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ABSTRACT 

 
The purpose of this research is to understand how data analytics talent has been 

helping to improve firm performance. Given that firms have been hiring expensive and 

rare data talent aggressively to build their data analytics capabilities, the motivation of 

this research is to understand the kind impact this talent is having on firm performance. 

This research also examines the extent to which this talent has helped firms increase their 

revenue and improve their profitability and looks at this phenomenon by firm size and by 

industry membership. The research finds that the impact of data talent is higher in larger 

firms when compared to smaller firms.  The research also finds that the impact of data 

talent on firm performance varies by industry membership, with some industries having a 

higher impact on improving revenue whereas some industries seeing impact on reducing 

costs. The research finally looks at explaining this difference in impact on revenue and 

cost with the help of the skills of the talent these firms are looking for. It finds that the 

type of skills requested by firms in data talent have a relationship with type of impact this 

talent can make on firm performance. There are important insights for Chief 

Data/Analytics Officers to align their organizations to contribute towards the 

performance of their firm, especially given the financial position of the firm. Some firms 

need to improve revenues whereas others have a need to cut costs. If a firm has a 

significant opportunity to reduce costs, but its data strategy is aligned towards improving 

revenue it becomes difficult to translate goals into action. The insight in this paper allows 

Chief Data/Analytics Officers to align their talent strategy towards the goals of the firm.  
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CHAPTER 1 INTRODUCTION 

 
Data skills are growing in demand. Companies across all industries are looking to 

hire individuals with these skills in order to compete effectively in the marketplace. Many 

organizations have hired data analytics talent in their departments including marketing, 

finance, operations and IT to address a wide range of needs, such as business intelligence, 

predictive decisions, marketing optimization, investment ROI management, processes 

automation, and more. As the need of this talent is increasing, the supply of this talent has 

not been able to keep up. Universities and other educational institutions have realized this 

need in the education market and have started offering courses, however as the demand is 

growing faster than supply, the cost of this talent is increasing over time.  

IBM. (2017) in its article on “The Quant Crunch” talks about how Data Science 

and Analytics jobs will grow by 15%, resulting in 0.37 million new job postings in the 

United States by 2020. Dow Jones & Company (2021) calls out in their Wall Street 

Journal article how the demand of Artificial Intelligence talent has been increasing even 

when disruptions and layoffs hit during the COVID-19 pandemic period. Deloitte 

Insights (2022) reveals in its State of AI in the enterprise 4th edition, how a large number 

of firms are showing behaviors to become an AI fueled enterprise.  

While there is enough evidence about the demand for data science and analytics 

talent, the supply has not been able to keep up. The Wall Street Journal article explains 

the state of AI talent shortage and how companies across the board have been competing 

for top AI talent from a limited number of experienced AI professionals available outside 

their organization. According to College graduation statistics (2021), 50% of all 0.73M 

STEM graduates the country generates every year have a bachelor’s degree. This supply 
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of STEM talent that is expected to supply all the STEM fields is less than the need for 

0.37M job opportunities in Data Science alone projected by “The Quant Crunch” article 

by IBM.  

The rising gap between supply and demand for this talent is obviously leading to 

increasing the cost of this talent for all firms. Kelly, J. (2019, December 10), in the 

Forbes article writes about how AI has taken over well-paying Wall Street jobs. Metz, C. 

(2017, October 22) in the New York Times Article shared about how tech giants are 

hiring AI talent at a salary of up to half a million dollars per year and company stock. 

Although tech giants are willing and are capable to absorb significant cost for this talent, 

it raises the cost of this talent for all firms. Figure 1 captures some of the recent media 

coverage on different aspects of this problem.  

 

Figure 1: Supply demand gap in data skilled talent 

 

Another key aspect of this talent is the skills associated with this talent that is 

required to deliver return of investment on the cost incurred in hiring this talent. While 
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Kevin Casey (2019) talks about skills that overlap with AI such as natural language 

processing, Brummer, G. (2019), discusses the top complementary skills that can help 

technology workers to be successful; some of those skills include critical thinking, 

flexibility, and cyber security. While the literature states that complementary skills help a 

technology worker to be successful, it would be interesting to understand if and how 

complementary skills can help data workers to be successful. It would also be of great 

value if we can understand whether firms that hire these data workers are successful.  

Given that there is an increased demand for this talent combined with a shortage of 

supply that is driving up the cost of this talent and also the impact complementary skills 

can have on the success of individuals, this research is motivated to understand the value 

this talent is generating for the firms through firm performance. The above context 

motivates several relevant questions relate to this latent. Is this talent helping Firm 

Performance? If it is, is it to grow revenue or to reduce costs or both? What are the 

characteristics of the firms where this impact is more pronounced? What can learn we 

more about the talent that is able to make this impact? How can the above information 

help Chief Data Officers to make informed decisions on their hiring strategy? 

In this study, we will examine the relationship between employers’ willingness to 

hire data talent and the financial performance of the firm. If this has any impact on firm 

performance, it would be interesting to understand that impact by industry sectors as well 

as other firm characteristics like size of the firm. This research will also delve into 

understanding the role of skills of data talent in impacting the performance of the firm. 

We think this understanding of the impact of data and analytics talent and associated 

skills can have on firms will be extremely valuable for leaders, especially Chief 
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Data/Analytics Officers to make informed decisions on the talent hiring strategy as well 

as the skills Data leaders will look to hire or develop.  

Davenport T, Bean, And King. (August 2021) discuss why Chief Data/Analytics 

Officers have such short tenures. The article states that CDOs have an average tenure of 

two to two and half years and attributes the primary reason to expectations from a CDOs 

and unclear priorities. In order to set expectations and priorities for CDOs it is important 

to understand what impact their data teams have been able to make in the past and how 

that impact is differs based on the characteristics of the firm. For example, if data teams 

have been successful in controlling costs within a specific industry and not been able to 

influence revenues in the same industry, it is obvious that any expectations from a CDO 

to drive increased revenue is a tall order. If we know more about the drivers that can have 

an impact on how CDOs can deliver on expectations, it becomes even more actionable. In 

this research we will find answers to these teething questions that should help CDOs to 

deliver on expectations.  
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CHAPTER 2 LITERATURE REVIEW 

 
I begin this literature review with an overview of the different types of data skills. 

According to Gartner_Inc’s Definition of big data, “Big data is high-volume, and high-

velocity and/or high-variety information assets that demand cost-effective, innovative 

forms of information processing that enable enhanced insight, decision making, and 

process automation”. While big data mainly addresses its volume, data analytics is the 

process of examining datasets for insights and conclusions with the help of computers 

and visualizations. Data analytics can be done with big data or small data (sampled data).  

Data science is about the collective theories, concepts, processes, tools, and 

technologies that enable the extraction of valuable data from large datasets. As such, it 

deals with data processing (big data or small data), preparing, cleansing and analyzing 

that big data using programming, mathematics, statistics etc. According to Vicario, G., & 

Coleman, S, (2020), “The mission of Data Science is to provide new or revised 

computational theory able to extract useful information from the massive volumes of data 

collected at an accelerating pace”. Vicario, G., & Coleman explains how Data Science is 

an intersection of multiple sciences such as Mathematical science, Statistical science, and 

Computer Science in order to analyze data deeply and translate data into knowledge. He 

also looks at data science as the fourth paradigm of science after empirical science, 

theoretical science, and computational science. Data scientists are skilled at extracting 

this useful information from databases, images, voice prints, texts, sensors etc. According 

to Vicario, G., & Coleman Data scientists understand how real world problems can be 

related to data that is available and can mine valuable information from data to provide 
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applicable knowledge, predictive ability, and help with decision making in the real world. 

Vicario, G., & Coleman (2020) mention examples from the automobile, shipping, and 

housing industries where they use data science to solve real world problems that are often 

complex in nature. Therefore, in many ways data science deals with data broadly (big or 

small), data analytics, algorithms, and insights. Data scientists have big data and data 

analytics skills.  

While data science is deals with large quantities of data and analyzes them to 

reveal useful insights, artificial intelligence reflects the ability that can be programmed 

into computers which enables these computers to understand, learn and make inferences 

or decisions based on the data. Such inferences and decisions may otherwise be very 

difficult for humans to replicate, either because of the volume of data required or the time 

needed for processing. Artificial intelligence is making its inroads into almost all aspects 

of our lives ranging from human capabilities like shopping, driving, alarm detection etc. 

to complex superhuman capabilities like detecting fake paintings, predicting a stock's 

future price etc.  

Machine learning (ML) is one way in which artificial intelligence is made real. 

Many artificial intelligence techniques get translated into Machine Learning (ML) 

algorithms and ML engineers are skilled in implementing these algorithms. Predictive 

Analytics is an application Data Analytics and Artificial Intelligence combined using 

which the future can be predicted. Finally, prescriptive analytics is another application of 

data analytics and artificial intelligence combined using which actions can be prescribed 

to guide decisions.   
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In summary, we will examine eight different facets of data capabilities – Big Data 

Analytics Capability, Big Data & Predictive Analytics, Machine Learning, Big Data 

Analytics Quality, Big Data Assets, Business Analytics, Data Science and Artificial 

Intelligence. As you can see, these five facets are interrelated. Researchers have 

examined the relationship between several of these facets of data and firm performance 

(FPER). In some cases, the research was about the direct relationship between a data 

facet and FPER, while in other cases the data facet was a mediator between some 

antecedent and FPER. Figure 2 captures a summary of the existing literature on how 

these eight facets of data influence firm performance, and also captures a key gap in the 

existing literature.  

 

 

Figure 2: Gap in Existing Research 
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Data Facets and Firm Performance 

Big Data Analytics Capabilities (BDAC) and Firm Performance 

Akter et al. (2016) developed a theory of how to leverage management, 

technology, and talent dimensions of big data, and eleven sub-dimensions some of which 

include investment, technology management knowledge, technical knowledge, and 

business knowledge to build an integrated BDAC success model. This theory emphasizes 

the role of Resource Based Theory and entanglement view to develop a holistic BDAC 

model and its impact on the performance of the firm. 

BDPA (Big Data and Predictive Analytics) and Firm Performance 

Mishra et al. (2019) looked at the effect of several characteristics of organization 

performance through the diffusion of BDPA capabilities from a resource based view 

(Barney, 2011). The organizational characteristics explored by Mishra et al. (2019) 

included strategic IT flexibility, Business–BDPA partnership, alignment between 

Business-BDPA and Human Resources capabilities on diffusion of big data and 

predictive analytics. Herrmann’s (2020) new predictive analytics method showing how to 

increase profits using very small samples of historical bidding data also demonstrated 

how firms can boost performance using advanced analytics. Gunasekaran et al. (2017) 

looked at the impact of BDPA on supply chains and firm performance, again with a 

resource based view. Gunasekaran et al, 2017 also looked at the impact networking and 

information dissipation has on acceptance of BPDA in organizations. The study also 

looks at how BDPA assimilation positively impacts firm's supply chain performance. The 

research highlights how actions by the executives of the firm play a significant role in 

absorbing BDPA in organizations. Wamba et al. (2017) also looked at the relationship 



 

 

9 

between big data and firm success through the lens of dynamic capabilities, specifically 

on how dynamic capabilities on process engineering has an effect on firm performance.   

Song et al. (2018) explored data analytics usage from a business value perspective 

and how business value varies between market conditions. They looked at both demand-

side and supply-side data analytics usage and found that both have a positive effect on 

firm’s success. Also looked at the relationship between business analytics capability and 

business value creation through multiple case study examples. Interestingly this study 

points out that the ability of Business Analytics to influence business performance cannot 

be easily replicated, and that relationship has multiple underlying components including 

analytics value drivers and the organizational-level characteristics.   

Machine Learning and Firm Performance 

Bertsimas and Kallus (2020) combined ideas from machine learning and 

operations research to develop a framework to prescribe optimal decisions using data. 

They demonstrate the framework with the help of a large media company’s inventory 

management problem that ships more than a billion units annually. The literature also 

looks into how data science can be helpful with better financial decisions that in turn 

leads to better FPER. Baesens et al. (2003)  also looked at neural network rule extraction 

techniques for credit-risk evaluation. Their experiment results demonstrate that Neurorule 

and Trepan extraction techniques yield a very good classification accuracy and also 

provide very compact rule sets and decision trees for all data sets. Using Graphical 

decision trees it was possible to explain the credit-risk evaluation outcome. Similarly, 

Lahmiri and Bekiros (2019) looked at the accuracy of several neural network algorithms 
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trained with qualitative information in predicting bankruptcy. They found that models 

built using machine learning were more accurate in predicting bankruptcy. 

Big Data Analytics Quality (BDAQ) and Firm Performance 

While many of the above mentioned researches were to establish the relationship 

between big data and firm’s success, sever other researches focused on the impact of 

other aspects of data science like data quality and big data assets on firm performance. 

Fosso Wamba et al. (2019) shed light on quality of big data which they term as big data 

analytics quality (BDAQ), and this research also builds a resource based view to develop 

a BDAQ model that is not only multidimensional, but also follows a hierarchy and is 

context-specific. This study looks into how BDAQ directly affects firm performance. The 

study finds that the alignment between analytics quality and strategy partially mediates 

the relationship between BDAQ and firm performance. They also suggested that talent 

quality is highly correlated with BDAQ.  

Big Data Assets (BDA) and Firm Performance 

Müller et al. (2018) analyzed the relationship between data assets and firm 

performance in the context of BDA assets. The study compared the presence of BDA 

assets to financial performance of those companies. They found that IT-intensive 

companies or industries in highly competitive spaces could extract disproportionate 

returns out of BDFA assets compared to companies outside these industry groups.  

