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Abstract 

This study investigates the value effect of big data in the financial services field for publicly listed firms 

operating in the United States. Big data is a relatively new technology that has become more and more 

popular in the last 10 years. In this study it is investigated how big data can add value, this is done by 

testing the impact on financial firm performance and market value. There is a lot of literature about firm 

performance and big data but few studies follow the same methodology and data collection method that 

is used in this study, this study therefore tries to contribute to the current literature. The practical 

contribution of this study is that it tries to provide new insights for firms that are thinking about 

implementing big data but are not convinced of the potential benefits yet. Additionally, this study 

provides new future research directions as well. 

It is expected that early adopters of big data experience higher firm performance and market 

value because they have had more time to implement and exploit the use of big data, leading to more 

benefits compared to later adopters. However, the results in this study show that there is no significant 

difference in the so-called early and late adopters. On the contrary, the study finds significant results 

for firms that implement big data between 2010 and 2016, if average figures over 2019-2020 were taken 

whereas figures over 2017-2018 show less significant results. It seems that firms need more time to 

exploit big data benefits and increase firm performance. Overall, the results implicate that the usage of 

big data does not have a significant impact on financial firm performance. Additionally, out of the four 

financial metrics related to firm value, two show significant results in all the regression models. It seems 

that investors are willing to pay more for a certain stock if this firms announced that they work with big 

data. However, this higher firm value could be an effect of the firms position towards new innovations 

and implementing them. Therefore, future research is needed to validate the results of this study and 

investigate other factors that influence the effect of big data on firm performance.  

Key Words: Big data implementation (BDI), Decision-making, Value effect (VE), Firm performance, 

First movers advantage, US-listed firms, Financial services field.   
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1 Introduction  

“The businesses that do not understand or willing to react for these changes will fail miserably”  

 

The quote stated above was addressed in the article of Kumaresan and Liberona (2018) and refers to 

the importance of changes in, among others, economic and technological changes and how companies 

react. Big data is a hot topic these days and the application is becoming more visible in all kinds of 

areas. More recent literature is emerging about the use of big data in the financial field; however, 

researchers do acknowledge that additional research needs to be done. As stated in the recent article by 

Huang, Wang, and Huang (2020), it remains unclear which benefits are experienced by firms when 

adopting big data. Also, the literature about the financial benefits of big data implementation is very 

limited. According to the survey that was conducted in the study of Huang et al. (2020), 43% of the 

respondents that plan to invest in big data do not know what the expected return will be. Researchers 

share the same opinion that big data brings benefits towards the company, but they are not sure how 

much and which benefits exactly can be achieved. According to Wamba et al. (2017), big data can be 

considered as a game changer that enables different improvements within the organization, because it 

has a high strategic and operational potential as well. It is also stated that successful companies are the 

ones who have developed a big data environment which leads to better decision making. This statement 

is to some extent confirmed by the study of Shamim, Zeng, Khan, and Zia (2020), they mention that 

big data driven decision making is not that easy because of the fact that data could be unstructured and 

not give the correct insights. In the report published by the McKinsey Global Institute1 it is stated that 

the potential of big data remains uncaptured by firms. Challenges that firms face are categorized in three 

different factors, the conclusion that these factors state is that firms are unsure how to use big data and 

are cautious when it comes to investing in new technologies. Other firms find big data too complicated 

to start with and rather wait for a few years, according to Suoniemi, Meyer-Waarden, Munzel, Zablah 

and Straub (2020).  

This all brings us to the main focus of this thesis; the investigation of the value effect of big 

data. In what ways can firms benefit from using big data and does big data actually have a significant 

impact on firm performance. Therefore, the goal of this thesis is to examine a hot current topic and add 

to the existing literature by using a different methodology compared to most of the studies about big 

data and firm performance. As mentioned earlier, researchers do acknowledge that it is not yet clear 

which benefits big data can bring to the financial services field and additionally in what time frame 

 
1
The age of analytics: Competing in a data driven world McKinsey (2016): 

https://www.mckinsey.com/~/media/McKinsey/Industries/Public%20and%20Social%20Sector/Our%20Insights/The%20age%20
of%20analytics%20Competing%20in%20a%20data%20driven%20world/MGI-The-Age-of-Analytics-Full-report.pdf 
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possible effects can be noticed. In this introduction, the background and context of the stated research 

question are given.  

1.1 Background information 

At first, the definition of big data should be clear to fully understand the stated research question. Big 

data is defined as follows: “Big data is the designation of structured and unstructured data of huge 

volumes'' and “big data is said to be a socio-economic phenomenon associated with the emergence of 

technological capabilities to analyze huge amounts of data” (Bataev, 2018, p569). However, according 

to Elgendy and Elragal (2014), big data in itself is not yet valuable. Big data analytics, further BDA, 

translates data into useful insights, making big data valuable. Earlier studies, for example the research 

of Elgendy and Elragal (2014), defines big data based on three founding dimensions, namely Volume, 

Variety, and Velocity. Among others the researchers Rubin and Lukoianova (2014), and Hasan, Popp, 

and Oláh (2020) add a fourth dimension Veracity to the dimensions that explain big data. Recent articles 

published about big data even talk about five dimensions, the fifth dimension Value is added in the 

research of Vitari and Ragueseo (2019) and Shamim et al. (2020). These changes in different 

dimensions in a relatively short period of time show how constantly evolving this area still is and that 

researchers have not yet the exact same understanding.  

Now that the definition of big data is defined, the following step would be how the underlying 

process should look like. Big data might not sound very complex, and it does not have to be if the right 

steps are followed and the process is correctly implemented in the whole organization. This process can 

be explained by means of the big data chain, the study of Janssen, Van der Voort, and Wahyudi (2017), 

points out that when big data is used a certain approach has to be followed. Additionally, Shamim et al. 

(2020) argue that it is not just about having access to big data and decision making based on this data, 

big data driven decision making follows a chain of activities. To make the implementation of big data 

within a firm a success, the whole process should be aligned. The study of Janssen et al. (2017) defined 

four main steps, which were also acknowledged in the study of Shamim et al. (2020). The four steps 

are the following: data collection, data preparing, data analyzing, and decision making. As displayed in 

the figure below, without the proper data collection methods, the decision making would rely on false 

data which is something that a company definitely needs to avoid. The first two steps are as, if not more, 

important than the last two steps. The implementation of big data in a company should go in good 

cooperation between IT and Finance to achieve the best results. This thesis focuses mainly on the last 

part, the decision-making process. Based on the current literature, it is expected that using big data leads 

to better decision making and eventually will result in higher firm performance.  
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Figure 1: Steps and transfer points in the big data chain (Janssen et al., 2017) 

1.2 Research objective and contribution 

In the past years more researchers gave attention to the topic of big data and finance, this can be seen 

in the number of articles published in recent years about this specific topic, compared to earlier years. 

The study of Huang et al. (2020) states the conclusion that big data positively affects market value and 

firm performance, however, this study focuses on firms in all branches except IT. As mentioned by 

Suoniemi et al. (2020), the current available academic research is silent regarding to what extent big 

data investments have an impact on firm performance.  

The research in this thesis is focused on the value effect of big data in the financial services 

field. The reason why this specific branch is chosen is because Bataev (2018) argues that financial 

institutions receive a huge amount of information and are therefore leaders in the field of big data. 

Additionally, according to Sun et al. (2020), big data has revolutionized the financial services industry, 

firms are moving more towards digitization while using big data because it strengthens the level of firm 

performance. It is expected that firms that do work with data, and firms that do not work with data, 

show a significant difference in firm performance, a better decision-making process, and higher market 

value. However, as said in the introduction of this thesis, the survey conducted in the study of Huang et 

al. (2020) shows that 43% of the firms do not know what expected return will be. This thesis therefore 

tries to show practical relevance by testing the hypothesis about significant differences in firm 

performance and show firms that are thinking about implementing big data what value it can add to the 

company. 

The research questions and hypotheses formulated in this thesis are to some extent based on the 

research of Huang et al. (2020), their research focuses on the announcement of big data implementation 

and firm performance. However, in that particular research, the focus is on all branches except IT, it is 

admitted that their sample is limited and might not have covered all the aspects. In this thesis the focus 

is more pointed towards one specific branch, the financial services sector, because this field is not yet 

extensively investigated. Also, the current literature about big data and firm performance related to the 

financial services industry uses other methodologies and data collection, by using another approach this 

study adds to the current literature. Additionally, with more recent literature and data available, this 

thesis tries to contribute new insights to the current existing literature by identifying the value the 
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implementation and use of big data can add to firms operating in the financial services field. This all 

leads to the following research question that is investigated in this study: 

 

What is the effect of big data implementation on firm performance and firm value of firms 

operating in the financial services field listed in the United States?  

1.3 Outline of the study 

The structure of this paper is as follows; in the second chapter the literature review is presented, which 

consists of the examination of current literature, what firm performance is in this context and the 

formulation of the hypotheses. The third chapter examines the research methodology, variables and 

sample size, robustness checks and the sample size and data. The fourth chapter provides the results of 

the conducted assumptions regression, OLS regression analysis, robustness checks, and the hypotheses 

testing is presented. The fifth and last chapter five provides the conclusion, limitations and 

recommendations for future research.   
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2 Literature review 

In this section, a comprehensive literature review is written on the relationship between big data and 

firm performance. This thesis will mainly focus on the impact of big data on financial firm performance 

and market value in the financial services field. First of all, the recent literature about big data and 

finance is examined to see if there are overarching topics or significant differences. Secondly, the role 

of big data in the financial markets is examined and where possible applied to this study. Thirdly, the 

value of information related to big data is presented, what effect does big data have on the value of the 

information within the organization. Furthermore, firm performance is examined based on the current 

literature, followed by the issues and disadvantages that should be taken into account if a firm chooses 

for big data implementation. Eventually, the hypothesis development is presented in the last section of 

this chapter. 

