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Abstract
Uncertainty becomes the new normal for organizations worldwide. Many organizations are dependent on complex global 
supply chains. COVID-19, but also environmental disasters or the war in Ukraine, demonstrate the volatility of supply chains. 
Procurement departments are the central interface between internal and external stakeholders and must manage the supply 
chain stability what requires fast and accurate decision-making. External shocks and sudden disruptions of central supply 
chains illustrated that data analytics could not prevent disruptions, although sound research on competitive advantages and 
numerous investments should have enabled organizations to data-driven decision-making. Rather, it became transparent, that 
there are numerous data deficits in organizations. We did an interview-based study with 23 procurement and supply chain 
experts about relevant data sets and the status of its usability. We contribute to theory and practice by uncovering relevant 
aspects of data and provide theoretical propositions on how decision-making can be improved in automotive procurement 
departments.

Keywords Data analytics · Decision-making · Procurement departments · Supply chain · Automotive manufacturers · 
External shocks

1 Introduction

“With uncertainty becoming the new norm for businesses, 
all supply chains are susceptible to disruptions” (Ambulkar 
et al., 2015). The outbreak of COVID-19 pandemic as a 
starting point of long-lasting crises, following limited pro-
ductions due to the global semiconductor shortage or the 
current war in Ukraine are a selection of external shocks 
for automotive manufacturers and illustrate the frequency 
in recent years. Such crises also illustrate the vulnerabil-
ity of supply chains and related businesses on the other, 

especially within the automotive industry (Ahuja & Ngai, 
2019; Gölgeci et al., 2023; Klee et al., 2023). For procure-
ment departments, such shocks changed entire norms and 
ways of working (Bag et al., 2023). Therefore, supply chain 
resilience and necessary mechanisms for dealing with uncer-
tainty are essential for organizations (Sengupta et al., 2022).

Procurement departments can be seen as the central link 
between internal and external stakeholders and, thus, as the 
responsible department for the entire supply chain (Pellen-
gahr et al., 2016). Sudden and completely unprepared exter-
nal shocks like the outbreak of COVID-19 demonstrated that 
quick but high-quality decisions are necessary. Therefore, 
procurement leaders are under pressure and must deal with 
uncertainties in their decision-making processes (Hallikas 
et al., 2021). Managers can make the best decisions when 
they are equipped with valuable data (Davenport, 2006). In 
today’s world, there is an infinite amount of data that can be 
analyzed and that can lead to important new insights (Bethaz 
& Cerquitelli, 2021). Several research findings show the cor-
relation between efficient data management and competitive 
advantages in organizations (Chen et al., 2012; Huang et al., 
2020; Olszak & Zurada, 2019; Someh et al., 2023; Popovič 

 * Sven Klee 
 sven.klee@wi-kassel.de

 Andreas Janson 
 andreas.janson@unisg.ch

1 Information Systems, University of Kassel, Pfannkuchstraße 
1, 34121 Kassel, Germany

2 Institute of Information Management, University 
of St. Gallen, Müller-Friedberg-Straße 8, St. Gallen 9000, 
Switzerland

http://orcid.org/0000-0002-6477-2101
http://orcid.org/0000-0003-3149-0340
http://crossmark.crossref.org/dialog/?doi=10.1007/s10796-023-10444-z&domain=pdf


 Information Systems Frontiers

1 3

et al., 2018) or improved organizational ambidexterity for 
environmental sustainability (Shi et al., 2023). Procurement 
departments are often overwhelmed because necessary data 
sets are not properly exploited and usable or even missing 
(Li & Liu, 2019). As a result, such data sets lose their poten-
tial to support decision-making (Moretto et al., 2017). Data 
acquisition, data fusion and data-driven decision-making are 
generally challenging in the environment of complex sup-
ply chains (Han et al., 2021). Based on this, procurement 
departments need to think about necessary data sets and how 
they can be brought into the organization in creative ways 
(Hallikas et al., 2021). As an initial step, there must be an 
awareness of which data is relevant for specific decisions 
and then ways must be found to make these data sets usable. 
In general, two types of data sources can be distinguished. 
On the one hand the internal sources, like information sys-
tems, which procurement departments use, on the other hand 
external sources in the form of supply chain data, economic 
data or other public data, which are helpful for the purposes 
of procurement departments (Messina et al., 2020).

Our research builds on this by conducting an interview-
based study with procurement experts about necessary data 
sets for decision-making in procurement departments and 
about the current usability of these data sets according to 
their experiences from ongoing projects or other activities 
in the field of data analytics. With the help of 23 interviews 
in 20 organizations, we want to analyze the current state in 
organizations and, thus, aim to use the expert knowledge 
for uncovering relevant aspects about necessary data sets 
in procurement departments. Furthermore, we want to set 
a focus on data usability by evaluating what data sets are 
already available in procurement departments, what data sets 
are probably available but not usable in an expedient man-
ner and what data sets are still completely missing. In this 
context, we also deal with the necessary technical aspects 
that the interview experts told us based on their experience. 
The experts are procurement leaders from the automotive 
manufacturers, experienced consultants from projects in 
the procurement area with a focus on data analytics, busi-
ness intelligence or related fields, as well as experts from 
software and data companies. Based on their experiences 
and knowledge, we address the following research question 
(RQ):

RQ: Which data sets are relevant for decision-making in 
automotive procurement departments and what is the sta-
tus regarding the usability of these data sets?

For addressing this RQ, we start with a theoretical back-
ground for considering important concepts and evaluating 
related work. Building on this, we describe the conduction of 
our interview-based study by presenting detailed information 
about the interviewed experts, the interviewing process and 

related analysis of our findings. A discussion of these find-
ings includes an overview about relevant procurement data 
sets and a related classification of the usability of these data 
sets in three levels, as well as relevant insights on technical 
aspects as a prerequisite for the use of data. Finally, we pre-
sent recommendations for action on how decision-making 
in automotive procurement departments can be improved 
with relevant data sets and the current status of usability. 
From a practical perspective, we aim to support procurement 
leaders and their departments in real situations, especially 
with regard to current and future crises. From a theoreti-
cal perspective, we want to use existing research findings 
and complement them with a look at the practical world of 
procurement.

2  Theoretical Background

2.1  Data as a Starting Point for Decision‑Making

Data and information are essential for organizations and, 
therefore, part of all daily operations (Redman, 2008). A 
huge amount of heterogeneous data is continuously gener-
ated by humans and machines (Chiusano et al., 2021). The 
size of global digital data is doubling every year and is esti-
mated to reach 175 zettabytes in 2025 (Reinzel et al., 2018). 
Success in the use of data depends on the quality of the 
input data (Bellatreche et al., 2022). There are numerous 
ways for defining these input data sets and their character-
istics. Due to the diverse and ubiquitous amounts and types 
of data, appropriate data management is required (Darmont 
et al., 2022). In very general terms, data can be structured, 
semi-structured or unstructured (Kassner et al., 2015; Zren-
ner et al., 2017; Phillips-Wren et al., 2015). Building up 
on this, there are different aggregation forms like resource, 
database, record or item (Zrenner et al., 2017). Furthermore, 
data can be characterized according to their business use 
and have characteristics such as master data, transactional 
data or interactional data (Hannila et al., 2022). Based on 
this, an important property of data in organizations is the 
currency of data, for example with characteristics such 
as forecast, up-to-date or outdated (Zrenner et al., 2017). 
Complementary to this, data sources can vary widely. For 
example, relevant data can originate from internal systems, 
documents, web logs, social networks, sensors or machines 
(Zakir et al., 2015; Phillips-Wren et al., 2015). Such sources 
can be internal, external closed or external open, which is 
another way of data differentiation (Zrenner et al., 2017). A 
very different approach for characterizing data can also be 
a social approach. Data can be generated by an active infor-
mation search, social transactions, information diffusion, 
social interaction or completely non-deliberate (Blazquez 
& Domenech, 2018).
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2.2  Relevant Technical Aspects of Data 
for Decision‑Making