Business Analytics and Firm Performance 

Business analytics and business intelligence are also part of data science, and 

these disciplines can have an impact on firm performance. Richards et al. (2019) 

investigated the effect of business intelligence (BI) and the relative importance of 
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business analytics on corporate performance management (CPM). The study found a 

positive impact of BA on CPM also found that BI system plays a positive role in BA 

effectiveness. Similarly, Aydiner et al. (2019) investigated and proved the relationship 

between the adoption of business intelligence and firm performance with process 

performance as a mediator.  Torres et al. (2018) looked at the relationship between 

business intelligence and analytics (BIA) and firm performance mediated by business 

process change capabilities, which is a dynamic capabilities perspective. Ramanathan et 

al. (2017) examined the link between analytics adoption and firm performance in retail 

firms as moderated by the multiple key factors, some of which include analytics 

adoption, technology integration, with the help of several case studies. They found a 

significant relationship between BA adoption and firm performance and proposed a BDA 

capability model that demonstrated how business analytics adoption has a direct and 

indirect positive impact on firm performance. Cao et al. (2015) examined how analytics 

affect the effectiveness of business decisions. The study also analyses organizations that 

promotes a data-driven environment on the foundation of an “analytically driven 

strategy”. In addition, this study understands processes that are centered around analytics 

and most importantly an organizational structure that supports a data driven environment. 

In a follow-up study, Cao et al. (2017) found that that best and worst performing 

companies significantly differed in terms of their analytics applications and data driven 

environment. 

Ashrafi and Ravasan (2018) studied the factors that moderate the relationship 

between market orientation, innovation and market performance, by looking at the 

mediator role of Information Technology infrastructure and analytics in this relationship. 
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Germann et al found that with executive support, marketing analytics resulted in better 

results, especially when there is stiff competition and even stronger when there is 

variability in customer preferences.  

Data Science/Artificial Intelligence and Firm Performance  

The impact of data science on firm performance is not direct and is often through 

mediators like marketing, finance, product development etc. Where marketing can be 

looked upon as one of the mediators, there has been research on how data science can 

impact marketing which can in turn affect firm revenues. Guido, G., Prete, M. I., 

Miraglia, S., & De Mare, I. , (2011) demonstrated Artificial Neural Networks (ANNs) 

can improve the effectiveness of marketing campaigns via direct mail by predicting the 

response rate for subjects based on factors that are expected to have an impact on 

purchase intention. Mehendale, A., & H. R., N. S. , (2018). studied the use of Artificial 

Intelligence (AI) techniques to predict sales forecasts and compare it with traditional 

forecasting models. The study found that neural networks based models with the ability 

to accept influencing/causal factors as input have a greater accuracy when compared to a 

time series ARIMA model. 

Summary Table 

As outlined in literature review, researchers have examined the relationship 

between a number of data capabilities and Firm performance. However, one area that has 

not been researched is the relationship between the firm's willingness to invest in Data 

Talent and how that relates to Firm Performance. Müller, O., Fay, M., & vom Brocke, J, 

(2018) looks at the relationship between Big Data Assets and Firm performance. In this 

research, Fay and Brocke considers human IT assets as part of Big Data Assets. Looking 
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at the relationship between firm’s willingness to invest in Data Talent and Firm 

Performance is a gap in existing literature.  
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Table 1. Summary Table 

Author Data Science 
Capability 

Definition 

Kiron et al. (2014) Big Data Analytics 
Capability 
(BDAC) 

Ability to provide business insights 
using data management, infrastructure 
and talent. 

Mishra, et al (2019) Big Data and 
Predictive 
Analytics (BDPA) 

Ability to mine large amounts of data to 
identify insights and develop capabilities 
that can improve business efficiency and 
effectiveness 

Mehendale, A., & H. 
R., N. S. (2018). 

Machine Learning Machine learning is the process to 
develop algorithms that can learn from 
data and make predictions on data with 
varied levels of accuracy.  

Fosso Wamba, S., 
Akter, S., & de 
Bourmont, M. (2019) 

Big Data Analytics 
Quality (BDAQ) 

The degree of completeness, usability, 
accuracy and format of data. 

Müller, O., Fay, M., & 
vom Brocke, J. (2018) 

Big Data Assets 
(BDA) 

Assets that help advance Big Data. This 
include technical IT assets like IT 
hardware, IT Software or human assets 
with big data skills.  

Aydiner, A. S., 
Tatoglu, E., Bayraktar, 
E., Zaim, S., & Delen, 
D. (2019). 

Business Analytics Tools and techniques that statistically 
and quantitatively analyze a huge 
collection of data sources.  

Vicario, G., & 
Coleman, S. (2020). 

Data Science Data Science is a science offering 
methodologies for processing and 
interpreting massive volumes of data 
collected by an increasing number of 
new devices.  

Haenlein, M., & 
Kaplan, A. (2019). 

Artificial 
Intelligence 

Ability to analyze large amounts of data, 
interpret external data, learn from data, 
and to use those learnings to achieve 
business outcomes.  
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CHAPTER 3 DATA TALENT AND FIRM PERFORMANCE BASED ON 

RESOURCE BASED VIEW 

 
Resource Based View of The Firm 

The resource-based view (RBV) of the firm (Barney, 1991) explains how a firm's 

human capital can be key to a firm’s sustained competitive advantage. The more 

imperfectly imitable or non-substitutable (i.e., rare) these resources are, the more is the 

competitive advantage for the firm according to this theory. These valuable and rare 

resources combine physical, human, and organizational resources. The RBV has made 

important contributions towards human resource management. Wright et al. (2001) 

discusses how human resources are important to a firm’s performance, paving the way 

for the convergence of business strategy and human resource management.  

Based on the theoretical foundation of RBV, this research is about understanding 

the relationship between data talent and firm performance, in which we consider data 

talent as rare and valuable. Let is now take a look at why data skilled talent is rare and 

valuable.  According to IBM (2017) there will be 0.37 new Million STEM new data 

science and analytics job postings expected nationally by 2020. According to 

EducationData.org (2021), the entire United States generates 0.73 STEM graduates every 

year, which includes Associates, Graduates, and Postgraduates. On average, 50% of all 

graduates have at least a bachelor’s degree or above, which translates to approximately 

0.37 STEM graduates every year. Based on this calculation, if all the 0.37 STEM 

graduates every year are available and qualified for the incremental 0.37 million data 

science & analytics job postings in 2020, the country can fill every opening.  
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However, this is not possible for many reasons. First, according to IBM. (2017) 

“The Quant Crunch” article 81% of all data science job postings request workers with at 

least three years of prior work experience, whereas a vast majority of the graduates have 

no work experience. Second, according to a report prepared by payscale.com, 2016 on 

Workforce-Skills preparedness Payscale and future workplace release, about half of 

managers think that graduates are career ready. Furthermore, data science jobs comprise 

only a subset of the total number of STEM opportunities. This established the rareness 

aspect of data science talent in the context of the RBV.  

The other aspect of RBV is valuable. For any goods or services or commodity that 

needs to be purchased, a most commonly accepted unit of value is the cost of the 

resource. According to IBM (2017) firms are willing to pay an annual a premium of 

$8,736 for data and analytics talent on average over other average bachelor’s and 

graduate-level jobs. Metz, C. (2017, October 22) in the New York Times Article reveals 

that tech giants are hiring AI talent by paying salary of up to 500,000 dollars in addition 

to company stock, whereas Fellner, R. (2020) reveals that the median household income 

in United States is 66,000. This premium cost that firms are willing to pay for data skilled 

talent establishes the valuable aspect of RBV in data skilled talent.  

How are these rare and valuable workers able to contribute to firm performance? 

That leads us to ask several research questions that we want an answer to in this research.   

Research Questions 

Willingness to invest in Data Talent and Firm Performance 

Enterprises have been acquiring data science talent by different means. Lauer, L. 

D. ,(2007) outlined how advertisements can be an effective marketing instrument. Some 

firms acquire assets that can enable firms with tools to use Data Science effectively in 
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their marketing efforts. Guido, G., Prete, M. I., Miraglia, S., & De Mare, I, (2011) 

demonstrated how Artificial Neural Networks (ANNs) can improve the effectiveness of 

marketing campaigns via direct mail by predicting the response rate for subjects based on 

factors that are expected to have an impact on purchase intention. Müller, O., Fay, M., & 

vom Brocke, J , (2018) looked at how big data analytics assets affect firm performance. 

While Guido (2011) showed how AI talent is required to develop ANNs, Müller, O., Fay, 

M., & vom Brocke, J. , (2018) demonstrated how big data assets, such as IT talent, 

influence firm performance. When these two studies are linked it shows how data talent 

has an impact on marketing and advertisement effectiveness of the firm as well as Firm 

Performance.  

Porto and Foxall (2020) demonstrated a relationship between marketing 

effectiveness and firm performance with the help of an experiment. They found that 

marketing results in increased market share when the economy is doing well, whereas 

marketing improves return on assets and Tobin's Q during recessions. It must be noted 

that in Porto’s study, marketing effectiveness is measured as the value marketing 

generates for the end-customer and the firm.  

These three studies demonstrates a two step relationship between Data Science, 

Marketing Effectiveness and Firm Performance. Given that Guido, G., Prete, M. I., 

Miraglia, S., & De Mare, I, (2011) demonstrated Artificial Neural Networks (ANNs) can 

improve the effectiveness of marketing campaigns and Porto, R. B., & Foxall, G. R, 

(2020)’s study that found a relationship between marketing effectiveness and firm’s 

financial gain, we hypothesize that there is a relationship between AI talent and Firm 

Revenues. Figure 3 captures how existing literature examines the relationship between 
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data science and revenue, but also calls out the missing link of talent which makes the 

case for our first research question.  

 

 

Figure 3: How talent can influence revenue (from prior research) 

 

Research Question 1: What impact does firm’s willingness to invest in data talent 

have on the firm revenues over time? 

 
Willingness to invest Data Talent and its impact on cost of goods sold and Margin 

Raguseo and Vitari (2018) found that the value generated from big data analytics 

investments leads to better financial performance for firms. Similarly, Gupta et al. (2020) 

found that big data predictive analytics delivers superior firm performance with the help 

of human factors, highlighting the importance of talent when developing analytical 

capabilities. According to Metcalf et. Al. (2019), when technology and people work 

together, it can lead to better decisions. Lajili et al. (2020) showed that human resources 

are positively related to firm performance and there are other factors that adversely affect 

the interaction of human capital resources with firm performance. 
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While revenue is a direct result of unit price and unit sales, profitability is a 

function of cost and how optimally cost is allocated.  All of the above researches show 

the complex linkages between human resources, data, technology, better decisions and 

financial performance. Given these findings, we suggest there is a linkage between data 

talent and bottom line financial performance.  Figure 4 depicts how existing literature has 

looked at this issue and how cost of sales is a missing link in existing research. The 

missing links in existing research paves way to the next two research questions.   

 

 
Figure 4: How talent can influence financial performance (from prior research) 

 

Research Question 2: What impact does firm’s willingness to invest in data 

talent have on cost of goods sold over time? 

Research Question 3: What impact does firm’s willingness to invest in data 

talent have on firm’s gross profit margin over time? 
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The Moderating effect of Industry on the relationship between Data Talent and Firm 

Performance  

According to Porter, valuable but rare resources can be offer firms competitive advantage 

over other firms that do not have it. However, what is valuable is different in different 

contexts. For example, for manufacturing industry access to raw materials may be very 

valuable whereas for finance access to talent may be more valuable. When it comes to 

data talent some industries consider this talent to be more valuable depending on the 

amount of data handled by firms in that industry. Towards Data Science (2018), talks 

about five industries that are becoming defined by Big Data and Analytics. In that context 

it becomes important to understand the effect of this valuable data talent on the firm 

performance by industry. Fairfield et al, (2009) found that industry analyses are helpful to 

forecast growth KPIs but helpful with profitability KPIs. King, (1966) and  Schmalensee, 

(1985) suggests that firm performance is strongly influenced by the industry to which the 

firm belongs to.  Schmalensee, (1985) also argues that that industry membership explains 

a significant variation in firm profitability. At the same time Cubbin and Geroski, (1987) 

argue effect of industry in firm performance are negligible. Porter, (1979) makes a point 

that any firm’s profitability depends on the "structure within industries" and not based on 

industry membership. Porter, (1979) also argues that firms profits differs between 

"strategic groups" within the same industry. Mills and Schumann, (1985) deduced that 

that firms in the same industry have varied cost structures, which results in differing firm 

performance with respect to profitability even for the firms within the same industry.   
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Figure 5: How prior research looks at industry as moderator 

 

Figure 5 summarizes these conflicting views from research, an interesting 

question is whether the relationship between talent and firm performance is influenced by 

industry. Especially in this context, does industry play a significant moderator role in 

determining the relationship between willingness to hire data talent and firm 

performance.  

Research Question 4A: What moderating effect industry membership has over the 

impact of firm’s willingness to invest in data talent on the firm revenues? 

Research Question 4B: What moderating effect industry membership has over the 

impact of firm’s willingness to invest in data talent on the firm’s cost of goods sold? 

Research Question 4C: What moderating effect industry membership has over the 

impact of firm’s willingness to invest in data talent on the firm’s gross profit? 
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The Moderating effect of Firm Size on the relationship between Data Talent and Firm 

Performance  

Barney (1991) explains how that a firm's human capital can be a source of 

sustained competitive advantage. As a firm acquires more human capital the size the firm 

increases in terms of the number of employees. If human capital in terms of size can be a 

source of advantage, it becomes important to examine impact of firm’s size in terms of 

the size of human capital on the firm’s financial performance. In that context, although 

there are other ways to measure the size of the firm like company revenue, for this 

research we will use the number of employees to measure the size of the firm. Cubbin 

and Geroski, (1987) argue very specific characteristics, specifically size of the firm, of 

the firm has an impact on its performance.  Porter, (1979) examined traditional 

profitability models for large firms and small firms, and demonstrated differences 

between the two groups. Ede, O. C. (2021) conducted a study in Nigeria and found 

various reasons  why and how different firms with different sizes vary in their perceived 

obstacles. Marcus (1969) found that the relationship between size of the firm size and 

profit is not consistent even within an industry. According to Marcus, firm size and 

profits had a positive relationship related in 35 industries, negative relationship in 9 

industries and no relationship in 74 industries. 
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Figure 6: How prior research looks at firm size as moderator 

 

Figure 6 capture the summary of how prior research looks at firm size as a 

moderator variable. While some researchers found that firm size has an impact on firm 

performance, some other researchers disagree. Given the conflicting views, we would 

like to look at understand the role firm size plays in the relationship between willingness 

to hire data talent and the four firm performance parameters - revenue, profitability, cost 

of goods sold and revenue per employee.  

