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Abstract  

In the age of digital transformation, the topic of data driven decision making became increasingly more 

relevant. Empirics show that companies who use DDDM as part of both daily business operations and 

strategic decisions have an overall better financial performance. For companies to base their decisions 

on data, this data first needs to be acquired in the correct manner and cost efficiently. Although the 

topic on DDDM and data strategies have been sufficiently researched, the actual strategic data acqui-

sition has very little holistic research papers. This review therefore summarizes the state-of-the-art lit-

erature on the components of the data collection process to give an overview on the topic as a whole. It 

covers the definitions, data sources and data usage possibilities. The review shows that there are a 

variety of sources and usage possibilities that are cost intensive and complex, so companies should 

carefully consider which goals they want to achieve with the data.  
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1 Introduction 

Data driven decision making (DDDM) is a topic that increasingly receives attention. Companies like 

Airbnb, Uber and Netflix have already centred their business model around acquiring, analyzing and 

basing strategic decisions on data (Sorescu 2017). The significance of these business models arises from 

the high market volatility as a consequence of the digital revolution. Companies constantly have to 
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adjust to varying market conditions to stay competitive, especially during the current global COVID-19 

pandemic (McKinsey 2021). 

To be able to use DDDM as part of daily business operations, companies first need to implement a 

suitable data strategy. McKinsey (2013) describes three key aspects to build a data driven strategy, the 

first being to choose the right data to be acquired. Managers can get creative with external sources like 

social media conversations or focus on more traditional approaches, e.g. customer service data they 

already possess. Nonetheless, if the acquired data does not fit the criteria to give further insights into the 

business, DDDM becomes difficult. Therefore, a critical part of a data driven strategy and a digital 

business model lies in the first contact point, the data acquisition (Wilberg et al. 2017). 

Despite the output of scientific research on data strategy and DDDM being quite rich, there is almost no 

state-of-the-art reference work that discusses different approaches on strategic data acquisition / collec-

tion in detail. To close this research gap, this literature review focusses on summarizing the main re-

search findings in the literature on topics around data strategy and DDDM to gain further insights on 

how data acquisition should be strategically directed and how companies can use data long-term to build 

better products. In detail, I aim to synthesize a definition of the term strategic data acquisition, give an 

overview of common data sources as well as presenting how the big players in Silicon Valley adopted 

different usage possibilities to maximize business value through data.  

2 Theoretical Background on Data Strategy 

After analyzing the literature on data strategy briefly, it can be said that currently there is no general and 

widely accepted definition on the term. Many versions to the definition exist, with both scientific re-

searchers and companies setting different focal points. Gür and Spiekermann (2020) from the Fraunho-

fer institute for Software and Systems Engineering therefore consolidated 9 different approaches to the 

definition and identified their similarities.  

In conclusion, they summarized 6 key elements to a data strategy: (1) Clear vision, mission and business 

objective alignment, (2) long term benefits and competitive advantage, (3) constitution of a roadmap 

and objectives, (4) organizational and technological assessment and change management, (5) long-term 

and organization-wide data strategy establishment, (6) sets boundaries and objectives for data manage-

ment (Gür and Spiekermann 2020). A data strategy can also be defined as organizing, governing, ana-

lyzing and deploying the generated data of an enterprise (DalleMule and Davenport 2017).  

Another widely used term is „big data strategy“. Big data is usually characterized by 3 traits: volume 

(enormous quantity of data), velocity (real-time creation) and variety (structured, semi-structured or 

unstructured). Some further research has added more traits such as exhaustivity, another has defined big 

data as mainly being characterized simply by velocity and exhaustivity (Kitching & McArdle 2016). In 

this literature review, data strategy and big data strategy shall be treated as indifferent.  