If organizations want to make important, high-impact 
decisions based on data, there must be a focus on technical 
aspects, regardless of all the research approaches already 
discussed. Furthermore, the success strongly depends on 
the quality of input data and on the consideration of non-
functional properties related to legal, ethical or economical 
aspects (Bellatreche et al., 2022). In this context, data 
modeling is highly relevant because it creates the basis 
for quality and trust. The success of data analytics depends 
not only on the handling of data itself, but also on the 
capabilities of organizations to design models for data 
analysis (Bellatreche et al., 2022). These data modeling 
skills are also paramount in topics such as artificial 
intelligence and machine learning, which are playing an 
increasingly important role in how organizations deal with 
data (Luckow et al., 2018). Data models in this context 
must be trainable, but also explainable for user acceptance 
and, most importantly, they must be reusable in dynamic 
data environments (Luckow et al., 2018). Huge amounts of 
data are produced, especially in manufacturing processes 
in the automotive industry, which can be used to, among 
other things, reduce warranty costs or increase customer 
satisfaction. Due to the volume of data, however, this also 
requires effective and automatic detection of meaningful 
information and associated data models (Leitner et al., 
2014). Furthermore, sensor data from vehicles in the 
automotive industry represents massive potential from a 
data perspective. At this point, however, we are talking 
about petabytes of data, which illustrates the need for 
powerful data models and frameworks (Johanson et al., 
2014). In addition to all the necessary skills and aspects 
required for the successful use of data, attention must 
also be paid to aspects that transport all data analysis 
into a legal and trustworthy framework. Thus, there is 
a necessity for privacy-enhancing technologies (PET) 
(Dickhaut et al., 2023; Garrido et al., 2022). With the 
European General Data Protection Regulation (GDPR) 
or the Consumer Privacy Act, official legal frameworks 
have already been created to ensure privacy, security, 
trust, and regulatory compliance (Garrido et al., 2022). 
These examples can only provide a small glimpse 
into the challenges of successfully handling data and 
resulting data-driven decision making. In a competitive 
environment, the automotive industry in particular must 
be responsive to changing customer wishes, market trends, 
and sustainability challenges (Johanson et al., 2014). In 
the following section, a focus is placed on the automotive 
supply chain and procurement area. However, the 
technical aspects discussed in this section are an important 
component of all subsequent sections.

2.3  Data Analytics in Procurement and Supply 
Chain Contexts

Data analytics is a set of techniques focusing on valuable 
and actionable insights to make smart decisions based on 
a large amount of data (Duan & Da Xu, 2021). Regardless 
of how different input data are characterized, what sources 
they come from, and how available they are, the reality 
in organizations often shows massive problems with data 
sets by using data analytics. Problems arise due to incon-
sistencies, format problems, missing definitions or even 
completely missing data sets (Hannila et al., 2022). For the 
purpose of our research, it is necessary to evaluate the most 
important data sets and its usability in the field of procure-
ment. Several approaches focus on decision-making and 
managing uncertainty in organizations by focusing on data-
driven approaches and technologies. For example, machine 
learning has the potential to help procurement departments 
manage supply chain risk by providing data-driven deci-
sion support based on algorithms (Baryannis et al., 2019). 
However, future research must ensure, that there are more 
extensive data sets that can be used for analysis (Baryannis 
et al., 2019). Numerous authors have explored potentials of 
big data and data analytics in general for mitigating risks 
and dealing with uncertainty in procurement departments or, 
more superordinate, in the entire supply chain (Vieira et al., 
2019; Moretto et al., 2017; Hallikas et al., 2021). In this con-
text, data analytics in general can also be seen as a collective 
term for statistical evaluations, simulations or data-based 
optimization models (Brintrup et al., 2020). Again, there is 
an important focus on historical data in order to be able to 
apply data analytics techniques of all kinds (Brintrup et al., 
2020). In addition to data analytics, big data approaches, 
or the use of artificial intelligence in the procurement or 
supply chain context, there are other approaches that focus 
on the potentials offered by data. For example, second-
ary data can help to improve decision-making in procure-
ment departments or in the entire supply chain context if 
it is available in a structured and usable form (Ellram & 
Tate, 2016). Secondary data can come from sources such 
as existing literature, census data, government information, 
financial data, organizational reports, or records, and are 
therefore data that have been produced by others (Lind et al., 
2012). Another approach pursues a targeted distribution of 
information among actors in the supply chain (Cui & Idota, 
2018). With the help of blockchain technology, goods are 
tracked, supply chain actors are kept up to date, and all rel-
evant information is shared in real time (Cui & Idota, 2018). 
At this point, it can be stated, that the outlined approaches 
can only cover a fraction of what has been studied in detail 
in previous research approaches. It is also not the goal of 
our research to develop a fully comprehensive overview of 
data-driven approaches in the procurement and supply chain 
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context. Rather, we want to use the examples to illustrate 
that data itself is the necessary prerequisite for any of these 
approaches to work. However, what initially sounds self-
evident and almost self-explanatory is not common prac-
tice in organizations. In many organizations, projects for 
implementing data analytics fail because data is missing, 
or the quality of existing data is not sufficient to work with 
it (Handfield et al., 2019). Therefore, our research approach 
focuses on the relevant data in the procurement environ-
ment. With the help of expert interviews, we extracted rel-
evant data that is either already being used in the respec-
tive organizations or that needs to be procured in order to 
improve decision-making. Many insights came from crises 
triggered by the COVID-19 outbreak. When supply chains 
suddenly broke down and decision-makers in procurement 
departments realized that massive deficits regarding neces-
sary data had been uncovered. Thus, on the one hand, we use 
the already existing research approaches for the formulation 
of targeted questions to the experts and, on the other hand, 
we support these research approaches with our study by 

uncovering relevant data and their usability. Table 1 presents 
existing research approaches and categorizes our approach.

3  Method

3.1  Research Framework and Setting

Based on our central research question, we use three input 
factors. First, previous research findings in the fields of data 
and data structures are relevant for a sound understanding 
of how to classify relevant data in procurement depart-
ments. Building on this, we used previous research in the 
area of data analytics for decision-making in procurement 
departments to review which approaches have already been 
developed by authors. The previous knowledge also served 
as a basis for the development of our interview study. The 
results of the interviews represent the central element of our 
research. For the analysis of the interview results, we fol-
lowed the procedure of Gioia et al. (2013) which was used 

Table 1  Selection of previous research findings and classification of our approach

Exemplary research approaches: Data as a starting point for decision-making
  Hannila et al. (2022) Approach of analyzing company data assets for improving data-driven 

decision-making
  Kassner et al. (2015) Product Life Cycle Analytics Approach with focus on structured and 

unstructured data
  Phillips-Wren et al. (2015) Big data analytics framework including the necessary process and 

related components
  Zakir et al. (2015) Big data analytics systems to predict volumes and actions for better 

decision-making
  Zrenner et al. (2017) Data source taxonomy for creating an end-to-end visibility of data