Research Question 5A: What moderating effect firm size has over the impact of 

firm’s willingness to invest in data talent on the firm revenues? 

Research Question 5B: What moderating effect firm size has over the impact of 

firm’s willingness to invest in data talent on the firm’s cost of goods sold? 

Research Question 5C: What moderating effect firm size has over the impact of 

firm’s willingness to invest in data talent on the firm’s gross profit? 
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The Model 

The model depicts the relationship between the willingness of a firm to hire data 

talent and various firm performance parameters reported by the firm. The firm 

performance parameters are - change in revenue, change in cost of goods sold and change 

in gross profit.  The relationship between willingness of a firm to hire and firm 

performance is moderated by the industry sector of the firm and the firm size.  

 

Figure 7: Model 1 

Moderator Variables 

We do not expect the impact of willingness to hire data talent to be the same 

across different firm attributes like industry sector, revenue size, number of employees 

etc. For this research we have chosen two moderator variables - industry sector and firm 

size.  

Moderator Variable - Industry Sector 

For this research the firms are grouped into 5 industry clusters.  
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Cluster 1 - Manufacturing, Mining, Utilities and Construction. This cluster consists of all 

industry sectors that are related to excavation, construction and utilities.  

Cluster 2 - Wholesale Trade, Retail Trade, Warehousing and Transportation. This cluster 

consists of all sectors that have anything to do with commerce. This includes 

warehousing where commerce is stored, transportation that moves commerce and trading 

verticals that transacts commerce.  

Cluster 3 - Finance and Insurance. This cluster consists of all verticals that deals with 

money.  

Cluster 4 - Professional Services that includes Information Services, Real Estate Rental 

and Leasing Services, Professional Scientific and Technical Services, Company and 

Enterprise Management Services, Administrative Support Services  

Cluster 5 - This cluster all other major sectors that primarily deals with Education, 

Healthcare, Arts and Accommodation Services. Because this cluster has a number of 

unrelated industries and also because of the low sample size of 46, we will remove this 

industry cluster from analysis.  

Moderator Variable - Firm Size 

The firms are classified into 4 firm size buckets for this research. The number of 

employees is used to determine the size of the firm. Porter (1979) classified firms into 

two categories, leaders and followers, where leaders were defined as the largest firms in 

the industry. In this research, we classify firms into four categories for greater 

granularity.  

Small Firms - Firms with 1000 employees or fewer. 

Medium Firms - Firms with between 1000 and 10,000 employees. 

Large Firms - Firms with between 10,000 and 25,000 employees. 
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Very Large Firms - Firms with 25,000 employees or more. 

Scope 

The scope of this research exercise will be restricted firms publicly listed in the 

NYSE and NASDAQ.  

Research Methodology 

As the research exercise is to analyze the relationship between firm’s willingness 

to invest in data science talent and firm performance parameters, we will conduct a 

regression analysis between employment data and firm performance data and control for 

industry sector and firm size. 

Independent Variables  

All of the five hypotheses have the same independent variable that denotes the 

firm's willingness to invest in data talent. According to McKinsey insights, 

(2020),  hiring is the most commonly reported tactic to address skill gaps. For this 

research, we take into account, job posting data as a proxy input to measure a firm's 

willingness to hire . Similar to the research done by GOLDFARB, A., TASKA, B., & 

TEODORIDIS, F. (2020), where they used online job postings to understand AI adoption 

in health care, we will also use the number of online jobs posted by organizations 

requiring data science skills as a proxy of the number of employees hired. Hence we 

choose the number of jobs posted by organizations with data skills as the independent 

variable to measure firm’s willingness to hire data talent.  

AT - Total number of data science jobs posted after 2013 by publicly listed firms.  

Dependent Variables 

The output variables or dependent variables of the six hypotheses are intended to 

be various methods of measuring firm performance as a result of a change in data science 
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talent.  Gunasekaran et al (2017), look at the impact of BDPA assimilation on 

organizational performance and he uses average profit and average revenue growth to 

measure organizational performance.  In order to measure the output variables, several 

raw variables need to be collected and derived variables need to be calculated as a 

function of raw variables.  

      Revenue 

• R1 - Revenue during reporting period of 2015 

• R2 - Revenue during reporting period of 2019 

• R = R2  - R1  

      Gross Profit 

• P1 - Gross Profit during reporting period of 2015 

• P2 - Gross Profit during reporting period of 2019 

• P = P2  - P1      

  

    cost of goods sold 

• C1 - cost of goods sold during reporting period of 2015 

• C2 - cost of goods sold during reporting period of 2019 

• C = C2  - C1       

Data Collection Strategy 

In order to perform this analysis, we need three sets of data. The first dataset 

includes attributes of publicly listed firms, such as industry sector and number of 

employees. The second set of data has job posting information for data jobs for 

companies listed in the NYSE and NASDAQ. The third set of data includes information 

on the firm performance of these publicly traded companies.  
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Figure 8: Data Collection Strategy 

 

 

Attributes about the Firm 

These attributes are essentially metadata that can describe a firm from which 

number of employees and industry sector information can be obtained.  Data will be 

obtained from the Compustat database.     

6.2 Data about Firms Advertising for Data Skills  

LinkUp (linkup.com) is a data aggregator of job postings from the internet. The 

LinkUp data has historical data about all  postings on the internet that is collected with 

the help of bots crawling over web pages. This data can be filtered for Data Science skill 

sets for publicly traded companies. Apart from identifying the total data science jobs 

posted by the firms, the job posting data can also be filtered for jobs listed to help 

Finance and Marketing finance functions. 

In order to identify jobs, Linkup database will be searched for different data 

science Job Titles.  Chatterjee, M. (2020, April 29) captures the Top Job Roles in the 
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World of Data Science in her article. In addition the articles in ladders, kdnuggets, and 

dataquest  capture various data science titles which we will be using to identify data 

science jobs. A comprehensive list of such jobs is given in Appendix A 

Figure 9 summarizes the number of data points we will use for this research based on the 

jobs data obtained from linkup.com 

 

Figure 9: Data Collection Summary 

 

Firm Performance Data  

As outlined earlier, we limit the scope to publicly listed firms. Firm performance 

data for publicly traded companies can be obtained from Compustat data. 

Empirical Model Specification and Analysis 

Table 2 captures the descriptive statistics for all dependent and independent 

variables. All the variables except the last three are independent variables, the last three 

variables are the dependent firm performance variables. The dependent variables denote 
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change in the firm performance (gross profit, revenue and cost) between 2013 and 2019. 

The change is positive if the firm performance variable increased over these six years and 

negative if it decreased. The last variable is the cost of goods sold.  While it is considered 

positive if the change in revenue or gross profit variable is positive, a decrease in cost of 

goods sold is considered as a positive improvement.  

 

Table 2  

Descriptive Statistics 

Table 2 

Descriptive Statistics 
Variable N Min Max Mean Std Deviation 
Number_of_Data_Jobs_Advertised_By_Firm 902 1 21157 222.72 880.231 
Mining_Utilities_Construction_Manufacturing 902 .00 1.00 .4180 .49350 
Pro_Services_and_Real_Estate_Dummy 902 .00 1.00 .2217 .41564 
HealthCare_and_Others_Dummy 902 .00 1.00 .0510 .22012 
Trade_and_Transportation_Dummy 902 .00 1.00 .1275 .33371 
Finance_And_Insurance_Dummy 902 .00 1.00 .1752 .38032 
emp_cont=1K to 10K 901 .00 1.00 .4306 .49544 
emp_cont=10K to 25K 901 .00 1.00 .1887 .39147 
emp_cont=25K_+ 901 .00 1.00 .2375 .42580 
Manufacturing_Mining_Construction_data_jobs_inter
action 

902 .00 4091.00 55.4390 253.63978 

Pro_Services_and_Real_Estate_data_jobs_interaction 902 .00 3608.00 60.1574 277.05623 
HealthCare_and_Others_data_jobs_interaction 902 .00 2299.00 7.3426 90.82237 
Trade_and_Transportation_data_jobs_interaction 902 .00 21157.00 42.1541 724.29015 
Finance_and_Insurance_data_jobs_interaction 902 .00 7021.00 52.3891 340.23011 
small_firms_data_jobs_interaction 901 .00 587.00 2.4140 21.47807 
medium_firms_data_jobs_interaction 901 .00 2302.00 34.7647 133.95536 
large_firms_data_jobs_interaction 901 .00 1314.00 26.7736 115.05317 
extra_large_firms_data_jobs_interaction 901 .00 21157.00 159.0100 875.49537 
change_in_grossprofit 902 -16331 89831.00 899.9190 4227.689 
change_in_revenue 902 -44599.00 173516.0 2329.187 10173.353 
change_in_cost_of_goods_sold 902 -28268.00 94273.0 1429.268 7123.606 

 

Table 3 captures correlations between the dependent variables and independent 

variables. All dummy variables were removed from the correlation table. From this 

analysis it can be seen that the number of data jobs advertised by the firm and all of the 
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industry interaction variables have a positive and statistically significant correlation with 

all the three firm performance variables. The correlation between number of data jobs 

advertised and change in cost of goods sold is 0.513, change in gross profit is 0.755 and 

change in revenue is 0.673 with all the three correlations having a p value less than 0.05. 

This is a good starting point for the analysis, as these correlations signal an early 

confirmation of hypotheses 1, 2, 3 and 4. However the correlation between the firm size 

interaction variables does not convey the same story.  
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Table 3  

Correlation Analysis 

 

In order to analyze the relationship between data jobs and firm performance 

parameters, a regression analysis needs to be conducted, in which Firm size, and industry 

sector cluster are control variables. The interaction between data jobs and industry sector 

can be used as a moderator variable and similarly the interaction between data jobs and 

firm size can be used as another interaction variable. This regression analysis needs to be 
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conducted for each of the three firm performance variables – revenue, gross profit and 

cost of goods sold.  

For each of the three dependent variables, the regression analysis will be done in 

multiple iterations starting data jobs as the only independent variable followed by 

the addition of industry dummy variables, firm size dummy variables, industry 

interaction variables, and firm size interaction variables. At every stage, the coefficients 

of each variable as well as statistical significance of the coefficients were captured. 

Adjusted R2 values for the regression equations were also captured for each iteration.  

Impact of Data Jobs on Firm Revenues  

In this section we examine how data jobs along with different control variables 

and interaction variables affect firm revenues. In the regression equation (1), we 

specifically look at how industry sector and firm size play a moderator role in the 

relationship between data jobs and firm revenues.  

Revenue of the Firm = c + 𝛽1 Number of Data Jobs Advertised by the 

form+  2 Controls + 𝛽3 Industry interaction effects + 𝛽4 Firm size 

Interaction effects + 𝜺  (1) 

In the regression equation 1, the primary independent variable is the number of 

data jobs advertised by the firm. The control variables are dummy variables representing 

the industry sector and the size of the firm. 𝛽3 and 𝛽4 are coefficients of interaction 

variables that represent the extent to which the industry sector cluster membership and 

size of the firm influences the relationship between the number of jobs and firm revenue.  

Table 4 captures the regression coefficients for each of the regression analysis that 

was conducted in an iterative fashion.   
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Table 4  

Impact of Data Jobs on Revenue 

 

In Table 4, when the number of data jobs was the only variable in the regression 

analysis, the positive coefficient of 7.78 indicates that incremental data jobs contributed 

towards the firm revenue. The same held true as dummy variables for industry 

membership and firm size was added to the regression equation. As interaction variables 

were added to the regression, the coefficient of number of data jobs started losing 

significance and the interaction variables started to gain significance. The coefficient of 

the industry interaction variables suggest that data jobs had the highest impact in the 

finance and insurance industry cluster with a coefficient of 9.9, followed by trade and 

transportation industry with a coefficient of 9.,7. Professional services industry had the 

next highest impact with a coefficient of 7.05. It is interesting to note that the coefficients 

of the interaction terms were positive and significant at 0.01 level across all industries.  

While examining the coefficient of firm sizes, extra large firms were kept out of 

the regression as the base variable which would be measured by the regression constant. 

Extra large firms with 25,000 employees or more have the highest coefficient of 7.936 on 
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the number of data jobs. The impact of data jobs is lower in large firms and almost 

negligible in medium sized firms. This analysis reveals that the impact of data jobs on 

firm revenues is highest for extra large firms and the impact fades as the size of the firm 

becomes smaller.  

The explanation of variance represented by the adjusted R2 value increases from 

0.453 to 0.55 as more variables are added to the regression.  

In order to examine for any non-linear relationships, the same analysis was 

conducted after applying log and square root functions on the dependent variable, which 

in this case is revenue.  

Table 4A  

Impact of Data Jobs on Log of Revenue & Sq. Root of Revenue 

 

Table 4A has regression coefficients when running the same regression, but with 

non-linear transformations applied to the dependent variable. The first non-linear 
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transformation is by applying log on revenue and the second nonlinear transformation is 

by applying square root transformation on revenue.  

For analysis after log transformation, the dependent variable was multiplied by 

1000 after applied log, so that the coefficients are large enough to be observable. One 

major observation is that the impact of the number of data jobs advertised by the firm is 

statistically significant in this analysis, which was not the case without log 

transformation. So it reconfirms our analysis that data jobs have an positive impact on 

firm revenues. However, log transformation suppresses the statistical significance of 

several other independent variables, especially on the interaction effects of industry 

cluster with jobs. That is because the non-linear relationships are not statistically 

significant. Wherever statistical significance was preserved with log transformation, we 

see that the regression points to the same direction as it was without the log 

transformation. The larger the size of organization, the larger is the impact data jobs has 

on revenue. While, the only industry cluster interaction with data jobs that has 

demonstrated a statistical significance is trade and transportation industry cluster, the net 

sum of the impact of data jobs on this cluster is positive. Data jobs impact has a positive 

coefficient of 0.26 and the interaction variable with this industry cluster has a coefficient 

of -0.16, and the net difference between the two statistically significant coefficients is 

0.1, which is positive. While we do not have any new insights after the log transformation 

of the dependent variable, this analysis is a quick robustness check of our initial findings.  