The relevance of data strategies become visible when we look at the different values they generate. An 

analysis conducted by Himmi et al. (2017) found out, that the usage of big data can both generate value 

in operative as well as strategic environments. In operative environments, data can be used to decrease 

uncertainty by automation and prediction (Himmi et al. 2017). One possible manifestation is the usage 

of predictive analytics (Waller and Fawcett 2013) or predictive maintenance (Nentwich and Reinhart 

2021). In strategic environments, big data can be used to support decision making (Sorescu 2017). This 

is also known as data driven decision making. A survey from 2011 which included 179 large firms 

concluded that there is a strong connection between the usage of DDDM and an overall higher produc-

tivity and market value (Brynjolfsson et al. 2011). Another survey published by John Hurley (2018) in 

the Harvard Business Review identified a significant connection between the state of a company’s data 

strategy and its market performance. Based on these results, it can be seen that managing and deploying 

the collected data as part of a data strategy becomes more critical for success. Another article published 

by the Boston Consulting Group (2020) indicates that data is now not only creating competitive ad-

vantage, but rather has become the backbone of a company. Other Sources also imply that investing in 

data is now more valuable than ever (IBM 2020). 
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3 Methodical Approach  

This literature review was conducted roughly following the method of Webster and Watson (2002). The 

approach consisted of 4 steps, which will be explained below. 

Step 1: General information gathering 

At first, I did a general research to gain an overview of the topic. Therefore, I performed basic google 

and google scholar search to understand how strategic data acquisition is received in general media. The 

keywords I used were “strategic data acquisition”, “data acquisition strategy” and “data strategy”. The 

search terms “data collection” or “strategic data collection” were not used, because it is a widely used 

term for every kind of data related topic, including the methodology of almost every quantitative re-

search, therefore generating way too many results with no relation to the topic. 

Blog posts by specialists and companies gave first insights and provided general information and scien-

tific papers as well as conference papers were examined to get an impression of the current state of 

research. This first search resulted in the following key papers, which built the foundation of the follow-

ing detailed database search: 

 

Search word Title Author 

“Strategic data acquisition” Strategic data acquisition Bohnhoff, Tobias 

“Data acquisition strategy” 10 data acquisition strategies for start-ups Mueller-Freitag, Moritz 

“Data strategy” Data Strategy Praxis Report Gür & Spiekermann 

Table 1. List of the key papers identified to each search word 

What immediately became clear is that there are almost no results with the specific search term “strategic 

data acquisition”, especially when searching for peer reviewed papers in scientific journals. The few 

results of the articles are blog posts on different, primarily tech-based websites as well as self-published 

best practices from management consulting firms. The search term “data acquisition strategy” generated 

more results, but also close to no peer reviewed papers. I therefore started with an overview on the topic 

via blog posts. The “Data Strategy Praxis Report” from Gür & Spiekermann (2020) is a technical anal-

ysis with a focus on tools and approaches in the current data economy. Although the report does not 

directly revolve around the data acquisition itself, it provides a good overview on the topic as a whole, 

with acquisition/collection being a part of a holistic data strategy.  

 

Step 2: Detailed and precise searching in databases 

Due to the lack of specific literature on strategic data acquisition, a definition had to be synthesized first 

to be able to conduct further research on the key elements. In this case, the search terms had to be split 

in order to proceed. 

At first, a definition for strategy had to be found. As it is a widely researched field with several accredited 

and supported definitions, a simple google search instantly generated sufficient results. The most ac-

credited definitions were then used. 

Following that, a specific database search with the search terms “data acquisition” and “data collection” 

was conducted. The libraries used were ScienceDirect, AiSel, Google Scholar as well as basic Google. 

As data acquisition and data collection is also a common research field in natural sciences, the results 

were limited to business, economics and information technology based papers and articles. To finalize 

the definition, the blog posts and IT websites on strategic data acquisition and data acquisition strategies 

were amended. 

The key statements of the papers were then searched in the databases. They were used for the fields title, 

abstract, keywords and in the full text. 
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Step 3: Forward and backwards search  

As IT based websites and blog posts usually base their output on own experiences, they rarely cite any 

sources that can be checked. The backwards search therefore only worked for the articles and conference 

papers. That opened up more research fields of the large number of topics that were already identified 

through the detailed database search. Here, I had to narrow down on the literature that was used to 

support the key statements of the papers, as including even more papers at this stage would have diffused 

the findings. The same applies for the forward search. It was done using the “cited by” function of 

google scholar to identify relevant papers that also researched the topic of strategic data acquisition. 