2.1 Big data and the financial services field 

There has been some interesting literature being published about the advantages of big data. During 

recent years more and more literature about the effect of big data on all kinds of firm’s operations have 

been published, due to the fact that more firms are taking on big data and acknowledge the importance. 

In the research of Raguseo and Vitari (2018), it was already stated that big data could be listed as one 

of the top strategic technology trends with a huge impact for the next five years. In more recent 

literature, researchers do admit that big data can bring huge benefits to firms. Bataev (2018) and 

Yadegaridekordi et al. (2020) both state that customer service, operational efficiency, risk management, 

and legal requirements can be improved if big data is implemented. In addition, according to Hasan et 

al. (2020), big data technologies provide higher levels of automation which results in lower costs and 

increased productivity, which ultimately increases profit. In the study of Yadegaridkordi et al. (2020) it 

is even argued that big data adoption will lead to higher firm performance, under the condition that 

enough IT expertise is available within the organization to facilitate the big data adoption. Additionally, 

Huang et al. (2020) argue that big data analytics are positively related to business growth and that useful 

insights can be created while using big data analytics tools. There is a lot of literature being published 

about the effect of big data on finance, customer intelligence, operations and many other topics. A more 

upcoming topic in recent years is the effect of big data on the decision-making process, the study of 

Sun et al. (2020) tries to contribute to the existing literature and provide new evidence as well to 

investigate the relationship between the use of big data and improved decision making. Based on the 

studies outlined in the paragraph above it can be concluded that researchers acknowledge the 

importance of big data within firms.  
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The implementation and use of big data can play a huge role in the finance area. According to 

Wang (2020), big data in finance has become a hot research topic among researchers. Big data, cloud 

computing and other internet technologies were brought into the financial industry by some internet 

companies after 2010, from there on big data became more and more important (Wang, 2021). The 

article of Sun et al. (2020), states that big data can be seen as a key in the development of the financial 

sector and financial services. According to Hasan et al. (2020), external and alternative data is used by 

financial analysts to make better investment decisions these days. However, the study of Hasan et al. 

(2020) also outlines that the extensive view of big data in the financial services field is not done before 

with proper explanation of the opportunities and influence of big data on finance. Additionally, the 

research of Bataev (2018) points out that the implementation of big data technology in the financial 

sector would increase heavily over the upcoming years. The increase in big data use is also mentioned 

in the study of Sun, Shi, and Zhang (2019), it is stated that big data in finance is becoming one of the 

most promising areas in the financial sector. This would implicate that firms do acknowledge that the 

use of big data can be beneficial for their firms. Therefore, the study of Kumaresan and Liberona (2018) 

tries to understand if a data-driven business model will give financial firms an advantage compared to 

their competitors and Sun et al. (2019) add that big data can significantly change business models in 

financial services companies.  

The above referenced literature aligns with the goal of this thesis, namely, to investigate what 

value big data can bring to firms that start working with big data. This is done via the hypothesis testing, 

to determine if there is a significant difference in firm performance. A more recent paper of Sun et al. 

(2020), argues that big data is relevant in many research fields but that it is particularly important in the 

finance area. They also add that finance professionals these days should possess IT skills to some extent 

to work with big data and other related topics because of the modern business that is constantly 

changing. Finance professionals themselves do also acknowledge that big data analysis is one of the 

most important aspects in the analysis of services and financial products (Sun et al. 2020). Finance 

based on big data has a lot of advantages according to Wang (2020), among others, more transparency, 

higher participation, lower intermediate costs, and better collaboration is achieved.  

Another research of Wang (2021) states that traditional banks, which belong to the financial 

services area, also should make use of big data and try to keep up with the latest innovations. Another 

specific type of company within the financial services field are the accounting firms. According to Sun 

et al. (2020), finance and accounting big data go hand in hand and can be seen as a promising innovation 

in the accounting area, for example detection of fraud is easier to identify while using big data. Both 

banks and accounting firms are often categorized in the category of large firms, the study of Sun et al. 

(2020) addresses that it is interesting to see that companies, mainly in finance, consider big data analysis 

more and more important, and they acknowledge that it has to be developed. The study of Sun et al. 

(2020) also argues that the financial services and related sectors are transformed by the upcoming big 

data usage. Concluded, current literature about big data in the financial services field does acknowledge 
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the importance and potential of this new innovation. However, it remains unclear what benefits can be 

exploited exactly and which time frames should be taken into account. This thesis tries to prove the 

benefits of big data while using a different methodology, especially the data collection method, 

compared to current literature.  

2.2 Big data in financial markets 

Financial markets are always looking for new innovations in technology that are accepted and have a 

significant impact on business and therefore will lead to optimism (Sun et al., 2020). The effectiveness 

of financial markets is determined by the amount of information available and the quality of the data. 

Several researchers point out that risk management, forecasting, and valuations of overall markets are 

improved via the use of big data, some examples are the automatization of trading, risk analysis that are 

easier performed, and investments can be made online without the interference of the banking industry 

(Sun et al., 2020). Additionally, the study of O’Halloran, Maskey, McAllister, Park, and Chen (2015) 

points out that big data is used for the regulation of financial markets, by using new data science 

techniques combined with big data sets it becomes easier to regulate. The second hypothesis is based 

on the expectation that announcements about new innovations within companies have a positive impact 

on the market value of a firm. As argued in the study of Begenau (2018), changes in stock prices of a 

firm are priced based on the available data. When there is more data available about a certain company, 

usually the risk reduces and therefore the compensation that investors require is less. When a firm 

implements big data it can also be used to provide more transparency towards potential investors. More 

insights due to the possibility of extensive data analysis can be shared with investors and other parties 

to eventually reduce the cost of capital (Hasan et al. 2020). Therefore, it can be stated that the main 

effect of the use of big data in financial markets is reducing the firm’s average cost of capital. 

Furthermore, big data can provide investors with more transparent information. However, the  results 

in the event study of Huang, Wang, and Tasi (2016) show that the announcement of big data 

implementation does not directly affects stock prices. Contrary to the event study, this study however 

focuses on long term performance and investigates if big data implementation has an effect on market 

value years after the implementation. Also this study takes different measures into account, such as 

Earnings Per Share and Tobin’s Q, to test for significant results. Concluded, big data can lead to more 

transparency, lower cost of capital, and reducing risk, these topics can lead to investors willing to pay 

more for the stock of a certain company because higher profitability and lower risk would lead to higher 

valuation.   
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2.3 Value of information 

One of the aspects that is mentioned by several researchers and eventually can result in higher firm 

performance is the improvement in the decision-making process. As mentioned in the study of Sun et 

al. (2020), information gathered from raw data is the basis for the process of decision making. The next 

step in this process is transforming this raw data into useful visualizations, with all the essential data 

visualized the management can make the best decisions for the organization. This decision-making 

process is based on the information gathered from big data, which can also be seen as its value. 

Additionally, the study of Kościelniak and Puto (2015) points out that big data is not only about the 

collection of big data, but more about processing and visualization which is essential for obtaining 

business benefits. They even state that the application of big data will results in real competitive 

advantage. The study of Elgendy and Elgaral (2014) defines three main areas when it comes to big data: 

storage and architecture, data analytics processing, and big data analysis. The decision-making process 

is based on the third area big data analysis, this aligns with the study of Sun et al. (2020). One important 

implication that was stated in the research of Janssen et al. (2017), is that deciding based on big data is 

not only about analyzing the big data that you have access to. A chain of activities goes before a big 

data driven decision making; data needs to be collected, prepared, visualized, and then the analyzed so 

that big data can help improve the decision making. This study mainly focuses on the last step, the 

impact of better decision making due to the availability of more important information.  

Therefore, to combine all these aspects together, a framework is proposed. The framework 

brings aspects together that explain how big data can add value and improve firm performance. In the 

study of Mikalef, Boura, Lekakos, and Krogstie (2019) a framework is developed, which consists of 

one dependent variable, namely firm performance, and six independent variables that have an impact 

on firm performance.  

 

Figure 2: Research framework (Mikalef et al., 2019) 
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The above framework is the basis for the framework presented in this study as well. There are different 

aspects that have an impact on firm performance, besides data there are five other aspects as well 

presented in the framework. This shows that only the access to big data does not instantly result in 

higher firm performance. The combination of big data availability, the corresponding technology with 

clear processes, and people that can work and understand big data contribute to the value of big data as 

well. According to Anfer and Wamba (2019), big data can create new opportunities for firms, and they 

can improve their business based on new insights and more information that becomes available. An 

example is that companies use big data analytics to understand customers behavior and improve 

suggestions.   