Similar analysis using square root transformation on revenue also do not give any 

conflicting results. The only industry cluster coefficient that has statistical significance is 
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Finance and Insurance industry cluster and the results does not negate the results from 

previous analysis.  

Impact of Data Jobs on Firm’s Gross Profit 

In this section we examine how data jobs along with different control variables 

and interaction variables affect firm’s gross profit.  

Gross Profit of the Firm = c + 𝛽1 Number of Data Jobs Advertised by the 

form+  2 Controls + 𝛽3 Industry interaction effects + 𝛽4 Firm size 

Interaction effects + 𝜺  (2) 

Table 5 captures the regression coefficients for each of the regression analysis that 

was conducted in an iterative fashion with gross profit as the dependent variable. As with 

revenue regression, when data jobs is the only independent variable in the regression, you 

can see that it has a positive significant coefficient. And this holds good when industry 

dummies and firm performance dummies are added as control variables. 

Table 5  

Impact of Data Jobs on Gross Profit 
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When examining the coefficients of the industry clusters, the trading and 

transportation cluster has the highest impact of data jobs on profitability with a 

coefficient of 4.238. This is followed by the finance and insurance industry cluster with a 

coefficient of 3.022 and in turn followed by real estate and professional services cluster. 

As with revenue regression, the impact of data jobs on profitability is highest on extra-

large firms, and the impact lessens as the size of the firm is smaller.    

The explanation of variance represented by the adjusted R2 value increases from 

0.571 to 0.661 as more variables are added to the regression.  

 Table 5A has regression coefficients when running the regression on the log of 

gross profit as well as square root of gross profit, with the same independent variables. 

The table compares the regression coefficients without log and with log side by side. The 

log transformed dependent variable was multiplied by 1000, so that the coefficients are 

significant enough to be observable. All the coefficients of the dummy variables with a 

high statistical significance are consistent before and after log transformation.  
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Table 5A  

Impact of Data Jobs on Log of Gross Profit & Sq. Root of Gross Profit 

 
 

For the interaction variables, the coefficients after the log transformation are not 

statistically significant. So the comparison of the coefficients of the interaction variables 

before and after log transformation is not rationale.  

 Analysis after square root transformation also conveys a similar story. The 

impact of data jobs on gross profit is smaller and statistically significant for medium 

sized firms. The only industry cluster coefficient that has statistical significance is Real 

Estate and Services industry cluster and the results conveys that this industry has a 

positive impact from data jobs. Although this doesn’t give us any new insights, this is not 

in conflict with any of our previous analysis. 
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Impact of Data Jobs on Firm’s Cost of Goods Sold 

In this section we examine how data jobs along with different control variables 

and interaction variables affect firm’s gross profit.  

Table 6 captures the regression coefficients for each of the regression analysis that 

was conducted in an iterative fashion with cost of goods sold as the dependent variable.  

Cost of Goods Sold of the Firm = c + 𝛽1 Number of Data Jobs Advertised 

by the firm+  2 Controls + 𝛽3 Industry interaction effects + 𝛽4 Firm size 

Interaction effects + 𝜺   (3) 

Table 6 

Impact of Data Jobs on Cost of Goods Sold 

       

As with revenue and gross profit regression models, data jobs have a positive 

coefficient on cost of goods sold. The cost increases are highest in the finance and 

insurance industry cluster with a coefficient of 6.893 followed by trading and 

transportation cluster with a coefficient of 5.482. Based on the results of the regression, 
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the cost of goods sold has a positive impact on extra large firms and a negative impact for 

medium sized firms. This means that medium sized firms see a decrease in cost of goods 

sold as a result of adding data jobs.  

The explanation of variance represented by the adjusted R2 value increases from 

0.263 to 0.368 as more variables are added to the regression.  

It is interesting to note that R2  value is highest for profitability, followed by 

revenue and then followed by cost. This means that the regression equation is able to 

better explain the variance of profitability when compared to revenue or cost. The 

changes to gross profit is better explained by data science jobs when compared to how 

these jobs are able to explain revenue or cost.  

Table 6A 

Impact of Data Jobs on Log of COGS & Sq. Root of COGS 

 

Table 6A has regression coefficients when running the regression on the log and 

square root of cogs, with the same independent variables. Most coefficients do not have 
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statistical significance in this analysis, but wherever statistical significance exists, the 

results do not conflict with any of our earlier analysis. For example, small firms have 

relatively lower impact from data science jobs.  

Detailed Analysis, Robustness Check and Margin Plots  

In order to better understand and reconfirm the effects of interaction variables on 

the three firm performance variables, a robustness check along with detailed analysis on 

subsamples was performed on the dataset. While performing robustness checks, only one 

set of interaction effects, either industry membership interaction or firm size interaction, 

were examined at a time and only statistically significant interaction effects were retained 

in the regression. Robustness check was followed by regression analysis was performed 

with sub-sampled data. As data was sub-sampled, several coefficients lost statistical 

significance because of the reduced data sample size, however wherever statistical 

significance was retained, we were able to validate whether the coefficients in the 

robustness check are consistent with the main model. Although the relative magnitude of 

the coefficients are at different scale, robustness check was performed, by ensuring that 

the direction of the coefficients are in the same direction (positive or negative). 

Finally margin plots were performed for each of the regression analysis. This 

helped us to visually examine and compare the interaction terms relative to each other. 

By comparing the relative impact of interaction terms on the dependent variables in this 

analysis with the relative impacts captured in the main regression analysis, we were able 

to perform robustness checks from multiple angles.  

More Detailed Analysis for Impact of Data Jobs on Firm Revenues 

The first detailed analysis for impact of data jobs on revenue was performed to 

examine the industry interaction effects on revenue. In this analysis, trade and 
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finance/insurance industry interaction variables (cluster 2 and cluster 3) were kept out of 

the regression analysis as base variables to ensure multicollinearity effects were removed. 

Hence the coefficient of number of data jobs advertised by the firm in Table 7 includes 

the effects of the base industry variables, which in this case is both Trade and 

finance  (cluster 2 and cluster 3)  industry clusters. The effects of other industry 

interaction variables is done in comparison to the coefficient of the base industries, which 

is 8.07.  

Table 7 captures the relative impact of other industries when compared to the 

base industries. As you can see, all other industries have a negative coefficient, which 

denotes that the impact of those industries are lower than that of the base industries. In 

the Manufacturing, Mining, Utilities and Construction industry cluster, there is really no 

effect of hiring data science talent on revenue. The coefficient of this industry brings 

down the base variable effect of 8.07 by 7.97, net result being -0.1. This means there is 

negligible impact (slightly negative) of incremental data science talent on revenue. In 

Services industry cluster (cluster 4) that consists of Real Estate, Information Services, 

Professional and Administrative Services, the base coefficient effect of 8.07 is reduced by 

2.85 resulting in 5.25, which is a considerable positive coefficient.   
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Table 7  

Impact of Data Jobs on Revenue with Industry interaction effects 

 

Although the impact of data science talent in the services industry is not as high 

as the Finance/Retail industry, there is a considerable positive effect data science talent 

has on revenue. In Summary, the impact of hiring data science talent on revenue is 

positive and highest in retail, trade, transportation, warehousing and finance industry 

cluster, followed by healthcare, arts, education, accommodation services industry cluster. 

There is nearly no effect of this talent on the Manufacturing, Mining, Utilities and 

Construction industry cluster. The model explains 71.1% of the variance in Revenue, 

which is about three quarter of the variance in revenue.  
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Figure 10 captures the margin plot of industry interaction effects on firm 

revenues. The relative slopes of each industry interaction effects are consistent with all 

our earlier analyses.  

 

Figure 10 - Margin plot of industry interaction effects on firm revenues 

 

The next analysis was performed to evaluate impact of data jobs on revenue after 

controlling for size of the firm. In this analysis, extra large firm interaction variable was 

kept out of the regression as a base variable. Hence the main coefficient of the number of 

data jobs advertised by the firm in Table 8, captures the impact of data jobs on extra large 

firms. The effects of other industry interaction variables is done in comparison to the 

coefficient of extra large firms, which is 7.566. In medium sized companies, hiring data 

science talent has negligible impact (slightly negative impact) on  revenue. Coefficient of 

the Base variable of extra large firms is 7.566 and coefficient of medium size firm 
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reduces it by 6.834. The net effect is slightly positive. In large sized companies, hiring 

data science talent has a reasonable impact on  revenue. Coefficient of the Base variable 

of extra large firms is 7.566 and coefficient of large size firm reduces it by 5.001. The net 

effect is positive.  

In summary, the impact of hiring data science talent on revenue is highest in very 

large firms and the impact is lower as the size of the firms go down. The model explains 

69.3% of the variance in Revenue. 

Table 8 

Impact of Data Jobs on Revenue with Firm Size interaction effects 

 

Figure 11 captures the margin plot of firm size interaction effects on firm 

revenues. The relative slopes of each firm size interaction effect reveals that the larger the 

size of the firm, the larger the slope of the line. The higher the slope, the more is the 
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impact data jobs have on firm revenues. These findings are consistent with our findings 

in our earlier analyses.  

 

Figure 11 - Margin plot of firm size interaction effects on firm revenues 

 
Detailed Analysis for Impact of Data Jobs on Gross Profit 

Detailed analysis for impact of data jobs on gross profit was done similar to the 

analyses done for revenue. The first analysis was performed on industry interaction 

effects and subsequent check was done on firm size interaction effects. Table 9 captures 

the regression analysis that was done on industry interaction effects. In this analysis 

industry cluster 5 (Healthcare Education and Others) were kept out of the regression to 

prevent multicollinearity effects.   
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Table 9 

Impact of Data Jobs on Gross Profit with Industry interaction effects 

 

Based on this analysis, data talent hired in the Retail/Trade industry cluster has 

the highest impact on gross profit followed by Real Estate, Information Services, and 

Professional and Administrative Services clusters. They are then followed by Finance and 

insurance cluster followed by Manufacturing, Mining, Utilities, and Construction 

industry clusters. The model explains 81.1% of the variance in gross profit.  

When the analysis was redone with sub-samples for firm size it was observed that 

data jobs have no impact on gross profit for small, medium, and large firms. For extra-

large firms, data jobs have a significant positive impact on gross profit all industry 

clusters. The highest impact is for trade and professional services cluster, with decreasing 

impact in for finance, healthcare/education/others, and mining/construction.  
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Figure 12 - Margin plot of industry interaction effects on gross profit 

 
Figure 12 captures the Margin plot of industry interaction effects on gross profit. 

The slope of the lines indicate that data jobs have the highest impact on trade cluster and 

negative impact on mining and utilities cluster. This is inline with the findings so far.  

Table 10 captures the regression analysis that was done on firm size interaction effects. In 

this analysis extra-large firms were kept out of the regression to prevent multicollinearity 

effects.   
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Table 10  

Impact of Data Jobs on Gross Profit with Firm Size interaction effects 

 

 
Based on the coefficients, the impact of hiring data science talent on gross profit 

is highest in very large firms followed by large firms and then medium firms. An increase 

in data science talent leads to an increase in gross profit for very large, large, and 

medium-sized firms. However, as the size of the firm decreases, an increase in data 

science talent contributes less towards gross profit.  Although the coefficients are 

negative for each firm size, the coefficient for the effect of number of data jobs advertised 

is 3.716 which offsets the negative values to make the net effect positive. Data Science 

jobs impact on gross profit for small companies is not statistically significant. This model 

explains 75.6% of the variance in Net Profit.  
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Figure 13 - Margin plot of firm size interaction effects on gross profit 

 
Figure 13 captures the margin plot of firm size interaction effects on gross profit. 

This margin plot also shows that the impact of data jobs on gross profit is highest on 

extra-large firms and the impact is lessened as the size of the firm decreases.  

Detailed Analysis for Impact of Data Jobs on Cost of Goods Sold 

Similar to the analyses done for revenue and Gross Profit, the first robustness 

check was performed on industry interaction effects and next check was done on firm 

size interaction effects. Table 11 captures the regression analysis that was done on 

industry interaction effects, in which cluster 1 was held out as the base variable. Table 

11 captures the regression analysis that was done on firm size interaction effects, in 

which extra-large firms was held out as the base variable. 
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Table 11 

Impact of Data Jobs on Cost of Goods Sold with Industry interaction effects 

 

 

This analysis reveals that an increase in data science talent leads to the highest 

decrease in cost of goods sold in Manufacturing, Mining and construction industry cluster 

(net coefficient: -1.245). Increase in data science talent leads to an slight increase in cost 

of goods sold for services industry cluster and the increase is more impactful for 

retail/trade industry cluster and even more for finance and insurance cluster. The margin 

plots on figure 5, captures the same findings in a visual manner. This model explains 

60.5% of the variance in cost of goods sold. 

Sub-sampled analysis based on firm size shows that Data jobs in large and extra 

large firms in the trade/transportation/warehousing industry cluster have a significant 
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positive impact on cost of goods sold. Data jobs in extra large firms in the 

finance/insurance industry cluster have a significant positive impact on cost of goods 

sold. Figure 14 captures a margin plot of industry interaction effects on cost of goods sold 

 

Figure 14 - Margin plot of industry interaction effects on cost of goods sold 

 
  



 

 

54 

Table 12 

Impact of Data Jobs on Cost of Goods Sold with Firm size interaction effects 

 

Firm size interaction analysis demonstrates that an increase in data science jobs 

lead to an increase in cost of goods sold in very large firms. For medium firms an 

increase in data science jobs lead to a decrease in cost of goods sold. This model explains 

55.9% of the variance in cost of goods sold. Figure 15 captures margin plot of firm size 

interaction effects on cost of goods sold 

Sub-sample analysis based on industry clusters show that in extra-large firms, 

data jobs had a significant positive impact on cost of goods sold across all industry 

clusters. For Finance/Insurance and Professional services industry clusters in medium 

sized firms, data jobs had a significant negative impact on cost of goods sold. This means 

that as more data talent is acquired in these clusters, the cost of goods sold decreases.  
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Figure 15 - Margin plot of firm size interaction effects on cost of goods sold 

 

In this section we have analyzed the impact of data jobs on three firm performance 

variables – revenue, cost of goods sold and gross profit in detail. We analyzed with the 

entire samples and sub samples. We also analyzed for linear relationship and non-linear 

relationship and collected insights. While some analysis revealed statistically significant  

relationships, we saw the significance dropping when the same analysis was done from a 

different angle, especially with non-linear relationships and subsampled relationships. 