Exemplary research approaches: Relevant technical aspects of data for decision-making
  Bellatreche et al. (2022) Data repositories and data models as an important success factor for 

data value
  Garrido et al. (2022) Privacy-enhancing technologies (PETs) and relating automotive use 

cases
  Johanson et al. (2014) Knowledge-driven product development with the help of vehicle data
  Leitner et al. (2014) Data mining for enhancing quality management in automotive manu-

facturing
  Luckow et al. (2018) Evaluation of deep learning techniques in automotive manufacturing 

domain
Exemplary research approaches: Data analytics in procurement and supply chains contexts
  Baryannis et al. (2019) Approach of using machine learning for predicting supply chain risks 

on real case
  Brintrup et al. (2020) Approach of using data analytics for predicting supplier disruptions
  Cui and Idota (2018) Approach of reconfiguring supply chains with the help of blockchains
  Ellram and Tate (2016) Analysis of secondary data and its potentials for decision-making
  Handfield et al. (2019) Investigation of analytics landscape in the field of procurement
  Vieira et al. (2019) Big data approach for real-time supply chains by simulating scenarios

Classification of our research in the current research priorities
Identifying relevant data sets and its usability for supporting decision-making in procurement departments by building on previous research 

approaches on classifying data and on data analytics in the fields of procurement or supply chains
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for the successive analysis and processing of our qualitative 
data. For this purpose, we first worked with an open coding 
scheme to extract and categorize all relevant data mentioned 
by the experts. The results will be explained in detail in the 
next section. These results serve as a basis to derive proposi-
tions for future research as well as practical application in 
organizations. Figure 1 demonstrates our research frame-
work and the individual elements from the central research 
question to the planned output.

3.2  Data Collection

External shocks like the COVID-19 outbreak or the war 
in Ukraine disrupted numerous supply chains and many 
organizations had to make important decisions while strug-
gling with massive uncertainty. At the outset of our paper, 
we explained the particular challenges faced by automotive 
manufacturers and the role of their procurement depart-
ments, especially impacts of external shocks and further 
crises (Bag et al., 2023; Gölgeci et al., 2023). Therefore, the 
data deficits brought to light by such external shocks and 
other crises were an important part of our expert interviews. 
Our interview questions addressed different areas of focus, 
which can be categorized as follows:

– Person, role and tasks in the organization.
– Relevant data in procurement departments. 
– Data availability and data quality in procurement depart-

ments.
– Optimization of data availability and data quality in pro-

curement departments. 
– Relevant data competencies in procurement departments.

Above all, the relevant data in procurement departments 
and related availability or usability were of primary inter-
est for this research. In this context, the experts also talked 
about the technical challenges at many points in the inter-
views. Our interviewees are experts in the fields of data 
analytics and business intelligence and also have experi-
ence in the procurement context or in a more general supply 
chain context. We used contacts from past or ongoing data 
analytics projects to conducted 23 interviews from 20 dif-
ferent companies. 45% of the companies have more than 
100,000 employees, 25% have between 1,000 and 10,000, 
and 30% have less than 1,000 employees. The interviewed 
experts work for three different automotive manufacturers, 
for engineering and technology companies, for consulting 
companies or for software companies and data experts. 
We were therefore able to assemble a very broad field of 
expertise. Some of our experts have a technical background, 
others are in higher management levels of the consulting 
companies or executives in their companies, so that numer-
ous facets of experience are covered as well. 35% of our 
experts have more than 10 years of professional experience, 
74% more than 7 years. This ensures that the experts have 
profound experience that was valuable for the interviews. 
Table 2 presents the interview data in detail. Furthermore, 
we present information of our conducted interviews, for 
example interview durations or interview format. Thus, the 
interviews were mostly conducted online with the help of 
suitable software. In some cases, however, we were also able 
to conduct the interviews on site.

For the preparation of the interviews, we sent out an inter-
view guide in advance. This guide contained the context of 
the interviews and the planned questions. These were asked 

Fig. 1  Research framework
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successively in the interviews, always in the same order. 
However, we did not interrupt any discussions that arose, 
so that all aspects of content could be included. All inter-
views were conducted in German, as German was the native 
language of all experts. All questions were open-ended and 
based on findings from previous research, as explained in 
Section 2. We used the findings according to Schultze and 
Avital (2011) for creating our questions. At the end, we 
gave the opportunity to mention any other points that were 
not part of the initial questions, so there was a possibility 
to share further aspects and experiences. This opportunity 
was used by some experts, which led to further insights. 
All interviews were recorded with the consent of the inter-
viewees and subsequently transcribed for final analysis of 
the results.

4  Discussion of Research Findings

As already mentioned before, the conducted expert inter-
views were the central input for our research. We analyzed 
all the details mentioned by the experts and structured the 
data. We also used the method of Gioia et al. (2013) by 
developing 1st order concepts, then 2nd order concepts, 

and finally aggregated dimensions that reflect the themes 
and phenomena mentioned in the interviews. To achieve 
theoretical and practical saturation according to Glaser and 
Strauss (1967), we worked with open coding what led to 
increasingly aggregated dimensions for all relevant items. As 
a result, we determine three aggregated dimensions on basis 
of the expert statements, which represent the basis for our 
remarks, while they address the data-relevant core problems 
of automotive procurement departments. Figure 2 represents 
our results by illustrating our procedure and the connections 
between the steps. In the following subsections, we describe 
in detail the results by explaining the specifics and provid-
ing insights into the findings from the expert interviews. At 
the end of this section, we present theoretical propositions 
for improving decision-making and the application of our 
results in automotive procurement departments.

4.1  Relevant Procurement Data 
for Decision‑Making

The first aggregate dimension of our qualitative analysis 
concerns the relevant data in procurement departments. The 
interviewed experts emphasized the importance of relevant 
data for qualitative decision-making, while clarifying that 

Table 2  Interviewee data

ID Job Title/Position Company Employees Experience (in Years) Duration

1 Head of data platforms and solutions IT consulting 1 < 5,000 > 15 29:24a

2 Senior data analyst controlling Automotive manufacturer 1 < 50,000 > 10 31:21a

3 Data application manager Automotive manufacturer 1 < 50,000 > 7 30:41a

4 Senior data management architect Automotive manufacturer 1 < 50,000 > 5 35:03a

5 Senior expert data analytics Automotive manufacturer 2 > 100,000 > 7 28:57b

6 Head of data analytics procurement Automotive manufacturer 2 > 100,000 > 7 39:24 b

7 Senior project manager analytics Automotive manufacturer 3 < 100,000 > 5 44:14 b

8 Senior manager data strategy Strategy consulting 1 < 25,000 > 7 45:12a

9 Manager business intelligence IT consulting 2 < 1,000 > 10 32:35a

10 Partner data analytics Strategy consulting 2 < 50,000 > 7 34:09b

11 Senior data analyst procurement Software corporation > 100,000 > 10 32:04a

12 Project manager data analytics Engineering/technology 1 > 100,000 > 10 30:32b

13 Manager data strategy Auditing/strategy consulting 1 > 100,000 > 5 37:02b

14 Team lead data strategy Data platform supplier < 1,000 > 3 28:33b

15 Key account Data software supplier 1 < 1,000 > 7 28:44b

16 Senior manager analytics Strategy consulting 3 > 100,000 > 7 38:56b

17 Lead developer automotive Data software supplier 2 < 1,000 > 5 29:11b

18 Manager analytics Strategy consulting 4 < 1,000 > 5 35:04b

19 Senior manager business intelligence Auditing/strategy consulting 2 > 100,000 > 7 29:38b

20 Senior data scientist Engineering/technology 2 > 100,000 > 7 34:55 b

21 Manager data strategy automotive IT consulting 3 < 1,000 > 15 36:14 b

22 Lead data scientist Engineering/technology 3 > 100,000 > 10 27:55 b

23 Associate partner business intelligence Auditing/strategy consulting 3 > 100,000 > 10 36:17 b
aInterview was conducted on site bInterview was conducted online
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the management of data has not been the focus in procure-
ment departments in recent decades. Several times, we got 
the feedback that data needs to be considered much more 
as an object of value. So, there seems to be a clear aware-
ness of the relevance of data. In this context, it was also 
emphasized several times that the COVID-19 outbreak or 
the war in Ukraine were accelerators for this perception. 
For example, supply chains broke down very suddenly, but 
there was a lack of transparency about procurement-relevant 
data at many points in the decision-making processes. Above 
all, transparency about the parts and their components was 
a major deficit:

“In the future, procurement departments will have to 
deal even more with data on components. Which com-
ponents are installed in the final parts, where do they 
come from, should they remain the responsibility of 
the 1st tier suppliers or do they want to exert more 
influence themselves? In other words, technical data 
in order to be more capable of acting in the event of 
crises or sustainability issues.” (Interview ID2, Senior 
data analyst controlling, Automotive manufacturer 1).