Additionally, Chen and Lin (2021) argue that converting big data into useful information can 

increase knowledge about future opportunities and threats and even provide intelligent solutions when 

it comes to corporate decision making. Another important advantage of using big data is that firms can 

respond very quickly to new trends. Data is almost instantly available and firms that have faster access 

to important data can gain competitive advantage (Chen & Lin, 2021). The study of Dong and Yang 

(2020) add that raw data from for example social media can be used to get more insights about potential 

customers and how future marketing campaigns can reach their highest potential and lead to more sales 

and increased revenue. To conclude, based on the current studies it can be stated that several factors 

that have an influence on firm performance can be improved by using big data. The basis of this study 

is summarized in a framework and can be visualized as follows:  

 

 

Figure 3: Summarized framework information value big data 
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2.4 Firm performance 

The value effect of big data in this study is measured by testing the impact of this variable on firm 

performance. The term firm performance should therefore be clarified and described, to make sure that 

the definition and the eventual effect is understood. According to the study of Santos and Brito (2012), 

firm performance can be described as follows: “A subset of organizational effectiveness that covers 

operational and financial outcomes”. Firm performance in this definition is split into two categories, 

financial and operational performance, in this study the focus is pointed towards the financial 

performance. Other important aspects that should be considered while using firm performance as a 

dependent variable, is time frame and the reference point. If new innovations are brought into the 

company, it takes some time until these effects can be seen in changing firm performance. According 

to the study of Chakravarthy (1986, as cited in Santos and Brito, 2012), superior financial performance 

is something that satisfies investors. This financial performance can be divided into market value, 

financial firm performance. These two categories will be transformed into different financial metrics 

which will be used during this study in the regression models.  

The study of Su et al. (2021) investigates the effect of big data on organizational performance. 

The results of the study show that big data analytics capabilities have a positive and significant effect 

on organizational performance. Additionally, the relationship between innovations and organizational 

performance has become closer than ever (Guo et al. 2017; as cited in Su et al. 2021). Also, innovation 

is a key factor for firms to obtain a competitive advantage and stay ahead of the competition (Su et al. 

2020). The study of Li, Dai, and Cui (2020) mentions that the application of big data and analytics is 

closely related to enable firms to increase better decision making. Big data can increase efficiency and 

therefore reduce costs and increase profits. However, the study of Aktar, Wamba, Gunasekaran, Dubey, 

and Childe (2016) mentions that big data does not pay off for all companies, it appears that only a few 

companies really benefit from big data advantages and higher firm performance. Additionally, a study 

conducted in 2014 pointed out that firms that do not adopt big data are expected to experience a decline 

in market share and momentum2.   

Concluded, current literature agrees that the use of big data can have a significant impact on 

firm performance. This study focuses on the financial firm performance to measure the impact of big 

data. In the methodology section more explanation is given how the impact of big data on financial firm 

performance is measured. 

 
2  Columbus, L., 2014a. 84% Of Enterprises See Big Data Analytics Changing Their Industries' Competitive Landscapes in 

the Next Year, Forbes. 
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2.5 Issues and disadvantages of big data 

The paragraphs above have been very positive about the use of big data, however, there are also some 

limitations when it comes to the use of big data which should be taken into account. According to Sun 

et al. (2020), the rate of innovation that is brought about by information technology is the main issue in 

the finance area. This is also mentioned in the study of Hasan et al. (2020), namely, management of big 

data is the most important factor and the most important issue. This is confirmed by the study of Bataev 

(2018), they also mention that data protection and confidentiality are important aspects and that 

qualified personnel is required to fully reach the potential of big data tools. Another aspect that 

contributes to the issues emerging within companies, is that the transformation in the area of big data is 

so rapid that financial institutions might not be able to keep up with it (Sun et al., 2020). Additionally, 

an issue that is also seen a lot, and addressed in the research of Sun et al. (2020), is that when it comes 

to start working with big data that there is a dissimilarity between the languages of finance and IT, both 

parties have different interests and do not have the same end goal in mind. As said earlier, huge firms 

often change faster towards the new innovations such as big data, this is partly because of their available 

resources and motivation to stay one step ahead of the competition. The downside is that huge firms 

often are less flexible and that it can take more time to implement new technologies in the organization, 

whereas smaller companies have the advantage that they can implement faster and change their way of 

working.  

When looking at firm performance in terms of profitability, it should be considered that the 

implementation of big data usage comes with costs as well. If a company decides to start working with 

big data, the infrastructure within the organization must be updated in most of the cases. These changes 

in the organization take time, and a lot of effort from the people working in the firm which can be 

expensive in some cases. The study of Wang (2020) addresses that many new problems come up when 

a company decides to actively use big data, for example the processing ability of the current software 

and the data management. Additionally, Elgendy and Elragal (2014) mention that you want your big 

data set as big as possible because then you are sure it contains all the information you need. However, 

the larger the set of data the more difficult it will be to manage, store and secure this data which will 

come at a higher cost as well. It is therefore not easy for companies to find the perfect balance between 

the amount of data stored and the management. Companies tend to store as much data as possible to 

achieve the best representation of reality and to make sure all data is available if needed, however 

managing this amount of data comes at a cost. Finding the perfect balance is not easy and is often a 

process of just starting somewhere with data storage and learning from time-to-time which methods fit 

best.  

Concluded, the study of Oussous, Benjelloun, Ait Lahcen, and Belfkih (2018) provides a clear 

overview of the challenges that can occur while using big data, consisting of: Data capture, searching, 

storage, analysis, visualization and management. Additionally there are security and privacy issues that 
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might occur in distributed data driven applications, which can be shared internal and external. Most of 

the challenges related to big data are technical, which is why firms should have enough technical 

expertise available. Overall, implementing big data can bring benefits to firms, however the 

disadvantages should be managed correctly, and the risks and challenges should be covered to make 

sure big data is beneficial and can create competitive advantage.   

2.6 Hypothesis development 

In this section the hypothesis development is examined. So far, the existing literature regarding big data 

use in the financial field has been described, this leads to the conclusion that the relationship between 

the use of big data in the financial services field is not yet extensively investigated. Therefore, three 

hypotheses are formulated to test the effect of the implementation of big data on firm performance and 

firm value of companies operating in the financial services field operating in the United States. As 

mentioned in the study of Ragueso and Vitari (2018), firm performance includes both financial and 

market performance. Financial performance mainly is about profitability, revenue growth, ROE and 

other financial figures. Market performance is about the position a firm has compared to their 

competitors and if this position becomes stronger by using big data. This is measured by variables such 

as Earnings per share (EPS), Price to book ratio (P/B), Price to earnings ratio (P/E), and Tobin’s Q. 

Overall, based on the study of Brynjolfson, Hitt, and Kim (2011), it is expected that data driven decision 

making has a positive impact on firm performance, their study shows significant results for return on 

equity and market value. In the following sections the stated hypotheses are more extensively examined. 

2.6.1 Financial firm performance 

With the knowledge that large financial firms often have more big data available, the collected data is 

taken from listed companies operating in the financial services field, which are often relatively large. 

This is supported by Begenau, Farboodi, and Veldkamp (2018), they state that big firms produce more 

data because of their extended economic activity and longer firm history. Based on announcements in 

the newspapers about big data implementation within firms, firm performance is measured to see if a 

significant difference can be determined. It is expected that firms that work with big data experience 

higher financial performance. According to Hasan et al. (2020), big data can reduce equity uncertainty 

and reduce firms’ cost of capital. Also, Begenau et al. (2018) stated that “more data processing lowers 

uncertainty, which reduces risk premia and the cost of capital, making investments more attractive”. 

Additionally, the availability of big data helps firms analyze their risk, Hasan et al. (2020) therefore 

state that risk management can be improved resulting in higher profitability. Financial figures are 

therefore expected to be improved because the cost of capital is lower, and more information is available 

to make the right decisions. Financial firm performance is focused on the short term improvements in 
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for example ROE, ROA and Profit margin. The first hypothesis that is tested to investigate if big data 

has a significant impact on firm performance is as follows: 

 

H1: Firms that implement big data are associated with higher short-term financial firm performance 

than firms that do not implement big data 

2.6.2 Market value 

The impact of big data on firm value and the stock market should continue to be explored, according to 

Hasan et al. (2020). Firm value can be determined in many ways, the way to determine firms’ value is 

in this thesis based on the stock market value. The first hypothesis was about financial firm 

performance, which is tested by comparing figures of annual reports and therefore more focused on the 

short term. The second hypothesis is more focused on long term firm performance and value, according 

to the study of Huang et al. (2020), market value can be seen as a measurement to see a company’s 

long-term performance. Firms that do work with big data analytics enhance the organizations 

information processing capability, which brings competitive advantages compared to other firms (Chen 

et al., as cited in Ragueso & Vitari 2018). Their results additionally show that business growth can be 

increased by using big data analytics. It is expected that firms that announce that they will implement 

big data have higher market values compared to firms that do not announce they work with big data. 

Stocks of firms that announce they start implementing big data are expected to be more attractive to 

investors because the implementation of big data can bring huge benefits to the firms as mentioned 

before. Additionally, The study of Gunday, Ulusoy, Kilic, and Alpkan (2011) shows that investment in 

digital systems can have a positive effect on the obtained market share, intensively using big data can 

thus lead to increased market share which can be the basis for better firm performance and optimistic 

investors about the long term perspectives resulting in higher market values. All this combined brings 

us to the second hypothesis that is tested: 

 

H2: Firms that announce they work with big data are associated with higher long-term firm value 

2.6.3 Early Adopters 

The first two stated hypotheses do not consider the potential advantages and risks of early big data 

adopters. Most of the time, firms that detect and implement new trends first are expected to achieve 

higher benefits. The study of Huang et al. (2020) takes into account the so called first movers advantage.  

