to improve the quality and availability 
of data to enable more effective data analyses. The discussed challenges are summarized in Table 1 and 
grouped according to the categorization of Martinez et al. (2021). 

Project Management Team Management Data & Information Management 

Complexity of project and 
organization 

Lack of collaboration between 
departments 

Insufficient infrastructure for data 
storage and analysis 

Low level of process maturity Lack of DS-supportive work culture lacking data volume, quality, and 
understanding due to non-
participation of stakeholders 

Inadequate project timeline 
expectations 

Project interdisciplinarity Absence of interfaces for data 
collection and integration 

Table 1. Encountered challenges during the initiation and planning of the DS project (RQ 2) 

Conclusion and Future Research Directions 

DS has gained significant popularity due to the potential for improvements to business performance (Müller 
et al. 2018). However, DS projects are often not successful, which indicates the need for new and revised 
approaches (e.g., process models) (Saltz and Krasteva 2022). In this paper, the recently developed DSLC 
model was demonstrated in a case study in a European OEM, following the methodology of Eisenhardt 
(1989) to allow for a systematic and reproducible procedure. The research specifically addressed how the 
DSLC’s Situation Assessment activity can be conducted to support the initiation and planning of a DS 
project (RQ 1). Furthermore, encountered challenges in the project and the application of the DSLC were 
discussed and contextualized (RQ 2). The observed obstacles in project, team, and data and information 
management need to be addressed in the further course of the undertaking to enable a successful outcome. 
Accordingly, this study is subject to limitations. Since only a specific project phase was investigated in this 
article, further research is needed to review the application of the remaining DSLC guidelines. Moreover, 
extending the case population to organizations with different characteristics (e.g., size, industry sector, 
specific conditions) is required to allow for cross-case analysis (Eisenhardt 1989), enhance the 
generalizability of statements concerning the usefulness of the DSLC model, and assess the transferability 
and impact of the findings to DS projects in other firms. In the future, these lessons learned will enable 
focused revisions of the DSLC model. Finally, while the identified DS project challenges aligned with the 
literature, adding further cases is necessary to also achieve confirmation in this regard and derive 
suggestions and success factors to overcome the commonly observed obstacles in DS undertakings.  
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