 

Step 4: Analyzing findings 

The relevant literature was then further examined and analysed. The papers and articles were read and 

then clustered in an author – topic matrix. As there are many data sources and usages companies can 

consider, they were clustered accordingly. The clusters for data sources were internal data / external data 

and structured data / unstructured data. For the data usage, the literature was divided into data defense 

and data offense strategies.   

Some articles included both sourcing and usage strategies as well as both internal / external data and 

data defense / offense methods. They were added accordingly. Next, the review was conducted by ex-

tracting the key statements of every paper and article as well as comparing some statements and ap-

proaches to identify differences in literature. 

At the end, the findings were discussed with regard to similarities, differences, limitations and potentials 

of further research. 

4 Findings 

4.1 Definition of Strategic Data Acquisition 

As previously stated, there is no general and widely accepted definition for the term strategic data ac-

quisition. The goal of this chapter therefore is to analyze the different approaches by the authors, identify 

similarities and key aspects of strategic data acquisition and then synthesize a concluding definition. 

To do that, we first need to find a baseline of what a strategy is. There is a wide array of often used 

definitions, with Porters (1980) being the most famous and critically acclaimed one. He defines a strat-

egy as the “...broad formula for how a business is going to compete, what its goals should be, and what 

policies will be needed to carry out those goals.”. Furthermore, he defines it as the “...combination of 

the ends for which the firm is striving and the means by which it is seeking to get there.” (Porter 1980, 

p.150). 

Another commonly used description of a strategy comes from Mintzberg, known as the 5 Ps for strategy: 

companies need to have a plan, a ploy, a pattern, a position and a perspective (Mintzberg 1987). 

A simpler definition was made by Watkins (2007). He claims the Goal of an enterprise is defined as 

the “what”, the vision as the “why” and the strategy as the “how”. 

What all definitions have in common is that they define a strategy as a formula on how an enterprise 

has to act to reach its business goals. 

The term (big) data acquisition also has different definitions and approaches that vary slightly based 

on the viewpoint of the authors. Lyko et al (2016) point out, that data acquisition describes the pro-

cesses of “gathering data from distributed information sources with the aim of storing them in […] 

data storages.” In addition, they identified 3 main components: 1. Protocols that allow the data gather-

ing, 2. Frameworks with which the data is collected and 3. Technologies that allow the persistent data 

storage. 

Sagiroglu and Sinanc (2013) further added, that data collection includes the collection and managing 

of vast volume and different types of data in a way, that you can extract meaningful value from it. The 
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sources of which the data originates varies from case to case and also depends on the business goal – 

that will be discussed in the next chapter. 

To further understand data acquisition as part of a big data strategy, we look at it as part of a big data 

value chain created by Lyko et al. (2016). 

 

 

Figure 1. Big data value chain (Lyko et al. 2016) 

As we can see here, the data we collect is then analyzed, stored and used for decision support, control 

or predictions. In return, that implies that we need to know what data to collect to then use it later in the 

process. That is also one of the key statements of the already existing definition approaches. 

Bohnhoff (2019) hasn’t stated a clear definition, but rather presented a framework. He divided strategic 

data acquisition in six core dimensions or questions: 1) Why – for what purpose the data should be used, 

2) How – how you collect data, that suits the business goals, 3) What – what the data objective or data 

format is, 4) When – how regularly you have to receive new and current data, 5) Where – which data 

sources can or should be used, 6) Who – who else has access to this data. 

In the digital age, strategic data acquisition is necessary to remain competitive. Gathering data about 

your business is crucial to identify needs and behavioral patterns of customers, on which you can then 

adjust or optimize your strategy (Websensa 2020). Strategic data acquisition is also “vital in collecting 

relevant data that corresponds to getting the desired outcome” (Websensa 2020). 

In total, we can define strategic data acquisition as an approach to data collection, in which data is 

gathered from various sources (e.g. customer data, sales data, data from an enterprise resource planning 

system or external data) with a strategic approach, respectively with the goal to use the data long term 

to gain competitive advantages, discover new information of the enterprise or support product develop-

ment. In any case, the source of the data is critical for the success of the project. 