Applied to this research, it is expected that firms who belong to the group of early adopters of big data 

in their organization are associated with higher firm performance compared to later adopters. These 

early adopters already had more time to benefit from data analytics and improve their approach towards 

data collection, storage and visualization. Also, early adopters might be able to gain superior 

performance compared to competitors and obtain valuable propositions. According to the study of 
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Huang et al. (2020) big data started to take off after 2013, early adopters are the companies that started 

with big data between 2010 and 2013. Therefore, the third hypothesis that is tested in this research is 

the following: 

 

H3: Early adopters of big data are expected to achieve higher firm performance because of first 

movers advantage 
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3 Research method 

3.1 Methodology 

At first, the different research methods used in other studies related to big data and firm performance 

or market value are examined. Different research methods are used in the published studies, the most 

common methods are further examined. The prior study from Huang et al. (2020) that examined a 

similar research question used the OLS regression model as a research model. The study of Vitari and 

Raguseo (2020) used the two-stage least-squares regression model, however, they first conducted a 

confirmatory factor analysis to verify the appropriate properties of the measures used in their study 

compared to the other studies. There are a lot of studies that make use of the Partial least squares – 

Structural equation modelling (PLS-SEM) method (Kumaresan & Liberona, 2018; Wamba et al. 2017; 

Yadegaridehkordi et al., 2020; Shamim et al., 2020). However, the studies that make use of the PLS-

SEM method are collecting data via a questionnaire or interviews, which is different compared to this 

study. 

3.1.1 Regression analysis 

The regression analysis is the method that is most used in the studies that investigate the effect of big 

data on firm performance based on quantitative data. The regression analysis is a dependence technique 

where a single dependent variable is predicted by one of more independent variables. Within the 

regressions analysis there are some different methods that are used, among others the ordinary least 

square regression, panel regression, and two-stage least squares regression models. These models will 

each be further discussed in the following sections. 

3.1.1.1 Ordinary least square regression 

The ordinary least square (OLS) regression model is a statistical model that estimates between 

independent variables and a dependent variable. Most of the researchers address that the OLS regression 

method is one of the best statistical methods that can be used (Souza & Junqueira, 2005).  Dismuke and 

Lindrooth (2005) argue that the OLS regression method is one of the most common techniques used 

when it comes to multivariate analysis. However, they also mention that it might be the most misused 

technique in research. OLS is a useful method when parameters are not known and the relationship 

between independent variables and the dependent variable is hypothesized and needs to be tested. The 

OLS technique can be used to model a response of the dependent variable based on the independent 

variables (Craven & Islam, 2011). While using the OLS method there are some assumptions which 

should be taken into account. The OLS method requires several assumptions related to the model and 

residuals, such as normality, independency, and homoscedasticity. Additionally, outliers are something 
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that should be considered when conducting the OLS method according to Souza and Junqueira (2005), 

because this model is very sensitive to the presence of outliers. Therefore, during the data collection 

process significant outliers that were detected were removed from the sample to avoid this problem.  

3.1.1.2 Two-stage least squares regression (2SLS) 

The two-stage least squares (2SLS) regression technique is the extension of the OLS method. This 

method is used in situations with an endogeneity problem. The study of Vitari and Raguseo (2019) uses 

the 2SLS regression to address the concern of reverse causality and endogeneity related to IT 

investments. The benefit of using the 2SLS method is that it can assess the relationship between big 

data implementation and firm performance in both directions. The causality between firm performance 

and big data implementation can go both ways, it might be that firms that experience superior firm 

performance are more inclined to implement big data, also because they have the financial resources. 

While the other way around big data implementation can lead to higher firm performance because of 

benefits earlier mentioned in this study. The study of Benitez, Henseler, Castillo, and Schuberth (2020) 

points out that the endogeneity problem can be addressed by using the 2SLS model, they mention that 

path coefficients used in the OLS regression may suffer from omitted variable bias, the 2SLS can solve 

this. However, the 2SLS method has some disadvantages as well, compared to the normal OLS 

regression method the results are more difficult to interpret. Additionally, more skills are needed to 

conduct this analysis, for example the number of instrument variables should not be too small or huge. 

This requires a certain skill and is often more time-consuming than conducting a normal OLS 

regression.  

3.1.1.3 Panel regression 

The panel regression analysis is used when the same individual data are collected over a time period. It 

is also known as longitudinal or cross-sectional time-series data. Panel regressions can be divided in 

two main types, the fixed and random effects. The study of Dong and Yang (2020) uses panel data to 

avoid repeated measures. The panel regression model allows control for variables that cannot be 

observed or measured. The use of panel data comes with several benefits. It gives more informative 

data, more degrees of freedom, more efficiency, less collinearity among variables and more variability. 

Additionally, panel data controls for individual heterogeneity and is better suited for identifying effects 

that are not detectable in pure time-series data (Hsia, & Klevmarken, as cited in Baltagi, 2005). There 

are two types of panel regression that can be used, namely the fixed and random effects. The fixed 

effects model can be further divided into one-way and two-way models, where one-way is about cross 

section data or time-series data and two-way is about both. In this study, data is obtained for companies 

operating in the financial services field over several years after the announcements related to big data. 

A panel regression could therefore be an option to apply in this study, in the following sections the 

method used in this study will be further examined. 
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3.1.2 Method used in this study 

Based on previous studies and the stated research question the chosen research method is the ordinary 

least square (OLS) regression model. The 2SLS method could be used as well, but the OLS method is 

easier to use and the endogeneity issues that can occur can be avoided by using lagged variables. 

Additionally, the results of the OLS method are easier to interpret compared to the 2SLS method 

(Shepherd, 2010). The panel regression can be used as well in this study because data over several years 

was collected. However, because other studies which use firm performance as dependent variable make 

use of the OLS regression instead of panel regression. Therefore, the collected data over different years 

is summed up together and dividend over the years so that the average figures are used in this study. 

The OLS regression method is in line with the models used in other empirical research regarding the 

use of big data and firm performance, these studies used lagged variables as well to control for any 

endogeneity issues. Additionally, the ordinary least square research model has the advantage of being 

more flexible in the relationship between numerator and denominator and used in the study that follows 

the same approach (Huang et al., 2020).  

3.1.3 Assumptions regression 

A few assumptions should be fulfilled regarding the OLS regression method. The first is that there 

should be no multicollinearity between the independent variables. There are two main methods that can 

be used to check for multicollinearity (Hair et al. 2010). The first is looking at the correlation 

coefficients, which can be found in Table 6. Correlations higher than .9 can indicate that 

multicollinearity might be an issue. This is found for two variables, namely profit margin and 

Ln_FSIZE, because this only indicates multicollinearity, another method was used to confirm or deny 

these findings. The second method is looking at the VIF values, whereas VIF values above 10 indicate 

multicollinearity problems. The VIF values for the independent variables can be found in Appendix D. 

When the assumptions are fulfilled, an appropriate method to use in this study is the OLS regression. If 

it might be the case that not all the assumptions are fulfilled then adjustments to the data will be made 

to make sure that the assumptions are met, such as deleting outliers and not using all variables in the 

model. Preferably the VIF values should be below 5, in Appendix D it can be seen that all the VIF 

values for the independent variables are below 5. To conclude, the assumptions regarding the OLS 

regression method and corresponding independent variables are met and the data can thus be used in 

the study. 

3.1.4 Endogeneity problem 

A key issue that could occur in this research is the endogeneity problem, which is about the probability 

of reversed causality. The endogeneity problem is a common issue in finance studies and therefore 

should be taken into account, especially for this study because the OLS method is used which does not 
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take into account endogeneity (Wintoki, Link, & Netter 2012). Applied to this research, it could be that 

firm performance is not affected by the implementation of big data but that firms that perform well, 

easier implement big data because these firms could afford the relatively high costs. Other factors 

besides the implementation of big data can have a huge impact on firm performance as well. This 

endogeneity problem should therefore be taken into account because it could affect and limit the 

outcomes of this study, according to Schultz, Tan, and Walsh (2010) the presence of endogeneity will 

produce biased parameter estimates, which should be avoided. Additionally, another endogeneity 

problem that can occur is that higher firm performance leads to higher market value. So, it does not 

necessarily have to be that the effects seen in the results are because of big data adoption. To rule out 

any endogeneity issues the study uses leading variables, this means that the dependent variable firm 

performance is measured in year t + 1, while the other independent variables are measured as year t.  

3.2 Research model 

As argued before, the research method aligns with the study conducted by Huang et al. (2020), The 

findings of that study suggest that big data implementation can affect financial performance and 

increase market value. However, in this thesis the focus is pointed towards the financial services firms 

instead of all firms. Huang et al. (2020) also acknowledge that their dataset is limited, by being more 

specific and adding more recent literature and news articles the dataset used in this thesis should be able 

to provide new insights.  

3.2.1 Firm performance 

In order to test the first hypothesis that was stated during the hypothesis development a research model 

is created to estimate the effect of big data implementation on firm performance. Firm performance is 

measured by including the dummy variable for big data adoption, the control variable and the standard 

error term. The following model will be used to test the first hypotheses and eventually the research 

question:  

H1: Formula: Firm performance = 𝛽0 + 𝛽1(BDI adoption) + 𝛽2(Control variables) + E 
 

Where: 

Firm performance = the financial performance of the firm, measured in year t + 1. 