Furthermore, internal supplier cost data was the most 
frequently mentioned relevant data from the experts’ point 
of view. Numerous data sets were named, which must be 
consulted in procurement departments for decision-making 
processes. Delivery cost data, strategic cooperation data 
or tools and equipment data are only a selection. Above 
all, the non-transparent delivery stages were a frequently 
discussed topic in the interviews. In many cases, it was 
not possible to analyze which sub-components were 
affected by the supply disruptions, because the automotive 

manufacturers could only evaluate who the direct suppliers 
of their parts were. Many further supply stages of 2nd tier 
or 3rd tier suppliers are not stored in the systems and, thus, 
supply chains broke off very suddenly. As can be seen in 
the quote, this also reveals a strategic component. Auto-
motive manufacturers must decide for themselves how 
transparent they want to make their supply chains. The 
possibility of leaving the subsequent supply chain stages 
to the 1st tier suppliers is also mentioned, but this presup-
poses that their own actions in crisis situations depend 
on these suppliers. Other data requirements related to the 
use of tools and equipment by suppliers for independent 
aftermarket productions. Such tools and equipment often 
belong to automotive manufacturers and are made avail-
able to suppliers. According to the experts, it is often not 
clear what output quantities suppliers have for the legally 
mandatory independent aftermarkets. Tools and equipment 
are a large value item and in the responsibility of procure-
ment departments. Other supplier data, such as sustainabil-
ity or corporate social responsibility data, is also becom-
ing increasingly important for procurement departments, 
as they are responsible for supply chains, according to the 
experts. They need to focus on the sustainability footprint 
as well as on aspects of working conditions in the produc-
tion plants of their own suppliers.

In addition to internal supplier data, experts emphasize 
a focus on external data if procurement departments want 
to optimize their decision-making for future challenges, as 
the past external shocks demonstrated. In this context, com-
pletely new data sets, that have not yet been evaluated and 
analyzed in its entirety in many procurement departments, 
are essential for decision-making:

Fig. 2  Research findings according to methodology of Gioia et al. (2013)
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“Rather, completely new data will become important if 
a procurement department wants to become or remain 
effective. Thus, market data become important. For 
example, new competitors or new technologies as new 
reference line. Again and again, new innovative com-
petitors enter the market. Often with completely new 
production processes. In the coming decades, many 
innovations in cars will also come from suppliers. 
Procurement departments must know such things, in 
the best case before all other competitors. It requires 
a permanent strategic market screening.” (Interview 
ID23, Associate partner business intelligence, Audit-
ing/strategy consulting 3).

Thus, the importance of market data was emphasized in 
the interviews. Data on competitors or new technologies 
illustrate the focus on movements in the market, which in 
the best case, can be positive drivers and in the worst case 
can threaten the existence of the organizations. At this point, 
the relevance of suppliers for important innovations was also 
emphasized. In the automotive industry in particular, many 
innovations for competitive advantages are created hand in 
hand with suppliers, what further illustrates the need for 
such market data analyses. Many experts see procurement 
departments in the management function here, as they are 
the direct link to suppliers, as Pellengahr et al. (2016) point 
out. Certainly, such market analysis can also be conducted 
by other institutions in organizations. The experts name the 
close cooperation of procurement departments and thereby 
intensive relationships to suppliers. Thus, procurement 
departments can transfer innovations into the organiza-
tion. Subsequent technical evaluations must be conducted 
together with development departments, however, procure-
ment departments can be the input channel due to their role, 
as experts pointed out.

In addition to suppliers as central partners for procure-
ment departments, the experts also named other players 
within supply chains who have great strategic value and must 
therefore be in focus when it comes to relevant data:

“Supply chain data is necessary. There are many more 
players in the supply chain than suppliers. Transport-
ers, customs stations, intermediate warehouses, ports 
of all kinds, for example ship and air. Many stake-
holders are involved, but experience has shown that 
not much data can be evaluated. Data on the loca-
tions of the goods or data on customs clearance for 
example. Core activities at this point: optimization of 
supply chains. If damage occurs, there are questions 
like: where did it happen, on the truck, or ship, in the 
interim storage facility? Not to forget borders. There 
are so many data bottlenecks within supply chains.” 
(Interview ID18, Manager analytics, Strategy consult-
ing 4).

In this context, the experts were primarily concerned with 
the route taken by parts and components from various pro-
duction facilities around the world to the automotive manu-
facturers and their just-in-time or just-in-sequence produc-
tion operations. In very few cases is it possible to sustainably 
collect data such as exact locations and associated delays, 
damages or other issues and evaluate them for optimization 
purposes. The responsibility often lies with partners such as 
transport service providers or other stakeholders and, thus, 
also the sovereignty of the relevant data from a procurement 
perspective. As the number of bottlenecks increases, so do 
the risks. As previously discussed with regard to data on 
parts and components, the other stakeholders in the supply 
chains must also come into focus if procurement depart-
ments want to optimize their data situation for their decision-
making. The topic of risks is also the segue to other rel-
evant data for procurement departments, which the experts 
emphasized very frequently and illustrated with numerous 
examples:

“Then, of course, risk data […]. Many OEMs are now 
in projects with service providers who can provide 
data. COVID-19, semiconductors and further crises 
have massively accelerated the need. However, there 
is still a lot to be done in the future, because the major 
added value will only come when the risk data can be 
directly incorporated into the company’s own systems. 
So, getting the information that supplier 1 is currently 
in the middle of a flood disaster still says nothing about 
which parts are affected.” (Interview ID21, Manager 
data strategy automotive, IT consulting 3).

Among other things, the experts named risks on suppli-
ers, economic risk data, cyber security risks and compliance 
risks. In connection with this, a problem with externally 
purchased risk data has been described several times. There 
are numerous providers of software solutions for risk data 
that offer similar functionalities. Automotive manufactur-
ers enter their own suppliers and the providers collect risk 
data on these suppliers and make it available in processed 
form. However, the information content from this is only 
low for automotive manufacturers, as no further and detailed 
analyses can be created from the pure information if this 
external data is not linked to the internal organizational data. 
A memorable example was given in the quote above. The 
information that a supplier is affected by a flood disaster and, 
thus, the supply chain is interrupted is important and good. 
The main added value would come from ad hoc information 
about which specific parts and components are affected and 
how they could possibly be replaced. To do this, however, 
the external risk data on suppliers would have to be linked 
to the internal system data, which is usually not the case 
because this step is highly complex. Two of our interviewees 
(interview ID15 and ID17) were experts from such service 
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providers. They confirmed the problem to us and referred 
to ongoing projects to establish such systemic connections. 
However, due to the very heterogeneous system architectures 
of their customers, there can never be a standard functional-
ity for this.