4.2 Data Sources 

As part of a study that examined the complexity of data strategies, Kandogan et al (2014) conducted 

interviews with experts in the field of business analytics. One of the key aspects they elaborated is that 

the complexity arises from the data sources on which a data strategy builds its foundation. The more 

data sources are being considered and combined, the more complex it becomes, but also the more effec-

tive it is. This effect has also been described by Gür & Spiekermann (2020) in their technical analysis 

on data strategies. This insight supports the argument of the importance of strategic data acquisition that 

has been elaborated in the last chapter.  

Fleckenstein and Fellows (2018) also point out, that the data collection part of the operation is critical, 

but also very investment intensive for it to be effective.  

To get an overview on the wide array of data sources a company can chose from, we first cluster them 

according to the common ground of the current research, structured vs. unstructured data and internal 

vs. external data sources. 
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Data Type Structured Data Unstructured Data 

Definition Data is already formatted to a 

set structure before being stored 

Data is stored in its native for-

mat and is not processed or for-

matted 

Pro • Easily understood by users 

• Easily used for business an-

alytics 

• More tools currently availa-

ble  

• More data flexibility  

• Quicker and easier collec-

tion 

• Storage in data lake, more 

cost effective 

Contra • Predefined purpose limits 

use 

• Limited storage options 

• Change in requirements is 

laborious and expensive 

• More complex, requires 

data science expertise 

• Requires specialized tools 

Table 2.  structured vs. unstructured data (IBM 2021) 

 

Data Type Internal External 

Definition Data that is already owned and 

can be used by the enterprise 

Data that is not yet owned, but 

has to be acquired or bought to 

be used 

Pro • Already owned, less acqui-

sition cost 

• Easier to understand as the 

data is already formatted 

and used in other processes 

• Richer on information 

• Data can be specifically ac-

quired to fit the business 

needs 

Contra • Less information value for 

competitive advantages 

• Acquisition process can be 

difficult and costly 

• More external sources re-

sult in higher complexity 

Table 3.  Internal vs. external data (Gür & Spiekermann 2020, Breakthrough Data 2022) 

 

First, I want to discuss possible internal data sources and their benefit for the enterprise in context of 

strategy. The primary source for internal data is ERP Software. It usually contains customer data, sup-

plier data and sales data (Holsapple and Sena 2005). In a survey conducted by McKinsey (2016) they 

identified that businesses, who deeply analyze existing sales data have an overall better market perfor-

mance. Green (2005) points out the significance of customer data. With the information, an enterprise 

can better understand their customer base and target audience, learn of their behaviour and optimize the 

strategy accordingly. 

Also, supplier data, e.g. capacities or historical delivery dates, gets increasingly more relevant, espe-

cially due to the current and upcoming supply chain disruptions (Zagorin, 2022). Companies should 

therefore consider implementing supplier data into their business to minimize the risk.  

Mueller-Freitag (2016) also points out, that manual data input from employees can be also be an effec-

tive internal data source, for example for the training of chatbots.  

Next to internal data sources, the literature also discusses the possibilities of external data sources. One 

of those is data generated via social networks. They are full of unstructured data, both qualitative (e.g. 

personal opinions, comments) and quantitative (e.g. user statistics, likes). Data from social networks is 
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described as having high potential for companies as it is publicly available and free (Lyko et al. 2016, 

Rusitschka and Curry 2016).  

Generally speaking, open data sets are often a valuable source. Market data for example is good to 

understand the market and the target audience (Hussain and Prieto 2016). Also, demographic data is 

publicly available through various sources. Companies like Yahoo also made huge datasets publicly 

available for free (Mueller-Freitag 2016) 

Next to all these datasets that already exist, there are a lot of possibilities to obtain and generate new 

data sets. The benefit with this is a significant competitive advantage (Sorescu 2017). The goal therefore 

is to generate as much useful data as possible. On this account, Saura et al. (2021) address possible 

privacy concerns, so they differentiated between two types of user generated data: (1) Where the user is 

intentionally generating data and (2) when the data is generated non-intentionally. 