This is because of a lack on non-linear relationship or the effect of a smaller sample size. 

However, none of the analysis conflicted with each other. Wherever statistical 

significance was preserved they all pointed at the same direction. At this point, let us 
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conclude the summary of all the analysis from an overall perspective, which is done by 

the two tables below in figures 16 and 17. In these figures red indicates a negative 

impact, green indicates a positive impact, yellow indicates slight impact and black 

indicates no impact. 

 

Figure 16: Summarized Impact of Data Jobs on Firm Performance by Firm Size 

 

 

Figure 17: Summarized Impact of Data Jobs on Firm Performance by Industry Cluster 
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Looking deeper at the results of this research, we see that Manufacturing, 

Utilities, Construction and Mining industry cluster see a nearly no impact on Revenue 

from data science talent when compared to other industry clusters. However, the 

manufacturing industry has grown over the last decade, and the industry has hired a lot of 

data talent as seen from the secondary data used for this research. This calls for one more 

robustness check specifically on the manufacturing cluster. Based on descriptive analysis 

within this cluster, majority of the jobs in this cluster are from Manufacturing industry. 

Apple, Abbot Labs, Boeing, Cisco, Honeywell, HP, Intel, Lockheed Martin, Northrop 

Grumman, Thermo Fisher Scientific are the major companies manufacturing companies 

hiring data talent. We deep dived into this industry cluster and looked at the impact of 

data talent on this industry cluster more surgically. We looked at the impact of data jobs 

by separating out Manufacturing industry from the cluster and also split manufacturing 

industry into tech manufacturing firms and non-tech manufacturing firms. We used 

NAICS industry codes to determine tech manufacturing firms like Apple, HP, Intel etc.  

This analysis revealed that although this cluster (Cluster 1) saw a negative impact on 

revenue as a result of adding data jobs, the same is not true for Manufacturing Industry 

and more specifically for tech manufacturing firms. This means that the impact of data 

jobs is negative especially on the non-manufacturing industries within this cluster which 

are Utilities, Mining and Construction. We see that the cost of goods sold declines as a 

result of adding data jobs and we also see that gross margins improve as a result of 

adding data jobs within this industry cluster. All these observations tie to each other 
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really well. An increase in revenue and decrease in cost of goods sold explains the 

increase in gross margins.   

 
 

Figure 18: Deep Dive of the Impact of Data Talent on Manufacturing Revenue  

 
 

So we gather one more insight from this research that, although the impact of data 

jobs revenue of cluster 1 is flat, the impact is slightly positive for manufacturing industry 

within the cluster and more specifically the impact on tech manufacturing cluster is 

significantly higher. It is the non-tech manufacturing companies that are in the business 

of timber products, paper and tires that saw a negative impact from data science jobs. 

These impacts are summarized in in the margin plots in figure 18.  
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Discussion 

The explanation of the above findings can be traced back to the RBV (Barney, 

1991). This theory states that Firm's human capital can be a source of sustained 

competitive advantage. Data Talent is a Firm's human capital. According to cio.com data 

Science Spend will hit $187 billion in 2019. According to IBM the number of positions 

for data and analytics will  2,720,000, by 2020.  Dice.com says that Time taken to fill 

data science position is up to 54 days. 100 best jobs published by us news had Statistician 

(#6) and Data Scientist (#8) as top 10 jobs. According to the resource-based view of the 

firm resources that are valuable, imperfectly imitable and has no strategically equivalent 

resources can be a source of sustained competitive advantage for the firm. When the 

above industry references are layered on top of YBV, it indicates that data talent is 

valuable human capital, imperfectly imitable and has no strategically equivalent 

resources. A source of sustained competitive advantage comes from improved firm 

revenues and sustained firm profits and this research leads to the finding that data talent 

can enable both. Therefore, the intersection of industry thinking and RBV supports 

results of this research. 

Let us also look at whether the research results hold up by itself when different 

analyses are examined against each other. We know the impact of any effect on firm 

profitability is a function of impact on revenue and cost of goods sold. Now lets examine 

for this effect for a few industry clusters in this research. Lets start with trading & 

warehousing clusters where the impact of data talent is higher on revenue than on cost of 

goods sold. If revenue sees higher positive impact than costs, the profitability is expected 

to see a higher impact. When the results are examined, that is exactly what is seen.  

Similarly for manufacturing cluster, there is nearly no impact on revenues but a negative 
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impact on cost of goods sold. When impact of revenue is not present, but the effect is 

able to reduce cost of goods sold, we expect the effect on profitability to be favorable and 

that is exactly what we see from the research outcome. Therefore, the different research 

outcomes are supporting each other.  

Let us also see if the results from this research can find support from industry 

analysis conducted by other bodies. According to data from National Science Foundation, 

an independent federal body, Knowledge and Technology Intensive industries (KTI 

Industries) generated an output of $24 trillion that adds up to about a third of world GDP 

in 2018. Within the Knowledge and Technology Intensive industries, there are a few 

industries that are heavily reliant on data. According to smartdatacollective.com, the 

seven industries that have a high impact of data are Healthcare, Science, Retail, Non-

Profit, Politics, Insurance and Agriculture. These are industries where data plays a role 

and the volume of data involved is higher than other industries. Similarly, according to an 

article published in towardsdatascience.com , the following five industries are defined by 

data and analytics – medicine, retail, construction, banking and transportation. While 

examining the intersection of the list of industries covered as KTI industries by NFS.gov, 

industries defined as the ones with a high impact of data by smartdatacollective.com and 

industries that are called as defined by data and analytics towardsdatascience.com, we see 

that Retail, Banking, Insurance and Healthcare industries occur in all of the three above 

lists. We define these four industries as Data Intensive KTI Industries. There is a 

significant overlap between data intensive KTI industries and the industries where the 

impact of data talent is higher than other comparable industries. Although our original 

hypotheses states that industry plays a moderator role on the relationship between Data 
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Talent and Firm performance, further analysis reveals that this moderator effect is higher 

on data intensive industries when compared to other industries that are not data intensive.  

 

Figure 19: Impact of Data talent on Data Intensive KTI (Knowledge and Technology 

Intensive) Industries 

Based on the findings of this research we see that Finance, insurance, retail, and 

professional services have edge over other industries examined here in terms of impact of 

data talent on firm performance. Hence, results from this research also finds support from 

the industry research done by external bodies. 

The other major finding of this research was how larger firms see a higher impact 

from data talent, when compared to a smaller impact that smaller firms saw. In order to 

explain this, we will examine how the cost of data management evolves as the scale of 

operations increase. As a firm has a higher number of employees, its scale of operations 

increases. As scale of operations increase more computing infrastructure is required to 

run the data operations. According to price-performance Moore’s Law, the cost of 

computing power has declined by a factor of ten every four years for the last 25 years. 

This means that the marginal cost of data management has diminished as firm size 

increased, and larger firms are at an advantage over smaller firms to exploit data 

capabilities.  
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Figure 20: Scale of Operations and Impact of Data Talent on Firm Performance 

 

Although figure 20 is a new proposed model that needs to be tested with data, it is 

supported by price-performance Moore’s Law.  It shows how marginal cost of 

managing data is diminishes as scale of operations go up as a function of the size of the 

firms. Our research shows how the incremental impact of data is higher as the size of the 

firm increases and the size of the firm for this research is measure as a function of the 

total number of employees in the firm. Therefore, one of the key findings of this research 

finds support from price-performance Moore’s Law.    
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CHAPTER 4 SKILLS OF DATA TALENT AND FIRM PERFORMANCE 

 

Willingness to Invest in Data Talent with Additional Skills and Firm’s Performance 

From previous study, we have observed that data talent has a positive impact on 

firm performance and profitability. However, as we drill down we saw that the magnitude 

of impact varies from industry to industry and also based on the size of the company. We 

also noted that the impact on revenue, profit and cost of sales had different magnitude 

and direction based on industry. This difference in magnitude is lower between certain 

industries, but the difference is clearly visible between certain other industries. The 

overarching question is why? Rather than trying to explain this difference based on 

supporting arguments, how can we explain this using empirical evidence and data. This 

problem can be approached in several ways. One could ask what are the deep-rooted 

differences between these industries in the context of data jobs? This could be good topic 

for qualitative research. However, one of the deep-rooted difference between these 

industries while hiring talent, and especially while hiring data science talent is the skills 

requested by firms in this talent. If there is a difference between the skills requested by 

companies within different industries and if it has any relationship with the impact 

created by this talent, it is could help us provide insights to explain this phenomenon with 

the help of data.  

From a theory perspective, Resource-based view of the firm (Barney, 1991) 

explains how that a firm's human capital can be a source of sustained competitive 

advantage. The need for this research builds on top of that view to gain a deeper look at 

the characteristics of that human talent with data skills and its impact on firm 

performance. Researchers have built on top of resource-based view of the firm (Barney, 
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1991) in many ways, specifically in the context of data. Some of those extensions were in 

the area Big Data and Predictive Analytics diffusion, information sharing and Big Data 

Analytics Quality. Let us take a look at some of those extensions before we develop our 

own extension to Resource based view.  

Mishra, et al, (2019) built on Barney’s (2011) resource based view to look at the 

at the effect of different variables of organization performance through BDPA 

diffusion. Mishra, et al, (2019) looked at the effect multiple organizational 

characteristics and sub-characteristics on diffusion of Big Data & Predictive Analytics 

capabilities. Mishra was not the only one to look at Big Data capabilities through the lens 

of resource-based view. Gunasekaran et al, (2017), also looked at the impact of 

networking, information dissipation, executive actions and supply chains on 

organizations and specifically on organization’s supply chain performance again through 

Resource Based View. Extending Barney’s explanation of how valuable and rare 

resources be a reason to generate competitive advantage, in this research we would like to 

understand the skill characteristics of such valuable and rare data skilled human resources 

on firm’s success. We examine the additional elements that increase the imperfect 

imitability of data talent resources and see how they add to the competitive advantage for 

the firm according to this theory. Fosso Wamba et al. (2019) examined the quality of big 

data (BDAQ), and building on the RBV to develop a multidimensional model and 

suggests that that talent quality is highly correlated with BDAQ.  

According to Powers and Hahn (2002), competitive advantage can be achieved by 

firms by nurturing a set of skills and resources in a way that is unique and un-inimitable 

by competitors. One of the ways to obtain such superior skills is by the talents of its 



 

 

65 

employees among other abilities that are not available to other firms. In the context of 

data skills, we argue that an important way to obtain such superior advantage is to 

complement data skills with other skills that becomes a catalyst to convert data skills into 

meaningful business value.  

Fiol (2001) revisited her own argument that it is possible to achieve a sustainable 

competitive advantage based on any competency, no matter how inimitable that 

competency it is. Fiol argued that the skills of organizations and how organizations use 

those skills must constantly change to produce continuously changing temporary 

advantages. Eisenhardt and Martin (2000, p. 1117) argued that dynamic capabilities can 

result in competitive advantage based on the way these capabilities are applied. The 

ability to apply dynamic capabilities when combined with resource-based view, 

specifically the human resources aspect of the resource based view, suggests that 

sustainable firm performance is achieved a firms ability to apply the dynamic capabilities 

developed as a result of the ability of human resources to apply those skills. When we put 

this argument in the context of data skills, we argue that the ability to apply data skills 

depends on the supplemental skills available to human resources. In this data skills needs 

to be complemented with other relevant skills like modelling, research, finance etc. to 

impact the firm in a meaningful manner.   

Building on existing research on the human capital aspect of resource-based view 

and how other researches specifically looked at the relationship between data capabilities 

and firm performance, we intend to look at the aspect relationship between the skills of 

data talent and firm performance. Do organizations deliver firm performance through 
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resource based view with the help of skills in human resource talent and how does that 

question manifest itself in the context of data talent?  

 

 

Figure 21: The role of skills between talent and firm performance  

 

 

To answer this question a starting research question would be to understand what 

are the skills that firm are looking to hire in data talent.   

Research Question 1: What are the data associated skills that firms seek in data 

talent? 

To understand how data talent and data associated skills within this talent have 

differing magnitude of impact on industries, we choose to take two industries on which 

this magnitude is demonstrates a striking difference. From the previous study, we see that 

the impact of data skilled talent on revenue was highest in Finance cluster and lowest in 

Manufacturing. On the contrary, we see that a favorable impact of data skilled talent on 

cost of sales was lowest in Finance and highest in Manufacturing. For that reason, we 

will center our research questions around these two industries.  
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Figure 22: The inconsistency between industry performance and role of data skilled talent  

 

 

More importantly the impact of data skilled talent on these two industries is not 

consistent with the macro behavior demonstrated by these industries. Manufacturing 

industry has grown revenue as a whole between 2015 and 2019, although we see data 

skilled talent did not have a contribution in this revenue growth. The cost of sales of 

manufacturing has risen between 2015 and 2019, although the data skilled jobs have 

helped reduce cost of sales. Figure 22 captures this inconsistency. In this context, it 

becomes important to examine why the impact data skilled talent these two industries 

have shown the opposite effect? What are the skills associated with data talent these two 

industries has been hiring for?  
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Research Question 2: What are the data associated skills that firms in Manufacturing 

industry seek in data talent? 

Research Question 3: What are the data associated skills that firms in Finance & 

Insurance industry seek in data talent? 