For all the new perspectives that procurement depart-
ments need to adopt from a data perspective in order to 
optimize their decision-making, the experts also emphasized 
very clearly that the focused data in the past will continue to 
play an important role in the future:

“Today, we are very operationally positioned in pro-
curement departments. We pay attention to important 
deadlines, budgets, performance targets and, rather 
with secondary focus, on issues of the future […]. 
It becomes clear where the focus is and this focus 
will always be part of procurement departments and, 
therefore, will always remain important.” (Interview 
ID6, Head of data analytics procurement, Automotive 
manufacturer 2).

Spend data, demand data and governance data were men-
tioned as examples that have always been in the focus of 
procurement departments and will continue to be important. 
The experts confirmed very good data quality, as a great deal 
of expertise has been built up in procurement departments 
over the past decades. Thus, these data have always been 
part of the defined tasks of procurement departments in the 
past. Experts pointed to a continued need for focus, as the 
tasks of procurement departments will expand in the future 
due to many uncertainties, but previous tasks and duties will 
not disappear.

Cost data, which, not surprisingly, has been emphasized 
several times by experts, also fit into the context of data that 
have already been important. However, it was noticeable that 
many types of cost data were named that had not previously 
been the focus of attention. According to the experience of 
the experts, the nature of cost data is changing:

“Procurement departments need cost data. I do not 
mean the components costs. Procurement depart-
ments already have such data sets. I mean cost data 
for decision-making of supplier changes. Cost data 
for make-or-buy decisions. Data for the onboarding of 
new suppliers. From my experience, all procurement 
departments need work on such topics nearly every 
day. But again and again they start from the beginning 
and cannot benefit from existing data. Such data sets 
must be stored in a structured and evaluable form. For 
example, supplier changes costs including relocations, 
onboarding processes of new suppliers, development 
costs of components in-house instead of buying them 
form suppliers.” (Interview ID8, Senior manager data 
strategy, Strategy consulting 8).

Component costs were also mentioned. However, many 
experts named cost types that are often not available in an 
analyzable form, although they would be available. Costs 
for relocations or onboarding costs for new suppliers for 
example. In other words, cost data from activities that pro-
curement departments perform again and again, but do not 
collect and use for future analyses. According to the experts, 
many important types of costs are not even recorded, but 
they would be essential for future decision-making. For 
example, it is often not possible to quantify which costs 
could be saved by eliminating variants or how offshor-
ing and nearshoring affect sourcing decisions from a cost 
perspective.

Figure 3 summarizes our results. We analyzed all aspects 
from our conducted interviews and coded the inputs for cat-
egorizing them according to contents. We obtained six cat-
egories of relevant procurement data sets from the perspec-
tive of the interviewed experts. For a better evaluation, we 
added the frequency of mentions in square brackets. We can 
state that the own supplier data, as we called this category, 
dominates. However, this is immediately followed by exter-
nal market data.

4.2  Relevant Data Sources for Procurement 
Decision‑Making and Related Values

The experts told us about different categories of data and 
widely varying access options. We have reconciled the 
experts’ practical experiences with the theoretical classifi-
cations of data from our 2 section and synthesized on this 
basis Fig. 4 as a result. We present the data sets explained in 
the previous section by sources and set a focus on the avail-
ability of each source.

According to the experts, relevant own supplier data and 
cost data sets come from both internal and external sources. 
Relevant market data, supply chain data or risk data are 
mainly obtained from external sources. Internal datasets are 
part of the respective organizations, while external datasets 
may be closed for free access (Zrenner et al., 2017). Supply 
chain data such as transport service providers, certification 
data, shipping and airport data or legislations data are time-
consuming but available according to the experts. However, 
there are also relevant data sets that are not accessible to 
procurement departments, but which are urgently needed. 
For procurement departments, this means that external data 
in particular is a challenge when experts see a lot of relevant 
data from sources like suppliers or other stakeholders:

If you look at the major topics in procurement depart-
ments, it becomes clear that you will have to focus on 
strategic decision support in the future. Procurement 
departments need external data for this. In my opinion, 
the focus will be less on the purchasing performance 
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and more on making the supply chain transparent. To 
do this, you need data from suppliers, data from crises 
around the world. (Interview ID4, Senior data manage-
ment architect, Automotive manufacturer 1)

We explained one important example in the previous sec-
tion. The supply stages are often unknown to procurement 
departments. Sub-suppliers behind the 1st tier suppliers 
are often unknown for automotive manufacturers. At this 
point, the need for such supply chain transparency becomes 
obvious and, thus, appears as an important goal for procure-
ment departments. According to the experts, cost data also 

includes all levels of data sources. There is relevant data that 
is available internally, such as transport cost data, but there is 
also data that comes from external sources. Above all, com-
ponent costs are provided by suppliers. These are initially 
externally closed. The level of detail to which they are made 
available to procurement departments depends on the type of 
collaboration between automotive manufacturers and their 
suppliers, as the experts emphasize. Market data and risk 
data show that there are many external closed data sets that 
confront procurement departments with major challenges. 
Competitor data or technological advances can often only be 
evaluated or used when they become public on the market, 

Fig. 3  Relevant procurement data extracted and categorized from expert interviews

Fig. 4  Relevant procurement 
data and classification by data 
source
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and then they are very heterogeneous and very difficult to 
systematize, the experts stated. Risk data sets are a challenge 
mainly because it is too late when risks are public. Thus, the 
focus of risk data is on prediction. Many relevant market and 
risk data sets are external closed. Therefore, approaches are 
needed to open such sources. The experts emphasize the 
important role of procurement departments as managers of 
supply chains. The experts emphasize the important role of 
procurement departments as managers of supply chains. This 
role also involves the need to get important data in-house 
that is currently not available:

“As far as external data was concerned, for most of our 
customers, this was limited to supplier performance 
such as delivery times, delivery quality, and so on. 
COVID-19, semiconductor shortage, aluminum short-
age, magnesium shortage or also storms, earthquakes 
and everything else that happened […] in the last few 
years, however, show very clearly that procurement 
departments can no longer stay in their little nest, but 
must fly out to go on data hunts for better decisions. 
In other words, if procurement departments want to 
fulfill their role as managers of the supply chain in the 
future, they will have to bring many new external data 
sets in-house.” (Interview ID8, Senior manager data 
strategy, Strategy consulting 1).

What is described in the quote very figuratively as leaving 
one’s own nest and setting off on a data hunt contains a very 
serious message. It is about nothing less than a completely 
changed self-perception including completely new tasks 
of procurement departments if a better decision-making 
in future crises or other challenging situations is the goal. 
One possible approach to meeting this goal was already 
addressed by discussing the collaboration of automotive 
manufacturers with own suppliers. It is summarized very 
concretely in the following quote:

“Procurement departments must pay attention on 
data that is located at the suppliers. This can only be 
achieved through cooperation. With Catena X, for 
example, there is a major project in which a large part 
of the automotive industry wants to do just that, but 
of course there is still a long, long way to go.” (Inter-
view ID2, Senior data analyst controlling, Automotive 
manufacturer 1).

The experts mentioned the need for cooperation several 
times. If relevant data for procurement departments comes 
from numerous stakeholders or other stages of supply chains, 
but is not always accessible, a data cycle can be enabled via 
cooperations, as the experts suggested in different discus-
sions. Five experts even suggested a systematic data process-
ing of such collaborations, including precise performance 
measurements and a data-based contract management. The 

idea behind this is that access to external closed data can-
not be forced. Rather, the focus should be on achieving an 
exchange of data. In other words, a cycle between the stake-
holders in the supply chain. If procurement departments are 
important co-creators of these supply chains, they should 
have also an interest in such goals. The Catena-X1 project 
mentioned in the quote, in which numerous automotive 
manufacturers, suppliers and other important players want 
to create an independent data network, is a current example 
of how such problems can be addressed with the help of 
cooperation.