One of the intentionally generated data methods is crowdsourcing. In crowdsourcing, a company uses a 

crowd, e.g. the user base of their platform or product, to get information or perform specific organiza-

tional tasks (Howe 2006). Typical cases are small survey between Facebook posts or google captcha 

(Mueller-Freitag 2016). Buettner (2016) already executed a systematic literature review on the topic of 

crowdsourcing research and identified that the most discussed advantages are cost, speed, quality, flex-

ibility, scalability and diversity. Some companies, especially digital natives like amazon, eBay or 

Google, heavily rely on crowdsourcing as a data source to improve their products or platforms 

(Brynjolfsson et al. 2011).  

Another method to collect user generated data are loyalty programs. They classify as both intentional 

and non-intentional (Saura et al. 2021). Generally speaking, loyalty programs are considered a win-win 

situation for both the customer and the company, as the customer gets bonusses in exchange for personal 

data the company can use and further improve on. This effect has already been described relatively early 

by Reichheld and Schefter (2000). On the other hand, the negative effects are privacy concerns, inequal-

ity concerns and sustainability concerns. The privacy concerns are also addressed by Jai and King (2016) 

in a study on the effect of loyalty programs on the customers willingness to share personal information 

with third-party advertisers. 

Another topic of interest in modern data acquisition is user in the loop. It describes the possibility of the 

product or platform itself generating data by usage of the user (Mueller-Freitag 2016). An example for 

this is tracking the behaviour of a user on a website (Lotame 2019), e.g. in the case of Netflix. The 

recommendation engine runs on machine learning algorithms, the data to train these algorithms are gen-

erated by the user via their viewing history, the time spent on a video or their personal MyList (Kaushal 

2022).  

Other collection methods discussed in the literature are sensors as a commonly used way to generate 

internal data at little cost (Lyko et al. 2016, Becker et al. 2016, Kakatkar and Spann 2019). But as authors 

generally use a more technical approach or don’t go further in detail about which specific data is ac-

quired and how it is used, it has a relatively little place in the context of digital transformation.  

This also partly applies to web mining (Mueller-Freitag 2016, McKinsey 2016). Web mining is not a 

clearly defined term and therefore will not be further elaborated in this literature review. 

4.3 Data Usage 

As there are a lot of different data sources companies can extract data from, the literature also discusses 

potential usage scenarios. First of all, as described previously, many systems already generate and col-

lect large amounts of data. But only a small fracture is actively used in business processes. In addition, 

many of these systems lack the possibility of real time usage of the data (Lyko et al. 2016).  

The literature generally distinguishes between defensive and offensive data strategies / data usages. De-

fensive strategies try to minimize the risk of or through data. Examples for that are detecting and / or 

limiting fraud (Davenport and DalleMule 2017). Offensive strategies are more focused on the customer 

side like sales and marketing. Most papers and articles revolve around offensive strategies, especially 
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when researching the literature on strategic data acquisition specifically, so this literature review will 

therefore also focus on the offensive data usages.  

A general discussion is the topic of fully digitized business models or business model innovation through 

data. Sorescu (2017) pointed out several ways to utilize data to innovate a business model by using 

DDDM. The company HelloFresh for example doesn’t have a technological end product, but the plat-

form customers use to order the food boxes generate the necessary data. Uber also uses DDDM and 

disrupted the cab market by presenting a platform which revolves around data. They connect drivers and 

passengers and calculate the fee via an algorithm. The algorithm is based on data they captured previ-

ously (distance travelled, time needed, fuel used) (Pereira 2022). Triosi et al. (2020) showed in an em-

pirical study, that B2B Marketing can benefit from data driven modelling as well, generating multiple 

advantages like economical, marketing- and knowledge-based.  

Next to that, Parvinen et al. (2020) research about directly monetizing data. Part of a digital, data-based 

business model can be to sell the data that is being generated. It could be either raw and unstructured or 

aggregated and structured data, with latter increasing the value of the data set. To do that efficiently, 

companies need capabilities accordingly, which many don’t have. Data monetization is also addressed 

by Nicolau and McKnight (2006). Their research focusses on perceived data quality in data exchanges 

and also point out the importance of structuring. 