Once we understand the data associated skills these two industries seek in data 

talent, one of the data points that could help us understand how these skills influence 

these two industries differently is to understand what the key differences are between the 

skilled requested by both of these industries. Are these skills same of different? If some 

of the skills are same is there a difference between the rate at which one industry looks 

for this skill versus the other? If the skills are different, what are those skills asked by one 

industry that is not in other one and vice versa? 

 

Research Question 4: How do the data associated skills needed by firms in 

Manufacturing industry differ from the data associated skills needed by Finance & 

Insurance industry  

Finally, once we understand the differences in the skills requested by both these 

industries does it explain in any way how it could have differing impacts on revenue and 

cost of sales in these industries? Do the skills asked by one industry and not the other 

have any characteristics that help in increasing revenue versus driving down costs? Do 

some of these skills help reduce costs more than help increase revenue? Are some of 

these skills concentrated more in one industry versus the other? The answer to these 

questions should help us explain why one industry is getting more help in a specific firm 

performance parameter when compare to the other.  
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Research Question 5: Does difference in skills needed explain why data skills help 

grow revenue in Finance & Insurance industry and helps reduce costs in 

Manufacturing industry 

 
The Model 

Based on the above research questions, we propose a model that will help us 

answer these questions and more. This model depicts the relationship between data jobs 

and firm performance parameters reported by the firm. The firm performance parameters 

we will focus are the two controllable variables - change in revenue and change in cost of 

goods sold. We are not looking at gross profit as a dependent variable as it is not a 

controllable variable for most firms, but rather an outcome of the two controllable 

variables we consider here – revenue and cost. The model specifically looks at two 

industries as discussed above – finance & insurance and manufacturing. The model also 

looks at the moderating role played by the skills firms seek within the data talent,  

displayed as needs of the firm.  
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Figure 23: The moderator role of skills on the relationship between data jobs and firm 

performance 

There are skills that firms seek in an employee while advertising for job 

opportunities in data space. Such skills may be a result of the department that is hiring for 

the talent or because of the type of job that is expected to perform. For example, if the 

finance department is looking for data talent, the job will seek finance also as skill. 

However, if the company is hiring talent in its engineering department, the job 

description could have engineering as a supplementary skill requested. Research 

departments may request a PhD, however other departments may also look for a PhD, if 

they require a highly qualified data talent.  

Data Collection & Method 

Data about Firms Advertising for Data Skills  

LinkUp (linkup.com) is a data aggregator of job postings from the internet. 

LinkUp data has historical data about all postings on the internet that is collected with the 

help of bots crawling over web pages. This data can be filtered for Data Science skill sets 

for publicly traded companies. Apart from identifying the total data science jobs posted 

by the firms, the job posting data can also be filtered for data specific jobs.  Chatterjee, 

M. (2020, April 29) captures the Top Job Roles in the World of Data Science in her 

article. In addition the articles in ladders, kdnuggets and dataquest  capture various data 

science titles which we will be using to identify data science jobs. A comprehensive list 

of such jobs are captured in Appendix A.  

The skills for this research is obtained by searching job description of data jobs 

with a Job Title in Appendix 1. A python program will be used to tokenize all the words 
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in the job description and the tokens were analyzed and filtered for those words that is a 

skillset and counted for. 

Data on Skills Requested by Firms 

We will collect this data from two different perspectives – an absolute perspective 

and a global perspective. The first perspective would be to identify the top skill terms 

within both Finance and Manufacturing industries. This would be an absolute perspective 

as it only looks at the top terms within the industry and it does not consider how does it 

compare to another industry or across all industries. The second perspective would be to 

identify the top skill terms across all data jobs across all industries to identify the top skill 

terms, and then look at how those skill terms are requested between the two industries 

under consideration in this research.  

An Absolute Perspective of Data Related Skills Requested within Finance and 

Manufacturing Industries 

The starting point of this analysis is to have two datasets with job descriptions of 

jobs published by firms within Finance Industry and Manufacturing Industry.  A four step 

process will be conducted on these two datasets to create two topic models of the 

dominant skills requested by these two industries. Finally, we will identify the 

monograms, bigrams and trigrams that occur most frequently with in the job descriptions. 

Figure 24 captures the 4 step process to perform this data collection.  
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Figure 24: Four step process to develop topic models from job descriptions 

The first step involves preprocessing of the text during which we convent all the 

text to lower case, remove insignificant terms like urls, html links, emails etc., remove 

accepted stop words as outlined in stanford nlp stop words, 2009. As a next step, the 

words are lemmatized. In method 1, we stemmed the words where as in this method we 

lemmatize to reduce word-forms to linguistically valid lemmas. Finally, we remove all 

special characters and punctuations. After all these steps of preprocessing, we have a 

clean set of relevant words that occur across job descriptions. As the second step, we 

generate tfidf term-doc matrix. Natural Language Processing (NLP) uses tfidf technique 
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to prepare text documents for machine learning. Tfidf vectorizer can generate a document 

matrix with documents and token scores. TFIDF, which stands for term frequency-

inverse document frequency, can be used to find important words, which is known as 

features in a machine learning context, and we are employing the same technique here 

although our objective is not machine learning. 

As the last step, we perform Non-Negative Matrix Factorization (NMF) topic 

modeling on the tfidf term-doc matrix. Extracting topics from text is an unsupervised 

data-mining technique to identify the relationships between texts. Non-Negative Matrix 

Factorization (NMF) is an unsupervised technique that does not require labelling of 

topics. NMF factorizes dataset with a high dimensionality into a lower-dimensional 

representation. The reason why it is called Non-Negative Matrix Factorization is because 

these lower-dimensional vectors have non-negative coefficients. NMF requires all 

preprocessed text to be converted into numbers. The process of creating tf-idf weights in 

the previous step make it possible for to be performed on that dataset. The outcome of the 

above process will result in topic models with monograms, bigrams and trigrams sorted 

by coherence scores that will allow us to identify the most prevalent topics across the job 

descriptions.  

A Global Perspective Data Related Skills Requested by Firms and How They Manifest 

within Finance and Manufacturing Industries 

In this method, all job descriptions of data related jobs will be analyzed for 

frequently occurring words and then filtered down to skill terms that occur frequently 

throughout all the job descriptions.  
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The starting dataset is job descriptions associated with all 430,921 data jobs with 

titles listed in Appendix A. These job descriptions consist of approximately 240M terms. 

These 240 Million terms were filtered down to the terms that occur at least 3000 times in 

the entire dataset, which resulted in 5298 terms. As a next step these terms were 

inspected for terms that are associated with any skill or capability and every other term 

were ignored. For example, terms like consulting, engineering, finance were selected and 

terms like job, location, experience etc. were ignored. Stop words were also ignored. This 

resulted in 521 terms that are associated with skills or capabilities. As a next step, these 

terms were further analyzed for common stem terms. For example, the terms consulting, 

consultant, consultants, consultation all have the same stem consult. This exercise 

reduces the 521 terms into 192 stems. Figure 25 captures this entire process of arriving at 

these 192 stems. The job descriptions will be examined for the occurrences of these stem 

terms and the frequency of occurrences of these stem terms will be associated to every 

job and then associated to every firm. When this data collection exercise is completed, we 

will have a dataset that captures the terms are frequently mentioned by firms in their job 

descriptions.  
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Figure 25: Process to arrive at skill term stems 

 
At this point we have the 192 top skill stems that really matters for data related jobs. As 

the next step, we will examine jobs within Finance Industry and Manufacturing Industry 

for the density of occurrences of all 192 skill terms across both the industries. The density 

would be measured in terms number of occurrences of the skill terms within every 100 

jobs. This makes it possible to compare the density of each skill term across both 

industries. Figure 26 depicts how the skill densities of these 192 skill terms are arrived at.  
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Figure 26: Process to calculate skill term density 

 
Data Analysis  

Identification of Top Skills Requested by Firms within each Industry through 

Topic Modeling 

 
Tables 13 and 14 capture topic modeling results for both Finance and Manufacturing jobs  
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Table 13:  

Topic Models based on Finance Job Descriptions 

monograms 

Topic #1: statistical, analyze, analyst, perform, test, database, 

intelligence, optum, demonstrate, life 

Topic #2: access, excel, hedis, applications, analysts, microsoft, 

heavy, involvement, equivalent, deliverable 

Topic #3: criminal, federal, credit, consider, charlotte, begin, 

customers, satisfy, text 

Topic #4: machine, engineer, big, architecture, software, hadoop, 

cloud, learning, platform, spark 

Topic #5: investment, firm, market, client, asset, trade, global, bank, 

research, corporate 

bigrams and trigrams 

Topic #1: excel access, applications excel access, applications excel, 

tools microsoft, heavy involvement implementation, heavy 

involvement, involvement implementation, office applications excel, 

microsoft office applications, office applications 

Topic #2: ross , objects microsoft, equivalent statistical, applications 

excel access, applications excel, excel access, interface senior 

stakeholders, monitor trend proactively 

Topic #3: improve mitigate navigate, market trends improve, client 

market trends, break global, mitigate navigate, mitigate navigate 

increasingly, break global portfolio, investment decision settlement, 

trends improve mitigate, decision settlement 

Topic #4: machine algorithm, would equivalent, would equivalent 

background, combination education would, education would 

equivalent, equivalent background, education would, magazine top, 

among insurer, antheminc com 

Topic #5: text message, phone number, satisfy customers, 

background check, succeed financially, put center, offer fargo, offer 

fargo contingent, fargo contingent, look talented put 
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Table 14:  

Topic Models based on Manufacturing Job Descriptions 

monograms 

Topic #1: bi, analyst, intelligence, market, sale, global, key, 
quality, sap, organization 
Topic #2: apple, deep, learning, algorithm, ai, intel, research, 
scale, ml, language 
Topic #3: mission, government, professional, security, 
collection, federal, train, shall, commercial, trust 
Topic #4: optimize, architecture, big, databases, pipeline, 
datasets, object, fab, optimal, analytic 
Topic #5: clinical, statistical, study, sa, medical, regulatory, 
trial, biostatistics, stryker, abbott 

bigrams and 
trigrams 

Topic #1: stream processing, pipeline architecture, next 
generation, unstructured datasets transformation, datasets 
transformation structures, datasets transformation, metrics 
stakeholder, key metrics stakeholder, streaming object 
oriented, spark streaming object 

Topic #2: contractor shall, rule methodology, interpretation 
duties, rule methodology collection, methodology collection, 
mission critical mission, critical mission, enterprise solutions 
manage, enterprise solutions, solutions manage 

Topic #3: fab productivity, next generation, ai ml, like kera 
pytorch, kera pytorch library, framework like kera, like kera, 
pytorch library like, pytorch library, kera pytorch 
Topic #4: clinical study, access compensation, test sa, csr 
review, disclose pay, senior staff biostatistician, staff 
biostatistician, statistical plans, responsible statistical, senior 
staff 

Topic #5: rapid deep, competitions share, demonstrate 
effectiveness, ml dl, neural network, productive pervasive 
platform, compute productive, integrate optimize every, 
productive pervasive, begin gpus 

 
 
The topic models were also converted into world cloud with the help of WordCloud 

package, based on word count using CountVectorizer available at 

https://www.datacamp.com/community/tutorials/wordcloud-python. These word clouds 
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also consider word count which captures the magnitude at which these terms appear in 

the job descriptions.  This was not considered on the above tables with Topic Model data. 

Figures 27, 28, 29 and 30 are word clouds generated from the data in tables 13 and 14.  

 

 

Figure 27: Finance Jobs Topic Modeled Word Cloud for Monograms 

 

 

Figure 28: Finance Jobs Topic Modeled Word Cloud for Bigrams and Trigrams 
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Figure 29: Manufacturing Jobs Topic Modeled Word Cloud for Monograms 

 

 

Figure 30: Manufacturing Jobs Topic Modeled Word Cloud for Bigrams and Trigrams 
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Identification of Skills that can Improve Revenue  

In order to create a dictionary of skills that can improve revenue, we surveyed 

around 40 industry professionals for this information. The data provided by these 

industry professionals were translated into a word frequency chart and a word cloud 

(captured in figures 31 and 32).   

 

 

Figure 31: Skills associated with “grow revenue” by industry professionals 

 

The following are the top skills terms that the surveyed professionals considered 

among skills that can improve firm’s revenue – advertising, agile, analysis/analytics, 

architecture, artificial intelligence, automation, competitive, cost, customer, data, design, 

experience, goal, growth, innovate, insight, management, marketing, optimization, 

product, productivity, quality, robotics, sales, solution, strategy, technology, vision.  
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Identification of Skills that can Reduce Costs  

 
 

 
Figure 32: Skills associated with “reduce cost” by industry professionals 

 
Similarly, we created a dictionary of skill terms that are associated with Cost 

reduction by surveying industry professionals. The following are the top skills terms that 

the surveyed professionals considered among skills that can reduce firm costs – 

accounting, acquisition, artificial intelligence, analysis, automation, compliance, cost, 

data, efficiency, engineering, experience, finance, governance, insights, learning, 

machine, maintain, mergers, optimize, perform, process, product, productivity, quality, 

reduction, research, security, testing, transformation, value. 

To understand why data skills help grow revenue in Finance & Insurance industry 

and helps reduce costs in Manufacturing industry, we need to understand whether these 

skills identified by the two above methods are associated with growing revenue or 

reducing costs. While one can eyeball the skills and make a judgement about whether the 
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skill can help grow revenue, reduce costs or both, we decided to take the help of industry 

professionals to code these skill terms into these categories. For this purpose, a survey 

was created with all the terms in tables 15 and 16 and administered with the same 40+ 

professionals from the industry who work on data or technology. The survey asked these 

coders to identify what they associate each skill term between “Increase Revenue”, 

“Decrease Cost”, “Both” or “Don’t know”.  Table 15 and 16 captures the top occurring 

skill terms within Finance and Manufacturing and associates it to how the industry 

professionals perceived those skills. Please note that the frequency of skills on this table 

are absolute count within each industry and hence the same term can occur in both the 

industries if they happen to be among the top skill terms within the industry.  