4.3  Usability of Data as Major Criteria 
for Decision‑Making

Having first focused on the relevant data sets and the availa-
bility of the associated data sources in the previous sections, 
we now focus on the usability of data sets on this point. 
This was an important aspect mentioned by all 23 experts 
in the qualitative analysis. The experts emphasized several 
serious problems in this context. We created three usability 
categories based on the expert interviews:

– Data available and usable
– Data available but not usable
– Data not available

These categories are based on the practical experiences of 
the interviewed experts. We related these categories to previ-
ous discussed data sources in order to classify the relevant 
data sets. For illustration purposes, we assigned the ten most 
frequently mentioned data sets, as Fig. 5 shows.

The interviewed experts told us about difficult situations 
in projects or daily situations, in which certain data were 
not available at all. In some cases, important aspects of the 
data were missing. At least, no added value was possible and 
several projects failed:

“Currently, a lot of data is not available. Unfortunately, 
the data quality is also poor at the customer end, but 
that doesn’t change the needs. In fact, the necessary 
effort is what keeps many companies away. They are 
afraid of the technical effort, the costs, the hassle. So, 
the question is always how to get the different types of 
data together and then also draw the added value from 
it.” (Interview ID1, Head of data platforms and solu-
tions, IT consulting 1).

1  Homepage of the Catena-X project including vision, goals and cur-
rent activities of the project.
 https:// catena- x. net/ en/ [28.11.2022].

https://catena-x.net/en/
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Often, the initial effort to generate complete and quali-
tative data is very high, but the associated added value is 
difficult to quantify as the experts told us. As a result, organ-
izations invest in immediately measurable improvements, 
which is mostly accepted until certain requirements, for 
example through crises, make the massive deficits transpar-
ent, as the outbreak of COVID-19 did, when supply chains 
broke down and everyone was calling for reports and data 
analysis of suppliers, production plants or affected parts and 
components, that were impossible to conduct due to numer-
ous data deficits. Examples of this are the component cost 
data, which are only available as they are quoted by suppli-
ers. Other examples are the delivery stages and sub-supplier 
data sets, which we have also discussed, as these are only 
transparent to a limited extent for automotive manufactur-
ers, since the contracts are usually concluded exclusively 
with the 1st tier suppliers and do not take the subsequent 
stages into account. At this point, the problem for procure-
ment departments becomes very clear. Data that was not 
previously available but is urgently needed is one challenge. 
Another challenge is data that is already available but cannot 
be linked to generate new insights due to quality or further 
issues:

“We always think in categories in our team. We have a 
lot of data and can use it, then we have data, but it still 
fails to add value because the individual data cannot be 
linked and used. And then there is data, that we need 
but simply don’t have.” (Interview ID20, Senior data 
scientist, Engineering/technology 2).

At this point, the experts told us about wasted potential, 
since the data is already available. Thus, there is no effort 
for data sourcing activities. Nevertheless, these problems 
were mentioned very frequently by the experts. According 
to the experts’ experience, the reasons for this are a lack of 
knowledge in dealing with data, decentralized data sover-
eignty or a missing priority for such activities. Examples 
from the most frequently mentioned data sets are production 
location data, transport service provider data or emerging 
competitor data. Much of these data sets are saved at respec-
tive locations, but often cannot be used for more in-depth 
analyses. One expert gave us the example of data on global 
transport service providers, which is saved locally for sourc-
ing decisions, but it is not possible to link these local data to 
concrete further data. For example, if an alternative service 
provider is necessary in crisis situations and information on 
international locations in connection with production plants 
is required. In other words, data is often available locally 
for specific purposes with limited characteristics but cannot 
be linked to other organizational data. These problems also 
exist with internal data sets:

“In addition to external data that we often need but 
not have for the future decisions, there are also inter-
nal data sets, that we actually cannot put into usable 
forms.” (Interview ID7, Senior project manager analyt-
ics, Automotive manufacturer 3).

For example, two experts told us about delivery reliabil-
ity data that are available internally for goods receipts in 
order to carry out an evaluation for warranty or recourse 

Fig. 5  Relevant procurement data categorized by source and usability
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purposes. These data sets are carried out as documented 
reports so that they cannot be analyzed or linked to further 
data systematically. The examples are certainly very sub-
jective and cannot be applied to all organizations. At this 
point, we emphasize the overarching issue of local data that 
exists in organizations but cannot be linked to other data. 
From the perspective of data analytics, this is where obsta-
cles arise, so that potentially many valuable new insights 
remain untapped. Therefore, all examples shown in Fig. 5 
can only serve as an illustration of the problem descriptions. 
Changeable for procurement departments are not the data 
sources, but the usability categories. After creating a trans-
parency over relevant data sets, concrete activities can be 
developed, to improve the usability of specific or maybe of 
all relevant data sets. Our overall goal is to identify relevant 
data and analyze the usability for supporting procurement 
departments and their decision-making processes. From our 
perspective, this approach can help to provide transparency 
about important data and how to make it usable.

4.4  Technical Aspects as Necessary Foundation

In addition to the data-related challenges discussed so far, 
massive technical challenges also exist for procurement 
departments, as the experts conveyed to us very clearly in 
the interviews. In this context, a major challenge is the fact 
that there is not just one data format or generally one type of 
data, but diverse structures and associated massive complex-
ity in the storage and use of the various data:

“A huge issue in all projects is the right handling of 
data. There is not one data format. We pull a lot of 
data from the Internet, for example data on risks with 
web crawling. But we also use existing databases from 
providers like Dun & Bradstreet or others, or we often 
collect data ourselves through interviews with partners 
or benchmark workshops. […] In 99% of cases, cus-
tomers have classic business warehouse in conjunction 
with their ERP software. Hadoop and similar technolo-
gies are foreign words there. I can’t just put everything 
into the classic business warehouses and get something 
out of it. In all my foreign projects, I have been with 
exactly one customer who tried to counter this flood of 
data with a data lake. But the complexity in the logic 
layer was so massive that it didn’t work either. So, the 
infrastructures in the OEMs are often not designed for 
the data analytics potentials.” (Interview ID18, Man-
ager analytics, Strategy consulting 4). 

Managing such diverse types and formats of data also 
requires the necessary technology. However, this has not yet 
been implemented everywhere by automotive manufactur-
ers or often does not get beyond the status of pilot studies. 
As a result, many procurement managers lack the technical 

platform on which to perform all the relevant steps, such as 
analyzing the important data and making it usable:

“Automobile manufacturers usually do not have power-
ful data lakes or huge data warehouses. And what they 
do have is not suitable for storing everything. That is 
an issue. Big data and analytics live on infrastructure, 
and that requires different technology and also differ-
ent competencies than before. Automotive manufac-
turers are not working intensively with data mining or 
in-memory solutions or Hadoop solutions or complex 
event processing. Here and there you can find pilot 
studies and very rarely real implementations are car-
ried out. But often it fails because of the initial invest-
ments, which are indeed very high, but it is necessary 
to calculate the long-term potentials against it. These 
potentials are often difficult to quantify. And if you 
want to do analytics, but the basic structure is missing, 
you can imagine what that means from a data quality 
perspective.” (Interview ID21, Manager data strategy 
automotive, IT consulting 3).