Machine Learning is also a topic of interest. Li et al (2021) have suggested to obtain user generated data 

specifically to improve machine learning algorithms and therefore enhance their predictions. This is 

done by Netflix as part of their recommendation engine (Kaushal 2022). Bakthiani et al (2018) suggested 

several different machine learning approaches that rely on big data acquisition, e.g. in combination with 

different databases or data sets. Vatres & Masetic (2022) proposed to use customer data and customer 

segmentation with a machine learning model to predict shopping behaviour. With the predictions, spe-

cific actions to adapt to the circumstances can then be derived.  

There are also indirect ways to monetize data. Mueller-Freitag (2016) suggests, that a large and specific 

dataset can be a way to jumpstart data network effects. He describes the process of users generating 

data, therefore improving the quality of a product or platform. When the quality increases, the chance 

of more people getting into the product or onto the platform increases. That way more users generate 

even more data, creating a network effect. This effect is also addressed by Wilberg et al. (2017), who 

point out that it is critical for companies to adjust their processes, organizational structure and product 

design accordingly. These kinds of devices, that are based on user in the loop or user generated data 

principles, are transforming the competition and will be a source of major competitive advantages (Por-

ter and Heppelmann 2014). Provost and Fawcett (2013) claim, that there currently is a revolution in 

online advertising due to users spending more time on platforms generating data. An example for this is 

Amazon’s recommendation engine, that is progressively improved by data. 

As mentioned, products can not only be used to generate data, but data can also support product inno-

vation. Wilberg et al. (2017) for example show how there are a large range of possibilities for using data 

in the product innovation process. This is strongly linked to the market the company operates in (Porter 

& Heppelmann 2014). Some use cases of data in product development are product viability, informed 

product decision making, product progress measurement, user experience insights and product develop-

ment inspiration (EMLV 2020). Also, a company that is rather inexperienced with using data in product 

development should carefully consider and define a clear data strategy before starting the process (Wil-

berg et al. 2017). On this matter, Kayser et al. (2019) presented a data collection map, where companies 

that are starting a data driven innovation process can strategize their data acquisition process beforehand 

to have a common understanding of possible sources and raising overall data awareness.  

Deriyenko et al. (2015) suggest a model in which the customer data from product interaction gets con-

nected with social media posts to identify the customer needs and therefore support the product optimi-

zation process. 

Referring to data acquired via loyalty programs, Loyalty Science Lab (2020) shows 6 use cases of user 

generated data: Customer segmentation, customer lifetime value analysis, customer attrition risk analy-

sis, shopping basket analysis, customized marketing communications and testing and experimentation.  
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5 Discussion 

As already mentioned in the methodical approach to this review, the literature that is focussing on stra-

tegic data acquisition as a holistic topic is scarce, especially when searching for definitions. To address 

this issue, the search terms were split up into different categories in order to structurally analyze the 

research topic components individually. During the review of the literature, it was identified that the 

strategic data acquisition process essentially consists of two major steps: data acquisition/collection 

from different sources and data usage. There are still various intermediate steps that deal with data stor-

age and data preparation. However, these are technical in nature and therefore not included in the scope 

of this review.  

In conclusion, I focussed on a three, non-peer reviewed articles that discuss the topic and bring up dif-

ferent forms of definitions, data sources and data usages. The detailed research to the topics were then 

conducted on the individual methods. Subsequently, it is not very useful to identify all individual dif-

ferences in the literature, as only a few authors deal with several methods. Nevertheless, there are some 

differences concerning the literature in general.  

First, different focal points in the definition of the term data acquisition and data strategy were identified. 

That is not unusual as every researcher has different focal points himself and therefore a different view 

on the topic. With the joint merging of the approaches, a definition was created. For further research, it 

would be useful to weave the topics of data acquisition and strategic alignment more closely together to 

further clarify the definition. 

Second, the wide range of available data sources was summarized. Again, it is difficult to identify indi-

vidual differences because the authors each cover different topics. The data source selected by the com-

pany varies depending on which data (internal, external, customer-specific, supplier-specific, market-

specific, demographic) is required in which structure (structured or unstructured, qualitative or quanti-

tative). A common feature of the literature reviewed is the mentioning and discussion of the high cost 

that can result from data acquisition. This has been demonstrated in some studies. The wide range of 

data sources for different application areas supports this. Therefore, in the case of a practical application, 

companies should clearly define in advance which data is needed in which form for their concern in 

order to avoid additional effort as far as possible. Although Bohnhoff (2019) has already presented a 

framework on how to conduct a strategic data acquisition, the results were not yet empirically validated. 