𝛽0 = constant, represents expected firm performance value if all other independent variables 

are zero.  

𝛽1 (BDI adoption) = a dummy variable for the implementation of big data within a company, 

measured in year t. 
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𝛽2 (Control variables) = control variables that are expected to have a relationship with 

financial firm performance, such as leverage (LEV), asset turnover (ATO) and firm size 

(Ln_FSIZE), measured in year t. 

E = random error term (has a mean of zero) 

3.2.2 Firm value 

The second formula is based on the second hypothesis and tests the effect of big data implementation 

on market value. The metrics EPS, P/E ratio, P/B ratio, and Tobin’s Q are used to express firm value. 

The other variables are used in the same way as the formula for the first hypothesis. 

 

H2: Formula: Firm market value = 𝛽0 + 𝛽1(BDI adoption) + 𝛽2(Control variables) + E 

 

Where: 

Firm market value = the (market) value of the firm, measured in year t + 1. 

𝛽0 = constant, represents expected firm performance value if all other independent variables 

are zero.  

𝛽1 (BDI adoption) = a dummy variable for the implementation of big data within a company, 

measured in year t. 

𝛽2 (Control variables) = control variables that are expected to have a relationship with 

financial firm performance, such as leverage (LEV), asset turnover (ATO) and firm size 

(Ln_FSIZE), measured in year t. 

E = random error term (has a mean of zero) 

3.2.3 Early adopters 

The last formula focuses on the third hypothesis, which is about the effect of big data implementation 

on early adopters. Do firms that implemented big data between 2010 and 2013 experience higher firm 

performance compared to late adopters. This is tested by including a dummy variable for early adopters 

in the formula. The other variables are equal to the two previous formulas. 

 

H3: Formula: Firm performance & value = 𝛽0 + 𝛽1(Early adopter) + 𝛽2(Control variables) 

+ E  
 

Where: 

 Firm performance & value = Firm performance and firm value  

𝛽0 = constant, represents expected firm performance value if all other independent variables 

are zero.  

𝛽1 (Early adopter) = a dummy variable; with the value 1 if company implements big data 

between 2010 and 2013, 0 if otherwise. Measured in year t. 
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𝛽2 (Control variables) = control variables that are expected to have a relationship with 

financial firm performance, such as leverage (LEV), asset turnover (ATO) and firm size 

(Ln_FSIZE), measured in year t. 

E = random error term (has a mean of zero) 

3.3 Data and sample size 

3.3.1 Data collection 

The data used to test the hypotheses related to firm performance is retrieved from ORBIS for publicly 

listed companies operating in the financial services fields in the United States. Examples of these 

companies are banks, insurances, financial consultancy, and accounting firms. The total list extracted 

from ORBIS contained 515 firms operating in the financial services field. After deleting firms with 

unknown values for the financial metrics used in the regression analysis, the total list came down to 208 

firms with useful data. Table 1 provides a more detailed insight in how the data collection was 

conducted. 

Table 1 Data collection ORBIS

 

Eventually, the list consisting of 208 firms was used to search for announcements related to big data 

implementation. These announcements about big data implementation are used to test the hypothesis if 

there is a significant difference between firms that work with big data and firms that do not. Via 

keywords, news articles or press releases that implicate that firms start working with big data were 

searched for. The searching method is based on the study of Huang et al. (2020) and was conducted as 

follows: Key words in combination with the company names retrieved from ORBIS were used to search 
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through Google search, pages were scanned for articles as long as 1 article on the page was about the 

corresponding firm. If a page did not show any articles or newspapers about the firm anymore the search 

was stopped, resulting in a value “not found” for that specific company. Also, a filter was set on the 

google search to only show results for the period 1-1-2010 till 31-12-2016. If announcements or articles 

are found they are scanned manually to determine if it is about big data before including in the sample. 

The key words that were used can be found in Appendix A. 

After all the 208 firms were searched for, the sample of 208 firms is divided into two groups, 

one group consists of firms that do announce they work with big data between 2010 and 2016, and one 

group that does not announce or imply that they work with big data, or at least this is not publicly 

known. Additionally, the group with firms that work with big data is split into two different sections. 

The first group is labeled as the early adopters, these are firms that announced or implied they use big 

data in very early stages. If announcements are found in the years 2010 till 2013, firms are concluded 

in the first group. The second group consists of firms announcing big data initiatives between 2014 and 

2016. Eventually, to test the hypotheses about market value, data related to financial firm performance 

and market value is retrieved from ORBIS.  

3.3.2 Sample size and period 

As mentioned in the previous section, the total sample size contains 208 firms. After following the 

procedure described in the section data collection, the sample distribution can be found in Table 2. 

 

Table 2: Sample distribution 

 

First of all, Table 2 shows that the total sample size was 208 firms. 108 firms with the value “not found” 

did not show any article or announcement about big data in the searching period, this group is called 

the non-adopters. Furthermore, the simplified table on the right in Table 2 shows that the group of so-

called early adopters consists of 30 firms and the late adopters group consists of 70 firms, resulting in 

a total size of 100 for the big data adopters’ group. For each of these 100 individual firms a big data 

implementation announcement in papers or news articles from 2010 till 2016 was found. The period 
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between 2017 and 2020 was not searched for because this allows us to determine if a firm experiences 

higher performance due to the implementation. Therefore, figures over the years 2017 till 2020 are used 

to determine firm performance. After some doubting the figures over 2020 were taken into account as 

well. Even though the Covid-19 crisis had a huge impact on short term performance and value, over the 

whole year 2020 it does not have a significant impact if looked at financial metrics and stock prices.  

3.4 Measurement of variables 

3.4.1 Dependent variables  

There are several dependent variables in this study, related to firm performance or market value. In 

Table 3 financial metrics are defined and based on these metrics the dependent variables are included 

in the regression model. Firm performance can be measured in different ways, the two most occurring 

methods are accounting based valuation and market-based valuation. The accounting method focuses 

on firm figures such as return on assets (ROA) and return on equity (ROE), the market-based valuation 

is more focused on earnings per share (EPS) and price to book value (P/B). The first hypothesis that 

was stated is based on the accounting method and therefore more focused on the short-term results. The 

second hypothesis focuses on market value and is based on the market-based valuation, this method is 

more focused on the long term because market valuation represents future expectations according to 

investors.  

 The dependent variables related to financial firm performance, are Profit margin, ROA, ROE, 

Debt/equity and Asset turnover (Huang et al. 2020). For the second hypothesis other independent 

variables are added to test the increase in firm value, the variables are; Price to earnings ratio (P/E), 

Earnings per share (EPS), Price to book value (P/B) and Tobin’s Q. Tobin’s Q is calculated by dividing 

the firm's market capitalization by its total assets3. By focusing on the difference in measures related to 

stock prices after the announcement of big data implementation, it is examined if the announcements 

have an effect of long-term firm value. The third hypothesis follows in the basis the same formula as 

the first two hypotheses combined; a divergent variable is the dummy variable for early big data 

adopters; if a company is considered an early adopter it gets the value 1, if not then 0. 

Appendix C provides a more detailed overview of all the variables used in the study. 

Additionally, based on the study of Huang et al. (2020), Table 3 presents an overview of the variables 

that are linked to financial performance and market value. However, instead of focusing on operations, 

metrics for market value are added to the model.  The dimensions Profitability and Capital structure are 

related to firm performance, while the dimensions Market value and Market based are related to firm 

 
3 Calculate Tobin’s Q: https://corporatefinanceinstitute.com/resources/knowledge/valuation/q-ratio/ 
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value. These key financial metrics will be used while testing the hypotheses related to firm performance 

and market value.  

 

Table 3: Financial metrics 

 

3.4.2 Independent variables 

In this study, two measures will be used, resulting in two types of independent variables, namely the 

Big data implementation variable (BDI) and the Early big data adopters (EBDI). This dummy variable 

has the value of 1 if there is a sign of big data implementation in the newspaper for a specific company, 

otherwise the value will be 0. The OLS regression models are conducted two times, the first time with 

the independent variables included, and the second time without, to see if there is a significant difference 

in the adjusted R squared. 

3.4.3 Control variables 

Control variables were used in the study, because according to Nielsen and Nielsen (2013), some 

common variables can influence firm performance. These variables could affect the results in the model 

and should therefore be controlled for. In contrast to the research of Huang et al. (2020), this study does 

not need to control for the industry effect because the whole sample is operating in the same industry. 

However, a control variable for firm size was included in the model, because according to the literature, 

the size of the firm can influence firm performance and market value. Current literature finds that firms 

with a larger size, on average are associated with higher firm performance (Lee, 2009). To control for 

firm size, the control variable Ln_FSIZE is created as natural logarithm of the total assets at the end of 

the year. To minimize the effects of outliers the natural logarithm is used.  
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Additionally, the different models also control for years to rule out any time specific results, as 

earlier mentioned, this study uses the average figures over a time span of three years to make sure that 

the results are representable. Instead of using a control variable for each year the average figures over 

a time period of four years is taken for both dependent and independent variables. Other control 

variables that are added to the regression are Asset turnover (ATO) and Leverage (LEV). According to 

the literature, leverage has an significant impact on firm performance and should therefore be taken into 

the regression as control variable (Ibhagui & Olokoyo, 2018; Bae, Kim, & Oh, 2017). Furthermore, 

Asset turnover is used as control variable, because the study of Nurlaela, Mursito, Kustiyah, Istiqomah, 

and Hartano (2019) finds that asset turnover has a significant impact on financial firm performance. To 

conclude, in Table 4 an overview is given with all the variables and their definitions used in this study. 