Experts emphasized that other technologies than in the 
past must be considered, but that necessary competencies of 
responsible experts must also change as a result. However, 
experts from the OEMs also stated that the implementa-
tion of such technologies is the responsibility of IT depart-
ments and not procurement departments. According to these 
experts, the ability to assess such technologies and to formu-
late them as requirements in the direction of IT departments 
is the task of procurement experts. Therefore, the necessary 
competencies are also relevant for procurement departments. 
In this context, several experts mentioned very specific chal-
lenges with the data formats, which also strongly influence 
the selection and evaluation of necessary technology. Pro-
curement departments need data from diverse sources and 
are therefore confronted with a wide variety of data formats. 
Thus, the experts also emphasized the difficulty of adhering 
to format standards due to the diverse data, but above all 
in handling the masses of data and the lack of knowledge 
within organizations:

“Not all data exported from the Internet or other exter-
nal data, for example from sensors, can be compressed 
into a standard because of the various sources and data 
formats. In this context, it is also about data transfers. 
Masses of data must be transferred, and this requires 
know-how that is often not available. And for data pro-
tection reasons, it is also not possible to simply send all 
the data, for example the huge amount of sensor data, 
to existing and powerful applications, such as Mon-
goDB, Apache Spark or Pentaho or something like 
that. We have not yet generated any knowledge and 
tried to build or own solutions, but these were not pow-
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erful enough and failed in the pilot phase.” (Interview 
ID22, Lead data scientist, Engineering/technology 3).

 In addition to the numerous technical challenges and 
related competencies already named, several experts told 
us about major challenges in dealing with data. For example, 
the competency within organizations of making relevant but 
very diverse data from numerous sources usable was named 
as a relevant challenge. At this point, the handling of diverse 
types of data and data formats is emphasized, but this can be 
seen as a prerequisite for dealing with data. In the following 
quotation, among other things, it is also recommended that 
the focus be placed more on data science and that data be 
made part of everyday life. The expert does not mean that 
procurement employees become data scientists, but rather 
that basic technical skills for dealing with data are built up:

“In my opinion, we need to move more in the direction 
of data science. I don’t mean that everyone has to be 
a data scientist, but organizations should think about 
how they can get people to deal with data. I’ve already 
said that it’s always about finding data, extracting it, 
preparing it and using it. In order to do that, I must be 
able to handle it. I must be able to link different types 
of data to generate added value. But organizations 
often don’t know Python or SQL, and there is no soft-
ware like SPSS or whatever. And the data doesn’t fit 
into the existing data structures because there are clas-
sic ERP systems with the corresponding data sources. 
And, thus, massive data potentials are lost every day. 
It’s not enough to just think about data sources or just 
making them usable if there are no competencies for 
using diverse data formats appropriately.” (Interview 
ID19, Senior manager business intelligence, Auditing/
strategy consulting 2).

 Based on the expert interviews, various challenges for 
data-driven decision-making in procurement departments 
could be derived. From the identification of relevant pro-
curement data to the utilization of this data and the neces-
sary technical infrastructure, the experts spoke very openly 

about current projects, challenges, and solution approaches. 
In the next section, we build on these insights and formu-
late recommendations for action for procurement leaders and 
their departments based on the findings.

4.5  Recommendations for Practical Application 
and Future Research

In this context, we developed recommendations for action 
based on our findings that are intended to emphasize 
the aspects of our work on the one hand and to serve as 
a guide and support for procurement departments on the 
other. Figure 6 summarizes our findings by illustrating our 
research process of identifying necessary technical aspects 
as a foundation, relevant data sets, related sources and the 
degrees of usability. Organizations are at different stages of 
development with regard to their infrastructure, the internal 
transparency of important data or the usability of this data. 
With our research, we aim to provide approaches based on 
the experience of experienced procurement and analytics 
experts. Depending on the stage of development, procure-
ment leaders and their departments can therefore probably 
benefit to different degrees from our structured overviews 
and insights. We present practice-relevant recommendations 
for action, which in the best case can be applied in the every-
day practice of procurement leaders, regardless of their stage 
of development. We discuss these four recommendations in 
detail in the following section.

Recommendation 1: Procurement departments rely on 
adequate technical infrastructure to enable data manage-
ment for decision-making.

With the help of our expert interviews, we were able to 
highlight the importance of an adequate technical infrastruc-
ture as a necessary condition for procurement departments 
to be able to use data sources and the resulting data at all. 
This is less about specific generally applicable technology 
recommendations in detail and more about fundamental 
requirements for handling large volumes of data, diverse 

Fig. 6  Conducted process of 
identifying relevant procure-
ment data and related recom-
mendations
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data formats and varying data types. Each procurement 
department must presumably build up a technical basis 
individually. Such a finding is neither scientific news nor 
particularly surprising from the perspective of practitioners. 
During the expert interviews, it was found that this actual 
initial step has often not yet been taken. For example, the 
potential of data for decision-making in procurement depart-
ments is often emphasized and, in some cases, investments 
are made in software or specific reports. In many cases, 
however, the technical basis for being able to use the data is 
lacking. In this context it can also be stated that competen-
cies are missing to suitable new technologies and handling 
data in procurement departments, although there is massive 
potential for organizations (Klee & Janson, 2022; Klee et al., 
2021; Shao et al., 2022). At this point, it becomes clear that 
organizations and their procurement departments have to 
deal with their technical infrastructure and do the neces-
sary preliminary work, so that subsequent steps such as the 
identification of relevant data sources and the resulting data 
or the usability of the data require this preliminary work.

Recommendation 2: Procurement departments must first 
evaluate their relevant data sets for creating the basis for 
data-driven decision-making.

With a view to the research on relevant data for different 
industries and organizations, our overview provides a pos-
sible approach for data structuring by using the example of 
automotive procurement departments. Based on the inter-
views, we developed a comprehensive data overview that 
reflects a structured insight into relevant data in the daily 
work of relevant experts and their tasks in six categories 
named supplier data, supply chain data, risk data, market 
data, cost data and performance data. Building on this, 
we promise new insights into data and structuring types if 
research is intensified here. From a practical point of view, 
we aim to help organizations that must identify relevant data 
at first. We were able to extract various data from the inter-
views. The focus was on automotive procurement depart-
ments. However, such overviews are probably also needed 
in other organizational departments or industries. Thus, our 
findings mainly support organizations. Especially those 
that want to improve their decision-making by facing vari-
ous data deficits. Nonetheless, this is also an extension of 
previous research, as many findings serve to structure data. 
Therefore, we see it as necessary to further expand research 
on relevant data, as this can be considered the basis for all 
data-driven approaches. Without the relevant data, develop-
ments in the field of artificial intelligence, big data or data 
analytics in general are not possible. Therefore, we highlight 
the importance of identifying relevant data. What initially 
sounds self-explanatory is often not the case, especially in 
practice, as we learned in the expert interviews.

Recommendation 3: Procurement departments need to 
identify the relevant data sources, as external data repre-
sents a major challenge for organizations.

 For research on relevant data sources, we promise valu-
able findings if these are more intensively combined with 
practical experience. This will result in validations of the 
approaches from a theoretical point of view and in usable 
tools for organizations for defining their relevant sources 
and related challenges for using them. As already explained 
in Section 2, data can come from internal, external open 
and external closed sources (Zrenner et al., 2017). With our 
results, we use the previously theoretical research findings 
and add a procurement perspective as a practical example 
and validation. Within the whole process, data sets are cat-
egorized into the respective characteristics after explana-
tion by the experts. Transitioning to practice, the experts 
told us that a large part of the relevant data for automotive 
procurement departments is outside of own organizations. 
While internal performance data is unsurprisingly entirely 
internal and, thus, readily usable, sources for market data, 
supply chain data, or risk data must be obtained exclusively 
from external sources and often not available for procure-
ment departments. Even with cost data, which at first glance 
appears to be the core work content of procurement depart-
ments, buyers must contend with data that is not readily 
available. While performance data such as purchasing 
performance can be collected internally, much cost data 
on components is in the hands of suppliers and, thus, part 
of negotiations. Market data on competitors or new tech-
nologies, for example, are external closed and only become 
usable when they are deliberately published. Risk data often 
only becomes usable when it appears in the media. There-
fore, an intensified focus on necessary external data sources 
is an important success factor for improving decision-mak-
ing. Procurement departments have historically been focused 
on performance measurement as experts told us in the inter-
views. A new focus is needed here. It can be deduced, that 
decision-making with a view to future challenges is only 
possible if this important data sets can be made available 
from external sources. This also reflects the complexity, as 
external data, above all external closed data, is a major chal-
lenge for procurement departments.