Future research could address the question of the extent to which the application of a framework can 

provide the company with a significant cost advantage. Furthermore, it should be thoroughly investi-

gated which data should be explicitly collected for which purpose. 

Third, data usages were as varied as the sources the data originates from. Some authors address the 

question of how collected data can be monetized directly. In doing so, some authors address the privacy 

aspect, while others focus on the data quality implications. Another focus of the literature is the indirect 

monetization of data. Again, many different approaches are taken by the authors. Since there is little 

holistic research available, detailed differences can only be identified with much more extensive re-

search. 

Overall, this research is limited by the fact that too few peer-reviewed papers were used. The quality of 

the articles dealing with strategic data acquisition cannot be proven flawlessly. Care was taken to ensure 

that articles from management consultancies, best practices or industry specialists were predominantly 

used. However, in order to represent the complete state of the art, unknown sites also had to be included. 

The results they elaborated seemed conclusive in context but were not empirically or qualitatively veri-

fied due to my lack of expertise on the topic. 

For the detailed search of the methods, peer reviewed papers and conference papers were included. 

Despite their higher quality standard, many of the papers used were not directly revolving around re-

searching the topic of data acquisition itself, but data acquisition was rather part of the conclusion. 

Another limitation comes from the limited time that has been invested in this review. As it was created 

as part of a university seminar in part time over a few months, it is not assured that all relevant papers 

have been identified. The lack of access to more scientific databases to find more paper add to this.  
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6 Conclusion 

This literature review was conducted as part of a seminar on IT Management in the digital age. The 

starting point were several articles revolving around the subject of DDDM and data strategy to get an 

overview on the topic as a whole. It became clear that there is no universally accepted definition or 

framework on strategic data acquisition. What was also found is that strategic data acquisition has to be 

viewed in the context of data strategies, as the wide range of possible data sources and data usages varies 

depending on the chosen data strategy. Also, DDDM gets increasingly more relevant. For DDDM to be 

effective, companies need sufficient data regarding their business processes, customers, suppliers and 

products. Based on this knowledge, this literature review was conducted in 3 steps. 

First, based on the initial review of the literature, a general information gathering was carried out to 

identify 3 key papers (see chapter 3). Based on these key papers and some supplementary literature, a 

definition for strategic data acquisition was formed.  

Next, I did a detailed database search for the identified sources and usage possibilities to discuss the 

different approaches. In total, I identified nine possible data sources for DDDM: (1) ERP data, (2) man-

ually input data from employees, (3) social networks, (4) publicly available datasets, (5) crowdsourcing, 

(6) loyalty programs, (7) user in the loop data, (8) sensors, (9) web mining. The decision for a certain 

data source has to be made depending on the required data. User in the loop data for example is useful 

in product development, as data collected from the user provides insight into usage and clues for opti-

mization. To identify the users’ needs as part of product optimization, qualitative data from social net-

works can provide the necessary information.  

This also brings us to the third step, researching the topic of data usage. While the literature research 

was conducted, countless possibilities to use generated data were found. The results were narrowed 

down to strategically relevant fields of action. In total, nine use cases were presented: (1) detecting and 

/ or limiting fraud, (2) digitizing business models or business model innovation, (3) DDDM, (4) direct 

monetization, (5) machine learning algorithms, (6) jumpstarting data network effects, (7) support prod-

uct innovation, (8) support product optimization, (9) various customer specific analysis. As with the 

data sources, companies need to elaborate a plan before they start collecting or using the data, otherwise 

they could face extra work due to the high complexity and novelty of the topic. 

In the discussion, key similarities and differences of the papers were identified. However, due to the 

lack of holistic research and resources for this review, not all differences may have been revealed. In 

total, this review should give a sufficient overview on the topic as a whole and provide useful infor-

mation for practice as well as avenues for future research. 
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