 

Table 4: Variable definitions 

 

3.5 Robustness checks  

Robustness checks are conducted to analyze the uncertainty of the models used in the analysis. 

Additionally, it tests whether effects are sensitive to changes in the model specifications, to make sure 
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that the conclusions that are made hold under different assumptions. a few robustness checks are 

conducted to make sure that the conclusions that were made hold under different assumptions.  

3.5.1 Split sample 

The first robustness test tries to examine whether the outcomes are the same if the sample is split in two 

different groups. Applied to this study, the initial sample of average figures over 2017 - 2020 is divided 

into two groups, namely 2017-2018 and 2019-2020. This is to make sure that the results hold if the 

sample is extracted over a different time period. Appendix E shows the results for this robustness test, 

overall, the results of the conducted split sample test are in line with the general results, in chapter 4 the 

results are further examined and discussed. By testing the results with a split sample, the possibility of 

1 outlier year is avoided, it could be that 1 year, for example 2020 has a huge impact on the average 

figures. Also, with the split sample robustness test, it can be investigated if the effects of big data are 

only seen a few years after the implementation, it might be that a longer time period is needed to see 

significant changes in firm performance. 

3.5.2 Alternative measures 

The second robustness test that is conducted is the alternative measures method. Firm performance can 

be measured via different variables. By explaining firm performance by more than one variable, the 

results can be validated. In Table 3 it can be seen that firm performance is measured with different 

variables. Profit margin, ROE, and ROA are used to determine firm profitability. Using alternative 

measures such as ROE instead of ROA is in line with the study of Raithatha and Komera (2016). If only 

one of the variables shows significant results for the relationship between big data implementation and 

firm performance, it is not considered a significant relationship. However, if four out of the five 

variables show significant results, we can conclude that there is a significant relationship. The results 

for these analyses can be found in Table 7 and Table 8 in the results section.  

3.5.3 Lagged variables 

As earlier mentioned, endogeneity problems might occur when using the OLS regression method. This 

study makes use of leading variables to avoid any endogeneity issues. The dependent variable is 

measured in year t +1 and the other independent and control variables are measured as year t. Applied 

to the regression results in Table 7,8 and 9, the independent variables are the average over the years 

2017-2019, and the dependent variables are the average figures over 2018-2020. Additionally, the 

robustness checks related to the split sample also make use of the lagged variables. The independent 

variables in split sample 1 are calculated over 2017 whereas the dependent variables uses variables over 

2018. The same applies to the second robustness check, where the independent variables are taken over 

2019 and the dependent variables over 2020.  
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4 Results 

4.1 Descriptive statistics 

First of all, the descriptive statistics are given, Table 5 presents the descriptive statistics of the variables. 

The values of the variables are the average of the years 2017 until 2020. Table 5 is split into three 

different panels, where Panel A provides the descriptive statistics of the whole sample. Panel B focuses 

on the difference between big data adopters and non-adopters. Panel C is the same as B, but focuses on 

the difference between early big data adopters and later big data adopters.  

A few conclusions can be made based on the descriptive statistics displayed in Table 5. For 

almost all the firms concluded in the sample the variables are known, only 1 value for the debt to equity 

ratio was excluded because this was an extreme outlier. Panel A in Table 5 shows that the mean number 

of employees is 21908 while the median is 3596, this means that the distribution of the number of 

employees is skewed to the left. The first thing that stands out when looking at Panel B in Table 5, is 

that the difference in number of employees is relatively high between the different groups. The group 

of big data adopters has a mean of 21908 employees while the non-adopters group has a mean of 6129 

employees. This is also seen in the control variable that is used in the regression model related to firm 

size, the Ln_FSIZE variable reports a mean value of 8,68 for the adopters group, and a mean value of 

5,78 for the non-adopters group. 

 

Table 5 Descriptive statistics 
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Additionally, when looking at Panel C it seems that bigger firms are more likely to implement big data 

compared to smaller firms, the first row in Panel C shows a relatively high difference between the mean 

values for number of employees. Other variables, such as operating revenue and net income, show a 

higher value for early adopters of big data. The variable operating revenue is expected to be correlated 

to the number of employees, so it is not surprising that firms with on average more employees have a 

higher operating revenue. It can be seen that there is a difference in profit margin between the two 
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groups, namely 26,48% and 24,88%, however this difference is too small to say something about the 

difference in profitability between early- and late adopters.  

The “year article” variable stands for the year the article about big data implementation was 

found, with a mean of 2014,16 within the timeframe of 2010 - 2016 we can conclude that there are 

relatively less early adopters in the sample. The asset turnover is relatively low with a mean value of 

0.27, compared to the study of Huang et al. (2020) which shows a mean asset turnover of 1.523. 

Additionally, the mean debt to equity ratio is 5.75 whereas the study of Huang et al. (2020) reports a 

mean debt to equity ratio of 2.57. However, the sample of this study only consists of firms operating in 

the financial services field, it might be that this sector works with higher leverage, resulting in a higher 

debt to equity ratio.  

Furthermore, Panel B shows that the Adopter group has a higher P/E ratio and P/B ratio 

compared to the non-adopter group. However, Panel C shows that the P/E ratio is lower for the early 

adopter group compared to the late adopters. The P/E ratio indicates how much investors are prepared 

to pay for a stock, it is also based on future expectations and profits. It is interesting to see that early 

adopters of big data have on average lower P/E ratios, which globally means that investors have less 

confidence in these firms and are not prepared to pay as much for the stock as for late adopters. 

However, the P/B ratio is almost twice as high for the early adopter group which was expected to be 

correlated to the P/E ratio. The P/B ratio says something about the market value compared to the book 

value, normally a P/B ratio under 1 means that a stock is undervalued. An average P/B ratio of 3.06 

indicates that the shares of early big data adopters are rather overvalued compared to late adopters. 

Concluded, the descriptive statistics already show some interesting differences between big data 

adopters and early adopters, the regression results in the next sections will provide more insights in 

these relationships.  

4.2 Pearson’s correlation matrix 

The Pearson's correlation matrix is used for the bivariate analysis. The most outstanding correlations 

are discussed to determine if multicollinearity might be an issue. The correlations between the 

dependent, independent, and control variables are examined. The Pearson’s R coefficient measures the 

direction and strength of a linear relationship between two variables (De Veaux et al. 2016). Table 6 

provides an overview of Pearson's correlations, coefficients between -1 and 1 are given, where -1 means 

a perfectly negative correlation and +1 means a perfectly positive correlation. 0 implies that there is no 

correlation at all.   

The first column in Table 6, shows that a few variables have a significant correlation with the 

big data implementation variable. Number of employees, operating revenue, net income, total assets, 

total equity, total liabilities, and Ln_FSIZE are significantly correlated. This seems logical because 

these variables say something about firm size and profitability of the firm, if a firm is more profitable 



 

29 

 

and bigger it would easier invest in new technologies such as big data. Additionally, the Tobin’s Q 

variable is also positive and significantly related, which tells something about the market value of the 

firm. There are also some coefficients close to zero which means no correlation is found. This mostly 

applies to market value variables and firm performance values, for example: the EPS, and P/B variables 

have a coefficient close to zero with the total equity and asset turnover variables. Additionally, it can 

be seen that the big data implementation variable is not correlated with market value variables such as 

ROE, ROA, EPS, P/B and the P/E ratio.  

Another noticeable coefficient is the correlation between profit margin and asset turnover, 

which is significantly negative (-.400). This means that if the profit margin increases the asset turnover 

decreases. This is interesting to see because the asset turnover ratio says something about how efficient 

firms use their assets, if assets are efficient in use it is expected that the profit margin would be positively 

affected as well. Furthermore, some logical correlations are observed, the total liabilities are 

significantly positively correlated to the total equity.  Also, the correlation between ROE and Asset 

turnover is positive and significant (.264).  

Looking at the control variable for firm size (Ln_FSIZE), some interesting correlations are 

found. For example, the correlation between number of employees and profit margin is close to zero 

and not significant (-.11), this means that almost no correlation is found between those two variables 

whereas it is expected that bigger firms often have a higher profit margin. Variables that are positively 

and significantly correlated to the firm size variable are operating revenue, net income, total assets, and 

total equity. This is very explainable because larger firms often have more assets leading to higher book 

values and can therefore generate more income. However, a bivariate analysis does not take into account 

the aspect of independent and dependent variables. So, the correlation coefficient could implicate a 

relationship both ways. This issue is addressed in the methodology section and therefore accounted for 

in the models used in this research.



 

30 

 

Table 6: Pearson’s correlation matrix 
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4.3 Regression analysis 

4.3.1 BDI and Financial firm performance 

Several regression analyses are conducted to test the hypothesis. Table 7 reports the results for the OLS 

regression between the financial metrics stated in Table 3 and the dummy variable created for big data 

implementation. Also, a control variable for firm size is included in the model. Furthermore, in Table 7 

and 8 two models are included in the regression tables, in model 1 the BDI dummy variable is included 

and in model 2 it is excluded. Differences in R squared can show how much this BDI variable 

contributes to the explanation of the model. It can be seen that the results reported in the first row, show 

no significant results, this indicates that big data implementation does not have a significant impact on 

financial firm performance. Also, the differences between the reported R squared between model 1 and 

2 are very small which indicate that the BDI variable does not contribute much to the model.  