Recommendation 4: Procurement departments need to 
assess the usability of relevant data sets for prioritizing 
the potentials.

From a theoretical perspective, our results complement 
previous research approaches on data aggregation lev-
els, data timeliness, or data sources and structures (Kass-
ner et al., 2015; Phillips-Wren et al., 2015; Zakir et al., 
2015; Zrenner et al., 2017). The level of data usability as 
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a prerequisite for decision-making sets a new perspective 
and was, to the best of our knowledge, not part of previ-
ous research findings in this context. Therefore, we propose 
valuable new insights by highlighting the factor of data 
usability for classifying, structuring and using data. From 
a practical perspective, we propose valuable guidance for 
organizations and their procurement departments as a result 
of analyzing data usability in depth. Experts told us, that 
relevant data for decision-making in procurement depart-
ments is often not available. Likewise, there is the case that 
data is available but not usable. In the previous section, we 
illustrated these cases using the ten most frequently men-
tioned data sets. Component cost data, delivery stages data, 
or sub-supplier data are external data that are closed and 
not readily available. Competitive data or data on transport 
service providers would be freely available but are often not 
usable in procurement departments because there is no way 
to collect this heterogeneous data and make it analyzable, 
for example with web crawling. If procurement departments 
place an increased focus on data that is available but not 
usable, rapid potentials for decision-making can be real-
ized. Based on this, non-existing data can be focused subse-
quently. For example, by using the sources explained above. 
However, the effort required to obtain non-existent data is 
likely to be higher than making existing data usable as the 
experts emphasize. Therefore, we recommend the suggested 
sequence to realize potentials for decision-making as quickly 
as possible.

5  Contributions, Limitations & Conclusion

Our overarching research question described the goal 
to identify relevant data and its usability in procurement 
departments. In this context, we want to support procure-
ment departments in decision-making. Especially in view 
of current or future challenges, managers need valuable 
data for qualitative decisions (Davenport, 2006). For this 
purpose, we first analyzed existing literature in the field of 
data analytics, technical aspects in this field and, building 
on this, further literature in the context of procurement and 
supply chain. The research results were also the basis for 
the content of our interview questions. We had the opportu-
nity to interview 23 experts in the field of data analytics or 
business intelligence. All of them have a professional focus 
on procurement or the supply chain context. Thus, we were 
able to ensure relevant and up-to-date expertise. Based on 
a qualitative data analysis, we were able to extract numer-
ous relevant data sets for procurement departments, which 
we categorized using open coding according to the research 
approach by Gioia et al. (2013). This was the basis for the 
subsequent categorizations according to data sources and 

data usability, which we believe are highly relevant for pro-
curement leaders and their departments to derive a prioriti-
zation approach.

In this way, we present relevant contributions from a prac-
tical perspective. Based on expert knowledge, we provided 
an overview of relevant data sets. In this context, we pre-
sented the relevant data sources and the degree of usability 
of these data sets. As an important prerequisite, we have also 
highlighted technical aspects based on expert knowledge 
and presented their importance for the use of relevant data. 
Thus, we were able to illustrate the associated challenges 
in exploiting data sources and discuss initial approaches to 
solving them with the approach of strategic partnerships. In 
the context of data usability, it also became clear from the 
experts’ experiences that problems do not only exist with 
external data because of missing accessibility. There are 
also numerous challenges with internal data, which often 
cannot be linked with each other due to local characteristics 
and use. As a result, many potentials remain unused. We 
presented the entire process and added recommendations 
for action that we believe can be valuable to procurement 
leaders and their departments as they seek to gain transpar-
ency into relevant data and associated prioritization of use.

Even though the main focus of our paper was on the 
practical support, we were also able to make theoretical 
contributions. First, we used previous research findings as 
a baseline. We focused very specifically on procurement 
departments because of their central role in supply chains. 
Thus, we adopted a specific procurement perspective based 
on existing research findings. Building on this, we were able 
to derive characteristics of data usability based on the inter-
views, which enabled a new perspective on relevant data, 
especially in conjunction with the data sources. In addition 
to previous findings on possible data classifications based on 
data structures (Kassner et al., 2015), data sources (Zrenner 
et al., 2017), data movements (Hannila et al., 2022) or other 
characteristics, the degree of usability of data seems to be a 
major challenge in practice. Therefore, we proposed valu-
able contributions if such aspects receive attention in more 
intensive research.

At this point we also want to transparently present exist-
ing limitations of our research. First, it must be noted that 
research in data analytics and decision-making is very 
dynamic. Especially due to current global political or eco-
nomic uncertainties, environmental disasters or pandemics, 
the calls for prediction or measurability are getting louder 
as research has recently shown the correlation between data 
management and competitive advantage (Chen et al., 2012; 
Huang et al., 2020; Olszak & Zurada, 2019; Popovič et al., 
2018). As a result, research is intense and also fast-moving. 
This also affects our results. Data that we mark as relevant 
for procurement departments is also in constant flux. Thus, 
continuous research is required. This is especially relevant 
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for procurement leaders and their departments. A constant 
review of prioritized data for their own decision-making is 
necessary. Our presented data sets, the related data sources, 
data usability, and necessary technical prerequisites are 
a snapshot of the current situation. To complement these 
aspects, it must be noted that organizations vary in the extent 
to which they have designed their data-driven decision-mak-
ing processes. Therefore, our results may also vary in the 
degree of usability. The interviewed 23 experts have their 
expertise primarily in the areas of procurement or rather 
higher-level supply chain. Furthermore, our findings origi-
nate from the automotive environment. Transferability to 
other procurement areas in other branches or even to other 
corporate divisions must be examined in further research. 
Finally, our study highlights the potential of data analyt-
ics implementation and aims to support this implementa-
tion by focusing on the real usability of data in procurement 
departments. Thus, we acknowledge that our research mainly 
focused on managerial aspects rather than practical imple-
mentation. Therefore, future research can build on this by 
developing specific data sets and repositories in the form of 
real or simulated data. By doing so, researchers can enhance 
the applicability of data analytics in procurement depart-
ments and provide further actionable and valuable insights 
for practitioners.

From our perspective, however, we were able to show 
which data is relevant in automotive procurement depart-
ments and what the degree of usability looks like. In this 
context, we were also able to highlight technical require-
ments based on expert knowledge and found out that many 
of these technical steps are still open in many organizations. 
With the practice-relevant recommendations for action we 
aim to propose a process of improving data-driven deci-
sion-making and in automotive procurement departments. 
Therefore, the recommendations for action describe a pro-
cess from the identification of relevant technical necessi-
ties, the analysis of relevant data and data sources, and their 
practical use in the everyday work of automotive procure-
ment departments. We emphasized at the beginning of this 
paper how uncertainty is becoming the norm (Ambulkar 
et al., 2015) and what that means, especially for organiza-
tions that depend on complex global supply chains. In this 
environment, procurement departments are the key interface 
(Pellengahr et al., 2016), which is why we believe research 
in this area is important and valuable.
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