To arrive at a classification of whether industry professionals selected the skill as 

“Reduced Cost” Or “Increase Revenue” a point based system was employed. We 

considered the possibility that a skill may be considered as both  “Reduced Cost” Or 

“Increase Revenue” skill. We also considered the possibility that the industry 

professional was not aware of the impact of certain skills. In order to consider both of the 

above possibilities the survey had 4 options against each skill - “Increase Revenue”, 

“Reduced Cost”, “Both” and “I don’t know”. Wherever  each industry professional 

classified a skill as “Reduced Cost” Or “Increase Revenue” 1 point was assigned to either 

of these categorizations. Wherever an industry professional selects “Both”, 0.5 points 

were assigned to both classifications and where “I don’t know” was selected, 0 points 

were assigned to both classifications. All the points were added up, to determine whether 

a given skill was classified as “Reduced Cost” Or “Increase Revenue” by the industrt 

professionals surveyed.  
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Table 15:  

Top Manufacturing skill terms vs industry professional’s skill perception 

 

 

Table 15 suggests that out of the fifteen top frequently occurring skill terms 

within Manufacturing industry data jobs, eleven of them are perceived by industry 

professionals to be important skills that can help reduce costs.  

 

Table 16:  

Top Finance skill terms vs industry professional’s skill perception  
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Table 16 suggests that out of the fifteen top frequently occurring skill terms 

within Finance industry data jobs, nine of them are perceived by industry professionals to 

be important skills that can help increase revenue.  

Identification of Data Related Skills Requested by all Firms  

A word count search conducted across all 430,921 data related jobs in the dataset 

for the most frequently occurring skills identified the below mentioned 192 skills as the 

outcome.  

Table 17:  

Frequently occurring skill terms in data jobs across all industries  
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Although Table 17 captures all frequently occurring skill terms within data jobs, table 18 

captures the top 25 Skill terms with the highest density of occurrences. Tables 19 and 20 

captures top 25 skill terms separately in Manufacturing Industry and Finance Industry.  
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Table 18 

Top 25 Skill terms with the highest density of occurrences 

# Skills Skill Density per 100 jobs 

1 data 1635.19 

2 analy 1388.88 

3 business 892.92 

4 develop 850.16 

5 model 433.45 

6 manag 422.88 

7 statistic 415.77 

8 system 385.83 

9 design 378.79 

10 program 328.88 

11 engineer 298.70 

12 communicat 285.77 

13 technic 275.49 

14 technolog 266.31 

15 client 238.93 

16 research 238.58 

17 software 213.77 

18 financ 209.23 

19 build 192.62 

20 information 188.39 

21 innovat 184.78 

22 expert 180.57 

23 architect 179.16 

24 deliver 176.59 

25 leader 171.02 
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Both Finance and Manufacturing industry jobs were scanned for the density of 

occurrences of the 192 terms.   
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Table 19:  

Top 25 skill terms across Manufacturing Industry 

Skill Term Stem 

Density of Skill Term Occurrence per 100 

jobs 

 data 770.3240122 

 analy 357.2127557 

 develop 306.3266293 

 business 270.1533297 

 system 154.6866555 

 statistic 142.9778397 

 engineer 120.7009359 

 technolog 112.5366256 

 information 106.1218104 

 program 105.1318522 

 model 101.1919324 

 communicat 86.80340227 

 comput 83.43526868 

 deliver 80.86080847 

 technic 79.76844082 

 innovat 76.22962478 

 software 75.52982676 

 machine 73.22845845 

 degree 71.68093762 

 build 69.50189173 

 research 69.21173157 

 leader 65.24052001 

 global 62.35883139 

 collaborat 58.66071175 

 clinical 58.62373055 
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Table 20:  

Top 30 skill terms across Finance Industry 

Skill Term Stem 
Density of Skill Term Occurrence per 100 
jobs 

 analy 565.1822245 
 data 562.6518537 
 business 349.9055832 
 develop 276.3611758 
 model 214.3922704 
 financ 136.4417448 
 technolog 110.5463587 
 system 107.3708063 
 statistic 103.8175867 
 information 96.15094102 
 communicat 93.57021464 
 program 87.55586328 
 quantitat 87.5118021 
 client 81.58242588 
 degree 81.37785611 
 build 76.17863662 
 technic 74.82218166 
 invest 73.73009379 
 deliver 73.59791024 
 excel 67.19644993 
 engineer 64.38597596 
 market 63.78485554 
 complex 63.76597218 
 advanced 61.33945994 
 research 56.4927299 
 innovat 54.38408762 
 machine 53.81758671 
 document 53.08742997 
 comput 52.99616038 
 software 50.06294455 

 

In Table 21, we have skill density for those terms in the skill dictionary created 

with the help of industry professionals and compare them to the skill density data from 
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the dataset. For all these terms, we compare the skill density in Finance Jobs with the 

skill density in Manufacturing jobs and find out which industry the respective skill is 

dominant. If the difference between skill densities between the two industries is marginal, 

we consider the skill to be dominant in both industries.  Table 21 also captures the skills 

that were classified as Cost Reduction but dominant in Finance industry and any skills 

that were classified as Grow Revenue but dominant in Manufacturing industry in the last 

column. As we can see these, there are a few skills that falls into either criteria, but it is 

also evident that there are only few skills that meets the criteria;   

The basis of this research was that data jobs in Finance industry helps to improve 

revenue and data jobs in Manufacturing industry helps to reduce cost. From that 

perspective, we can use Table 21 to examine if the skills that are classified as Revenue 

Enhancing happens to be dominant skills in Finance Industry job descriptions and if skills 

classified as Cost Reduction are from Manufacturing job descriptions. We see that for 38 

out of 46 skills from the skill dictionary, there is an alignment between skill type and the 

industry jobs where that skill occurrence is dominant. For 8 skills, this alignment does not 

happen. 

 

Table 21:  

Comparing Skill Density Data with Skill Type from Skill Dictionary 
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These eight skills can be viewed as exceptions or anomalies or outliers. As with 

every research, these anomalies need to be explained. When we examine these eight skill 

scenarios, there are two important considerations to be made. Firstly, although Finance 

Industry has seen the relative highest increase in revenue as a result of data jobs, that 

does not mean that Finance industry was unable to reduce cost. Finance Industry was able 

to make the least impact on cost of sales, however the industry still had a positive impact. 
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A second important consideration is about the skill types. Some of the skills types that are 

marked as Revenue Enhancing or Cost Reducing are generic skills that could be viewed 

through both the lenses. Given these two considerations, Table 22 takes a look at the 

possible reasons why this alignment does not happen for the 8 skills.  

 

Table 22:  

Analysis of Skill terms where Skill Density do not align with Skill Dictionary 

Skill Term Stem 
with Cost 
Reduction Term 
dominant in 
Finance or  
Revenue 
Enhancement 
term dominant in 
Manufacturing?  

Type of Skill 
According to 
Skill 
Dictionary 

Skill More 
Dominant in 
Finance or 
Manufacturing 
Jobs? Remarks 

 engineer 
Cost 
Reduction Finance 

Although not intutive, Data engineering is an 
essential skill for data jobs in Finance. 
However, it is interesting to note that 
Engineering/Data Engineering is a more 
sought after skill in Finance than 
Manufacturing. 

 growth 
Revenue 
Enhancing Manufacturing 

Manufacturing domain jobs in data expects 
to drive sales or revenue growth. Growth is a 
generic skill is applicable to both industries 
and is highly relevant to manufacturing 
industry.  

 market 
Revenue 
Enhancing Manufacturing 

Data jobs in manufacturing have goals to 
expand market or to improve market 
penetration. Market is a generic skill is 
applicable to both industries and is highly 
relevant to manufacturing industry. 

perform 
Cost 
Reduction Finance 

Data jobs in Finance have goals improving 
performance of finance products like funds 
and insurance products. Although it is 
viewed as a cost reduction term by Industry 
professionals, from a Finance Industry 
perspective this could have a broader 
meaning of improving performance of 
finance products.  

strategy 
Revenue 
Enhancing Manufacturing 

Strategy is a generic term that is applicable 
to both industries for revenue enhancement 
as well as cost reduction.  
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Skill Term Stem 
with Cost 
Reduction Term 
dominant in 
Finance or  
Revenue 
Enhancement 
term dominant in 
Manufacturing?  

Type of Skill 
According to 
Skill 
Dictionary 

Skill More 
Dominant in 
Finance or 
Manufacturing 
Jobs? Remarks 

 transform 
Cost 
Reduction Finance 

Transformation, although is a generic term it 
is interesting to note that Manufacturing 
domain is less focused on transformation 
around data jobs when compared to Finance. 
This may be an interesting point for Chief 
Data Officers to note.  

security 
Cost 
Reduction Finance 

Understandably, data security is more 
important in Finance domain when 
compared to manufacturing 

test 
Cost 
Reduction Finance Testing is a generic term in Data jobs 

 

 

Finally we would also like to take a look at the skills that are dominant in one industry 

when compared to the other. Tables 23 and 24 compares skill densities of skill stems in 

both industries and compare industry skill densities with the help of a ratio. The ratios 

were sorted in descending order that will allow us to look at the top skill terms in one 

industry when compares to the other.  

 

Table 23:  

Top 25 skill terms occurring more often in Finance Industry when compared to 

Manufacturing 

Skill Term 
Stem 

Density of 
Skill Term 
Occurrence  in 
Manufacturing 

Density of Skill 
Term 
Occurrence 
Finance 

Finance: 
Manufacturing 
Density Ratio 

 banking 0.395414332 21.73160446 54.95907133 
 insurance 4.611270731 36.93900674 8.010591633 
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Skill Term 
Stem 

Density of 
Skill Term 
Occurrence  in 
Manufacturing 

Density of Skill 
Term 
Occurrence 
Finance 

Finance: 
Manufacturing 
Density Ratio 

 advisory 0.583165021 3.666519796 6.287276604 
 client 18.1293204 81.58242588 4.500026702 
 financ 30.42130117 136.4417448 4.485072616 
 invest 17.82778141 73.73009379 4.135685315 
 quantitat 22.4219839 87.5118021 3.902946434 
 econometric 2.281455352 7.373953547 3.232127045 
 econom 10.35473502 31.42506452 3.034849706 
 qualitat 1.903109265 5.564297854 2.923793161 
 commerce 0.950132279 2.558695789 2.692989014 
 offshore 0.549028532 1.3721911 2.499307447 
 corporate 10.47990214 23.44684333 2.237315102 
 elastic 1.063920576 2.306917606 2.168317502 
 accounting 3.726566723 7.931012778 2.128235818 
 model 101.1919324 214.3922704 2.118669595 
 calculation 1.942935169 3.786114433 1.948657111 
 customiz 2.005518732 3.899414616 1.944342156 
 exceed 1.795010383 3.342355385 1.862025655 
 codi 7.302363952 12.38748662 1.696366643 
 complian 17.96148266 29.98363442 1.669329586 
 facilitate 6.548516485 10.5746837 1.614821269 
 etl 12.76135749 20.54509977 1.60994626 
 consult 15.2931471 24.40360043 1.595721291 
 analy 357.2127557 565.1822245 1.582200567 

 

 

 

Table 24:  

Top 25 skill terms occurring more often in Manufacturing Industry when compared to 

Finance 
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Skill Term Stem 

Density of 
Skill Term 
Occurrence  in 
Manufacturing 

Density of 
Skill Term 
Occurrence 
Finance 

Manufacturing: 
Finance Density 
Ratio 

 aerospace 6.756180127 0.025177818 268.3385842 
 biolog 11.96768412 0.144772455 82.66547725 
 biomedical 1.388217222 0.031472273 44.10921401 
 
biopharmaceutical 4.989616818 0.157361365 31.70801695 
 erp 4.952635621 0.210864229 23.48732004 
 bioinformatics 2.972719256 0.166803047 17.82173238 
 clinical 58.62373055 6.11506263 9.586775165 
 scientific 23.1132478 2.659407062 8.691128233 
 interdisciplinary 1.723892698 0.207717001 8.29923736 
 biostatistical 0.677040366 0.084975137 7.967511334 
 gpu 3.803373823 0.601120413 6.327141354 
 biostatistic 13.6432168 2.42965947 5.61527941 
 outsourc 1.325633659 0.26751432 4.955374573 
 invent 10.03612778 2.39503997 4.190380082 
 international 16.98290331 4.135456663 4.106657304 
 simulation 13.262026 3.263674703 4.063525691 
 robotic 2.281455352 0.607414868 3.756008413 
 pharma 38.47182317 10.47711966 3.671984709 
 graphic 3.106420505 0.972493233 3.194284955 
 redshift 2.699627343 0.862340278 3.130582453 
 doctora 1.968537536 0.645181595 3.051137154 
 bayesian 2.861775666 0.991376597 2.886668572 
 cassandra 3.703809063 1.397368918 2.650559216 
 sampl 4.531618923 1.834833512 2.469771178 
 neural 6.895570791 2.920626928 2.360989939 

 

 

Research Answers and Discussion  

Earlier in the paper, we stated five research questions centered around the skills 

hired by firms and the impact it has on Revenue and Cost of Goods sold. We then 

described the research method and finally we collected the data and analyzed it. In this 
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section we will connect the research questions with data analysis to find answers to our 

research questions.  

 
Research Question 1: What are the data associated skills that firms seek in data 

talent? 

In this paper we looked at the skills requested by all the firms looking for data 

talent across all industries. As a result of that exercise, we found 192 skills that are 

frequently associated with data jobs. Table 17 captures those 192 skills listed in 

alphabetical order and Table 18 captures the top 25 terms that has the highest density of 

occurrences across all data jobs. Density of occurrence is calculated as the number of 

times these skills appear with every 100 jobs.  

 
Research Question 2: What are the data associated skills that firms in Manufacturing 

industry seek in data talent?  

While Table 17 captures the skills all firms are looking for in data professionals, 

Table 19 captures the top 25 skill terms requested by Manufacturing firms in their job 

postings. While most of the skills requested by Manufacturing firms are same as the skills 

needed by all firms, the skill terms that Manufacturing firms specifically looking in data 

jobs are compute, machine learning, degree, build, global, collaboration and clinical.  