4.3.2 BDI and Firm value 

In Table 8 the regression results for the effect of big data implementation on firm value are given. It can 

be seen that significant results were reported for the BDI variable, in combination with the Tobin’s Q 

and P/B ratio as dependent variable. It seems that big data implementation has a positive effect on the 

Tobin’s Q value of the firm. As earlier described, Tobin’s Q is calculated by dividing the firm’s market 

capitalization by its total assets. It seems that firms that implement big data have a higher market 

capitalization or less assets, nevertheless, this ratio is higher compared to non-adopters. Also, the R 

squared increases from .144 to .161 if the BDI variable is included in the model. Furthermore, as said 

before the P/B ratio reports a positive and significant outcome for the BDI variable as well, this means 

that firms that implement big data are associated with a higher price-to-book ratio. A higher P/B ratio 

means that the market value is increasing compared to the book value of the company, it seems that 

investors are prepared to pay more for a company that implements big data.  

4.3.3 Early adopters 

Table 9 also reports the results for the OLS regression between the financial metrics, but then in 

combination with the dummy variable for early adopters of big data. First of all, it can be seen that there 

are no significant outcomes in the first row, which shows the results for the early big data adopter 

variable. This means that it does not have a significant impact on firm performance or firm value if a 

firm belongs to the early adopter group. There are some similarities between the results in Table 7 and 

8, and Table 9, overall, the results are in line with each other. The only difference is that Table 8 shows 

a significant outcome for Tobin’s Q when it comes to big data implementation.  
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If the results of these regression models are compared to the study of Huang et al. (2020), 

differences arise. While this study shows a very limited amount of significant results, the study of Huang 

et al. (2020) shows significant outcomes for variables such as return on equity (ROE), return on assets 

(ROA), and profit margin. However, there are also some similarities between the results presented in 

both studies. Tobin’s Q shows only significant results in Table 8 when it comes to big data adoption, in 

Table 9 no significant result are reported when it comes to early adopters, the same is found in the study 

of Huang et al. (2020). Furthermore, in both studies the financial metric asset turnover, measured by 

revenue and assets, shows a non-significant result for the big data implementation variable. The main 

difference between both studies is that this study focuses only on firms operating in the financial 

services field whereas the study of Huang et al. (2020) has a sample with firms operating in different 

sectors.  

It can be concluded that most of the financial metrics that beforehand were appointed to have 

an influence on big data adoption and performance are not significant in the regression results. Firms 

seem to experience small benefits from implementing big data when it comes to market value.
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Table 7: OLS regression results Financial firm performance (H1) 
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Table 8 OLS regression results Firm value (H2) 
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Table 9 OLS regression results Early adopters (H3) 
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4.4 Robustness checks 

Several robustness checks are conducted to make sure that the results hold under different 

circumstances.  

4.4.1 Robustness check: Split sample 

In Appendix E, the robustness checks for the OLS regression methods are given. Regressions are 

conducted for the years 2017 till 2018, and 2019 till 2020 to see if the results hold under different 

assumptions. Even though the current results are based on the average figures over 2017 till 2020, the 

robustness checks are confirmation that the results are not based on a specific time period. It can be 

seen that the first split sample over the years 2017 - 2018 does not report any significant results for the 

big data implementation, expect for the P/B ratio and Tobin’s Q. This is in line with the results in Table 

7 and 8, the results thus hold under different circumstances, in this case the split sample.   

 Moving on to the second split sample with average figures over the years 2019 and 2020, it can 

be seen that Appendix E-3 reports significant results for ROE, P/B ratio, and Tobin’s Q. The difference 

with the results shown in Table 7 is that ROE shows a significant outcome at the 10% level in the second 

split sample. However, overall the results of the second split sample are in line with the total sample, 

for example the T value for ROE in the total sample is 1.402 whereas in the split sample it is 1.682, this 

is relatively close even though one is significant and the other is not. The results in the split sample 

show two significant outcomes, out of the four variables for firm value, this implies that big data 

implementation can have an impact on firm value if enough time is taken into account to measure the 

effects. The alternative measures robustness check in the next section examines the results further, to 

see if for example 2 significant outcomes are sufficient to say something about the effect of big data on 

financial firm performance or firm value. 

 The conclusion of this conducted split sample robustness test is that the results hold under 

different circumstances, besides the small differences that were found, the overall results point towards 

the same direction. Additionally, there is however an interesting pattern to see in the results which might 

be something for future research to more extensively examine. It can be seen that results for the second 

split sample test show more significant results for the financial metrics than the first split sample. It 

seems that firms need more time to exploit the benefits from big data implementation, this means that 

the effects of big data implementation tend to be higher after more time has passed. This however 

contradicts with the results regarding the third hypothesis where it can be seen that early big data 

adopters do not experience significant higher firm performance. In the current literature it remains 

unclear how big data effects can be measured and what impact it really has. It is therefore interesting to 

investigate how much time it takes on average for firms to experience benefits from implementing big 

data, and really see changes in firm performance and firm value.  
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4.4.2 Robustness check: Alternative measures 

The models presented in Table 7,8 and 9 make use of different financial metrics as alternative measures. 

It can be seen that most of the results regarding the financial firm performance are non-significant. 

Table 7 shows no significant outcomes for the big data adoption variable. This means that the non-

significant results hold under alternative measures related to firm performance. In Table 8 significant 

results are reported for the Tobin’s Q, and P/B ratio dependent variable, this means that 2 out of 4 

variables related to firm value are significant. The relationship between big data adoption and increased 

firm value is therefore not very strong, at least a majority of the variables, so at least 3 out of 4 should 

be significant to really state that there is a significant impact. Since this is not the case the robustness 

check for alternative measures does not hold. The results reported in Table 9 are all non-significant, 

which means that all the variables related to the same measurement, show the same outcomes and hold 

under different measures. Overall, the results of the alternative measures are comparable to the results 

of the other measures in the same overarching category. The results are all non-significant and therefore 

the hypothesis which states that early big data adopters experience higher financial firm performance 

and firm value is rejected based on this regression analyses.  

4.4.3 Robustness check: Lagged variables 

As mentioned before, in the research model lagged variables are included to control for any endogeneity 

problems. The regression results in Table 7,8 and 9 use average figures over 2017-2019 and 2018-2020, 

which on average results in 1 year lagged variables. Additionally, in Appendix E, the results for the 

split sample robustness check are given, however, these regression results also make use of lagged 

variables. The split samples measure the independent variables as year t, and the dependent variables 

as year t + 1. In general, the results show similar outcomes compared to the results presented in Table 

7, 8, and 9. The results in Appendix E-3 and E-6 still show no significant outcomes, in line with the 

results in Table 9. It can be concluded that the results in the appendix are in line with the results in the 

other regression models used in this study. While using lagged variables the endogeneity issues is 

addressed and taken into account.   

4.5 Hypotheses testing 

In this section, the three stated hypotheses are examined combined with the regression results shown in 

Table 7, 8, and 9, and in the appendices. The main findings are also described related to each hypothesis, 

these will shortly come back in the conclusion of this study. 
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4.5.1 Hypothesis 1: Firm performance 

The first hypothesis that was stated is focused on testing the relationship between implementing big 

data and increased firm performance. This hypothesis was tested via the OLS regression analysis. If 

looked at the results presented in Table 7 it can be concluded that financial firm performance does not 

significantly increase when a firm adopts big data. All the variables show non-significant results in the 

first row which measures the effect of big data implementation on the dependent variable. Since there 

at no significant results, no evidence supports the stated hypothesis that firms that implement big data 

experience higher firm performance. 

4.5.2 Hypothesis 2: Firm value 

The second hypothesis that was stated is about the effect of big data on firm value. Table 8 shows the 

results for four metrics related to firm value, namely EPS, P/E ratio, P/B ratio, and Tobin’s Q. As can 

be seen, only significant results are found for the Tobin’s Q variable and P/B ratio, when it comes to 

the BDI independent variable. The Tobin’s Q variable expresses the relationship between market value 

and intrinsic value, it is an estimate which shows if a stock is over or undervalued. The results show 

that big data adopters are associated with a higher value for Tobin’s Q. It seems that investors are 

prepared to pay more for a stock from firms that work with big data compared to firms that do not. 

Furthermore, as mentioned in the results section, the P/B ratio reports a positive and significant outcome 

for the BDI variable as well (2.560), this means that firms that implement big data are associated with 

an on average higher price-to-book ratio. A higher P/B ratio means that the market value is increasing 

compared to the book value of the company.  