 
Research Question 3: What are the data associated skills that firms in Finance & 

Insurance industry seek in data talent? 

Table 20 captures the skills requested by firms within Finance and Insurance 

industry. Once again there are certain skills terms Finance Industry is specifically 
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interested to see in data talent, and they are finance, quantitative, client, degree, invest, 

excel, market, complex and advanced.  

 

Research Question 4: How do the data associated skills needed by firms in 

Manufacturing industry differ from the data associated skills needed by Finance & 

Insurance industry? 

While Research Questions 1, 2 and 3 were looking at the skills aspect of data jobs 

from an absolute perspective, this research question is asking about the relative 

importance of skills in one industry compared to the other. One way to answer this 

question would be to compare the top 25 skills between the two industries. However, it 

may not capture relative importance of each skill between two industries. For this reason, 

we need to common metric that benchmarks each skill within each industry that is 

comparable to each other. The common metric we will use is to compare the density of 

skill terms within each industry which is a method to measure how often each skill term 

appears in jobs within that industry. This is calculated as the ratio of the total number of 

occurrences of a skill term, divided by the number of jobs in that industry. Because this 

number can sometimes be smaller decimals, we multiply this ratio by hundred. So 

effectively this metric is the number of times these skill terms appear in every 100 jobs.  

Tables 23 and 24 captures this data in terms of skill density. Table 23 captures the 

Top 25 skill terms occurring more often in Finance Industry when compared to 

Manufacturing and Table 24 captures the Top 25 skill terms occurring more often in 

Manufacturing Industry when compared to Finance. It is interesting to note that there 

isn’t skill terms that is common between Table 23 and 24. This calls out the how these 
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two industries are staringly different in terms of what they are looking for in data talent. 

While this could be an after effect of the differing needs of the two industries, the next 

research question is about whether this difference is skills has any relationship to the fact 

that data jobs help Finance industry grow revenues, whereas these jobs help 

Manufacturing industry to reduce cost.  

 
Research Question 5: Are the difference in skills between the Finance and 

Manufacturing related to how these skills help grow revenue in Finance & 

Insurance industry, whereas they help reduce costs in Manufacturing industry? 

In order to answer this question, we had to follow a two-step process. Firstly, 

identify the skills associated with growing revenue and reducing costs and then 

understanding the density of these skills in job descriptions from both industries. To 

identify the skills associated with growing revenue and reducing costs, we surveyed 

about 40 industry professionals and asked them about skills that each one of them would 

associate to these two paradigms of firm performance - growing revenue and reducing 

costs. Figure 31 and Figure 32 are two word clouds created from the inputs given by 

industry professionals. You may note that there are several skill terms that were marked 

as both grow revenue and reduce costs, which tells us that many skills associated with 

data are needed to both grow revenue as well as reduce costs from the perspective of 

industry experts.  

The second step was to identify the skill density for these specific terms within 

the job postings of both industries to understand which of these skill terms are dominant 

in one industry vs the other. To determine if any skill term is dominant in one industry vs 

the other, the relative difference between skill densities had to be at least 10 percentage 
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points, unless the skill density was too small in both industries. Wherever the difference 

in skill density was not substantial, we tagged those skills as present in both industries.  

After having the skill types from industry professionals and skill densities for 

those terms from data, Table 21 compares skill density data with skill type. It is 

interesting to note that that for 38 out of 46 skills, there is an alignment between skill type 

as seen by industry professionals and data. Table 22 has some analysis/explanation of the 

eight skill terms where skill density data do not align with skill type as identified by 

industry professionals.  
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CHAPTER 5 CONCLUSION 

 

In conclusion, data jobs have a statistically significant positive impact on firm 

performance. This impact is more prominent in some industries and less prominent in 

other depending on the firm performance variable that is examined. While Finance & 

Insurance sector has the highest impact on Revenue as a result of hiring data talent, and 

Manufacturing industry has seen the highest impact in terms of controlling cost of sales. 

At the same time, Finance & Insurance sector had the least success in controlling cost of 

sales and Manufacturing sector had the least success in adding revenues as a result of 

hiring data talent.    

An important finding is that while the manufacturing industry as a whole was able 

to increase its revenues, this research indicates that data skilled talent did not play a major 

role in increasing revenue. However, while the cost of sales of manufacturing industry 

has increased, this research indicates that data skilled talent in manufacturing industry has 

actually played a role in decreasing cost of sales there by helping improve the 

profitability of this industry. When we did a deep dived into this phenomenon and looked 

at the underlying reasons that is causing this phenomenon, we observed that the skills 

these companies are looking within data talent is partially explaining this phenomenon.  

Every firm wants to drive increased revenues and reduced costs. But the more 

successful firms are more surgical about how much to drive and where to drive.  As 

companies make their financial plans and cascade the financial goals to different 

departments, it becomes more important for Chief Data/Analytics Officers to align their 

team to deliver these goals. The insight from this research helps Chief Data/Analytics 

Officers a macro perspective of how data skilled talent can drive these key firm 
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performance parameters successfully depending on the industry and firm size. This is an 

important finding at this time as the tenures Chief Data/Analytics Officers are hovering 

around 2.5 years as noted by a recent Harvard Business Review Article (2021).  A Chief 

Data/Analytics Officer of a manufacturing firm now understands that at a macro 

perspective data skilled talent is more successful in driving costs down than increasing 

revenues. But if the financial plan of the company is focused towards aggressively 

increasing revenues and not too much focused on controlling costs due to whatsoever 

reason, the CDO/CAO of that firm must do something different from that compared to 

the other data leaders in manufacturing industry. The understanding of what impact these 

jobs and skills play in the role of driving these key performance parameters is an 

important tool in Chief Data/Analytics Officer’s toolkit. Now that they understand what 

impact has been made possible, they are in a netter situation to negotiate performance 

agreements with CEOs with the help of empirical research data.  

This research offers further insights on what Chief Data/Analytics Officer’s can 

do in order make an impact on Firm Performance. The research looked at data skills and 

classified the type of data associated skills hired by these firms and its relationship with 

the impact these firms had on driving revenue vs controlling costs. These insights can 

help Chief Data/Analytics Officers to evolve their talent strategy such that their teams can 

make a meaningful impact to the firm performance parameters that aligns to the financial 

plan of the firm. While there may several factors like firm culture, leadership, strategy 

etc. that play important mediator roles in the relationship between data skilled talent and 

firm performance, this research chose to analyze the mediator role played by skills in this 

relationship. The reason why skills were selected over other potential mediator variables 
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is because hiring for skills is in the direct control of Chief Data/Analytics Officers and 

therefore actionable. However it is important to understand the mediator relationship 

played by other factors and will be interesting aspects to be explored in future research in 

this research stream. 

Future Research 

This research is a starting point to understand the relationship between data 

skilled talent and firm performance. In this research we specifically research the 

relationship between firm’s willingness to hire data skilled talent and firm performance. 

The willingness to hire data skilled talent is measured with the help of the data obtained 

from job postings published by these firms through websites and job portals. However, 

firm’s willingness to hire talent is a starting point. Companies must hire, retain and 

develop the talent in order to truly see the impact of this talent on firm performance.  

 

Figure 33: Future research opportunities  
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An immediate follow up research is to understand data about data-skilled 

employees that get hired by companies, their skills, years of experience and how they 

impact firm performance. Another area of research is to understand how firms can retain 

this niche talent. Human Resources policies could be an important mediator to be 

explored in this research. Finally, how do firms train and develop this talent and how that 

impacts firm performance. While all of these potential future research streams links how 

firms move from one stage to another to hire and retain talent, there are other potential 

research streams that are required to broaden the perspective of this research. 

 

 

Figure 34: Future research dimensions  

 

This research has covered a few industry clusters looked deeper into Finance and 

Manufacturing industries in depth, future research can look at more industries in depth. 

Finally, data skilled talent and its impact on firm performance has many more 
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intermediate links than just skills. If data skilled talent must make an impact on firm 

performance, there are several other variables that play a role in that relationship. Some 

of those variables are data literacy across the organization, leadership, maturity of data 

platforms, the skill profile of the talent in non-data organizations etc. Understanding the 

role each of these intermediate variables play in the linkage between data skilled talent 

and firm performance will be able to provide a holistic view of this relationship. Such a 

holistic understanding can help Chief Data/Analytics Officers not only to evolve data 

strategy, but also to invoke other actionable strategies that enables data skilled talent to 

truly impact how firms perform.  
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APPENDIX A: LIST OF DATA JOB TITLES ANALYZED IN THIS RESEARCH 

 
Artificial Intelligence Engineer 

AI Engineer 

Artificial Intelligence Research Scientist  

Big Data Architect  

Big Data Developer  

Big Data Engineer  

Business Intelligence Analyst 

Computer Vision Scientist  

Data & Analytics Consultant  

Data & Applied Scientist  

Data Analyst 

Data Analytics Developer  

Data Analytics Engineer  

Data Analytics Manager  

Data and Analytics Manager 

Data Architect 

Data Ecologist 

Data Engineer 

Data Engineering Manager  

Data Manager  

Data Operations Manager  

Data Science Engineer 
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Data Science Manager 

Data Science Specialist 

Data Scientist 

Data Visualizers 

Data Warehouse/ETL Developer 

Database Administrator 

Database Engineer 

Director of Data Science 

Enterprise Architect 

Geospatial Analyst 

Machine Learning Developer 

Machine Learning Engineer 

Machine Learning Research Scientist 

Machine Learning Scientist 

Quantitative Analyst 

Research Scientist 

Senior Data Analyst 

Senior Data Engineer 

Senior Data Scientist 

Senior Machine Learning Engineer 

Statistical Programmer 

Statistician  
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APPENDIX B: SURVEY 

 
 
Research Survey 
 
This survey is to help my doctoral research - "A STUDY ON THE IMPACT OF DATA 
SKILLED TALENT ON FIRM PERFORMANCE". Based on the research so far, we 
have observed that data jobs positively impact some industries to improve their revenues. 
At the same time, these jobs help reduce costs in some other industries. We are now 
doing a deep dive analysis of the jobs posted by the the firms within these industries, 
what they ask for in their job descriptions to get further insights and explain the above 
mentioned phenomenon.  
 
We expect that this research will help CDOs and CDAOs to think differently about the 
kind of impact they can make in their respective firms.  
 
I am requesting your help to complete the below survey that will help me complete my 
research. I will send a copy of this research paper to anyone who is interested in 
obtaining a copy. 
 

 
 

1. Your Name (optional):  
 

2. Your email (Optional, if you would like to get a copy of the research paper): 
 

3. What is the industry are you are most associated with?: 
 

4. Your location?: 
 

5. How many employees work in the organization you are closely associated 
with (as an employee, volunteer, board member, your major client that 
understand well, owner etc.) 

 
1. <1000 Employees 

 
2. 1000 to 10,000 employees 

 
3. 10,000 to 25,000 employees 

 
4. 25,0000 employees or more 
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6. These terms have appeared a number of times in Job Descriptions. For each 
term, please identify what do you associate it with to the best of your 
judgement? 

 
Skill Increase 

Revenue 
(Helps add 
clients, 
increase 
sales, attract 
more 
customers 
etc. ) 

Decrease Cost 
(reduce 
manufacturing 
cost, automate 
processes, 
increase 
productivity, 
reduce legal 
exposure etc) 

Both I don't know 

Accounting o o o o 
Advertising o o o o 
Advisory o o o o 
Aerospace o o o o 
Analysis o o o o 
Banking o o o o 
Bayesian o o o o 
Bigdata o o o o 
Bioinformatics o o o o 
Biology o o o o 
Biomedical o o o o 
Biopharmaceutical o o o o 
Biostatistics o o o o 
Calculation o o o o 
Cassandra o o o o 
Client o o o o 
Clinical o o o o 
Coding o o o o 
Commerce o o o o 
Compliance o o o o 
Config o o o o 
Consult o o o o 
Corporate o o o o 
Customize o o o o 
Cybersecurity o o o o 
Debug o o o o 
Describe o o o o 
Doctorate o o o o 
Economy o o o o 
Elastic o o o o 
ERP o o o o 
ETL o o o o 
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Exceed o o o o 
Facilitate o o o o 
Finance o o o o 
Geospatial o o o o 
Governance o o o o 
Government o o o o 
GPU o o o o 
Graphic o o o o 
Insurance o o o o 
Interdisciplinary o o o o 
Interdisciplinary o o o o 
Invent o o o o 
Invest o o o o 
Marketing o o o o 
Model o o o o 
Neural o o o o 
Offshore o o o o 
Outsource o o o o 
Pharma o o o o 
quantitative o o o o 
Redshift o o o o 
Robotics o o o o 
Sample o o o o 
scientific o o o o 
Sdlc o o o o 
Simulation o o o o 
Spreadsheet o o o o 
statistical o o o o 

 
 

7. These terms have appeared a number of times in Job Descriptions. For each 
term, please identify what do you associate it with to the best of your 
judgement? 

 
Skill Increase 

Revenue 
(Helps add 
clients, 
increase sales, 
attract more 
customers etc. 
) 

Decrease Cost 
(reduce 
manufacturing 
cost, automate 
processes, 
increase 
productivity, 
reduce legal 
exposure etc) 

Both I don't know 

Analyst o o o o 
Database o o o o 



 

 

123 

Engineer o o o o 
Global o o o o 
Machine o o o o 
Organization o o o o 
Perform o o o o 
Research o o o o 
Software o o o o 
Architecture o o o o 
Ensure o o o o 
Intelligence o o o o 
Manage o o o o 
Quality o o o o 
Security o o o o 
Systems o o o o 
Test o o o o 

 
 

8. What are some of the terms that you would normally expect to see in Job 
Descriptions of jobs that are designed to increase firm's revenue?: 

 
 

9. What are some of the terms that you would normally expect to see in Job 
Descriptions of jobs that are designed to reduce or optimize costs?:  