Additionally, the results of the robustness checks show overall the same results. However, there 

are some small differences that are worth to mention. The robustness checks that use the variables over 

the years 2019 and 2020 show higher T values for the P/B ratio and Tobin’s Q variable. Compared to 

the robustness check over the years 2017 and 2018, the difference for the P/B ratio is 1.671 in Appendix 

E-2 and 2.651 in Appendix E-5. The same applies for the Tobin’s Q ratio which shows a slightly higher 

T value in the model using 2019-2020 variables, namely 2.155 over 2.272. Overall, the results in the 

regression analyses that is conducted over later years, shows higher and more significant outcomes. It 

seems that big data implementation needs time to be beneficial for firms and that it becomes noticeable 

in the financial metrics used in this study. Based on these outcomes it can be concluded that if enough 

time is included in the model, between the implementation and regression data, to experience the 

benefits of big data, higher firm value can be found. However, it does not necessarily have to be that 

big data adoption is the only reason for this increase in firm performance, it can also be that the firm’s 

attitude towards new innovations and implementing them results in investors willing to pay more for 

the stock. To conclude, based on the results we can say that big data adopters are to some extent 
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associated with higher market values, but it should be taken into account that the results might be 

because of other factors as well, future research could provide more insights on this topic.  

4.5.3 Hypothesis 3: Early adopters 

The third hypothesis is examined based on Table 9 and the corresponding robustness tests. It can be 

concluded that, since there are no significant results found for the early adopter variable, it cannot be 

stated that firms that adopt big data earlier, experience higher firm performance. The same occurs for 

market value, no significant results were found for the early adopters’ variable. The results presented 

in Table 9 also hold under different circumstances, the conducted robustness checks in Appendix E 

show the same results. Therefore, it can be concluded that there is no significant difference between 

early and later adopters within the sample, when it comes to firm performance and market value.  

However, some interesting findings occur if the conclusions of the second and third hypothesis 

are examined. The conclusion of the second hypothesis is that firms need time to exploit the benefits of 

big data which then can lead to higher market value. The conclusion of the third hypothesis does not 

support this, because if the conclusion about the second hypothesis is true, it is expected that early 

adopters of big data experience higher firm performance and firm value because these firms have more 

time to implement and exploit the benefits of big data. As said before, this is something that could be 

investigated within future research, preferably with a larger sample size because this study could only 

find a sample of 30 early big data adopters, by increasing the sample size the results might change or 

provide more insights.   
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5 Conclusion 

This chapter describes the conclusion and discussion. First, the conclusions based on the conducted 

regression analysis are given and the stated research question is answered. Second, the limitations of 

this study are examined, and possible future research directions are recommended. 

5.1 Conclusion and Discussion 

The amount of literature that is being published about the impact of big data on firm performance is 

heavily increasing over the last years. Specifically for the financial services industry, additional research 

is needed to understand the advantages and disadvantages. This study investigates the effect of big data 

implementation on firm performance and firm value on firms operating in the financial services field, 

with a different approach compared to current literature. Financial firm performance and firm value are 

measured by different financial metrics such as ROE, ROA, profit margin, P/E ratio, and Tobin’s Q. 

The research question that was stated in the beginning of this research is:  

 

What is the effect of big data implementation on firm performance and firm value of firms operating 

in the financial services field listed in the United States?  

 

To answer this research question three hypotheses have been formulated, focusing on financial firm 

performance, firm value and the difference in early and late adopters. The first hypothesis about the 

effect of big data implementation on financial firm performance is not supported in this study. The 

results for the conducted OLS regression models show no significant relationships for the effect of big 

data on financial firm performance. With no significant outcomes for all the five metrics related to 

financial firm performance it can be concluded that big data implementation does not have a significant 

impact. 

The second hypothesis about the effect of big data implementation on firm value show more 

significant results. It can be seen in Table 8 that significant results are found at the 5% level for the P/B 

ratio and Tobin’s Q. However, the robustness tests, in Appendix E and F show even higher significant 

results when the sample size was extracted over the years 2019 and 2020, whereas the sample extracted 

over the years 2017 and 2018 reports less significant results. This implies that for big data adopters, it 

takes time to experience and exploit the benefits of big data, which eventually results in higher firm 

value.  

The third hypothesis about the difference in early- and late big data adopters shows no 

significant results at all. Based on the conducted OLS regression and sample used in this study, it can 

be stated that it does not matter if a firm implemented big data between 2010 and 2013, compared to 

2014 and 2016. This is interesting to see because it is expected that firms that work longer with big data 
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can exploit more opportunities and experience more benefits because of the increased insights in several 

processes, which is also the conclusion based on hypothesis 2. Future research might provide more 

evidence if the sample size is increased and a longer time period is taken into the regressions. Because 

big data started taking off in 2010, relatively less data is available, researchers in the future might have 

more data at their disposal, because the amount of data grows exponentially. With more data available, 

better conclusions about the effect and time period big data needs to improve firm performance, can be 

made. 

The current literature about big data and firm performance states that big data can lead to a 

competitive advantage and increase in market share. The study of Huang et al. (2020) shows significant 

outcomes for the effect of big data on firm performance. Additionally, the study of Yadegaridekordi et 

al. (2020) also finds that big data implementation leads to higher firm performance. On the contrary, 

this study shows that this is not yet noticeable in the firm performance metrics such as profit margin 

and return on assets. However, it seems that investors are prepared to pay more for shares of companies 

that implement big data. This is supported by the significant results that are shown for the P/B ratio and 

Tobin’s Q which indicate that big data adopters have higher ratios for these metrics. Furthermore, the 

descriptive statistics show relatively high values for big data adopters when it comes to these metrics, 

this means that these stocks can considered to be more overvalued than undervalued. Nevertheless, 

these facts should not only be associated with big data implementation but could also be related to firms 

implementing new innovations in general. Big data is seen as one of the new key innovations and 

investors are generally more optimistic about firms that are constantly trying to improve themselves 

and focus on new innovations. 

All things considered, the answer to the stated research questions has different elements. First 

of all, this study shows no evidence of firms experiencing higher financial firm performance if big data 

is implemented, which contradicts the current literature. Secondly, no evidence was found for the third 

hypothesis, which was about the first movers advantage. Lastly, based on the results, this study finds 

that firms that implement big data experience higher firm value if enough time is taken into account to 

exploit the potential benefits. However, these results vary over time in significance levels, by increasing 

the sample size, and given the fact that the amount of data grows exponentially, enough opportunities 

will arise for future research to confirm or deny the stated conclusions in this study. 

5.2 Limitations and recommendations for future research 

Limitations 

As earlier discussed, the results of this study show some evidence that big data implementation has an 

impact on firm value. However, this study comes with limitations as well. Firstly, despite the fact that 

the sample selection was very intensively done it is unavoidable that some news articles were missed. 

On the one hand this is a limitation associated with the methodology of this study, on the other hand it 
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might bring new insights because of the different approach compared to current literature about big data 

and firm performance. Also, it might be that for bigger firms, more news articles can be found. This can 

account for the fact that larger firms are more represented in the big data adopters’ group.  

Secondly, it might be that firms that did not announce they work with big data, still work with 

big data, this might have an impact on firm performance. However, because only large, listed firms 

were taken into the sample it is likely that these firms announce new innovations that are implemented 

in the company, including big data. Also, by using Google search, annual reports of companies were 

included in the search which provides more insights in new innovations and strategy of the company. 

Even though the search for big data announcements was done extensively, only 30 firms were found 

that implemented big data between 2010 and 2013. This is a relatively small sample size and therefore 

a limitation of the study. No significant outcomes were found related to this sample but an increase in 

sample size might provide more insights. Overall, this can be applied to the total sample size as well, 

because of time limitations related to the manual effort that needed to be done the sample size was not 

that big, with 208 firms. By increasing the sample size the reliability and validity of the results would 

be increased.  

 

Recommendations 

Based on this study, there are some recommendations for future research directions related to big data 

and firm performance. First of all, more research needs to be done in what time period the benefits of 

big data implementation can be exploited. The current literature does not point out how much time it 

takes until the effects of big data implementation can be measured. Can positive effects be measured in 

for example two, five or even ten years? The short term and long-term effects of big data are not yet 

sufficiently investigated. More and more data becomes available and easier accessible for firms, 

especially smaller firms with lower budget will be able to implement big data faster. If the sample 

becomes bigger and more is known about the effect of big data, then the long-term effects can be better 

predicted as well.  

The second recommendation is about the approach which could be changed in future research 

to determine te effect of big data. Instead of using a quantitative approach a more qualitative approach 

can be used. Especially for the data collection, by conducting a questionnaire or interview, it is more 

certain if a specific firm really implemented big data which results in less bias in the sample. 

Additionally, a lot of studies in the current literature, including the followed study of Huang et al. 

(2020), use the OLS regression model. Studies using the OLS method show similar results, and 

relatively much non-significant results. Different regression models such as the 2SLS or Panel 

regression could give more significant results because these models account more for the endogeneity 

problem. Another recommendation related to taking another approach is using a text analysis program, 

which present the opportunity to search through more platforms besides Google and can also take all 
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the annual reports into account. It is expected that this approach would create a more representable 

sample with less bias, compared to the manual approach used in this study. 

This research has its main focus on firms operating in the United States, this was done because 

of the availability of information and number of listed firms. However, different results can occur if 

other regions were taken into account as well, to make sure that the results that were found not only 

apply to the United States. Additionally, future research could focus more on the decision-making 

process. In this study it is expected that improved decision making would increase firm performance, 

and that big data can lead to better decision making. However a qualitative study with in depth 

interviews with people that work with big data and are responsible for the implementation and 

interpretation of the data can give new insights. Especially in how and in what ways big data has an 

impact on the decision making. Possibly outcomes can be that the usage of big data improves the 

decision making, resulting in more sales, lower costs of capital, increased competitive advantage, and 

therefore higher firm performance. 
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