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ABSTRACT 

The purpose of this quantitative causal-comparative study is an empirical examination of the 

differences in business intelligence capability and the value and competitive advantage of mid-

level higher education academia professionals from community colleges, four-year public, and 

four-year private institutions within the United States.  Institutions of higher education have an 

overabundant amount of student data that is often inaccessible and underutilized.  Based on the 

Unified Theory of Acceptance and Use of Technology (UTAUT) and Management Information 

Systems/Decision Support Systems theory, using two-way ANOVA analysis, this research 

examined factors to understand the mastery of readiness for mid-level professionals in higher 

education institutions to embrace digital technologies and resources to develop a culture of 

digital transformation.  This study applied the Business Analytics Capability Assessment survey 

responses from 176 mid-level higher education professionals, from community colleges, four-

year private, and four-year public institutions, to understand how higher education professionals 

use Business Intelligence Analytics (BIA) and Big Data (BD) to improve the organization, 

operational business decisions, and data management strategies to provide actionable insights.  

This study found no significance between the type of institution that has business intelligence 

capability and the value and competitive advantage.  A significant difference with a medium 

effect was identified between the Business Analytics Capability and the Value and Competitive 

Advantage for mid-level professionals who do and do not utilize BIA and BD resources.  

Therefore, this study calls for future research to understand how successful institutions have 

implemented BIA and BD tools and how higher education is shaped on a macro level. 

Keywords: Business Intelligence Analytics, Big Data, Technology Readiness, Competitive 

Advantage, Digital Transformation. 
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CHAPTER ONE: INTRODUCTION 

Overview 

The purpose of this quantitative, causal-comparative study is to determine if there is a 

difference in business analytical capability and the value and competitive advantages between 

mid-level professionals from community colleges, four-year private, and four-year public 

institutions.  Chapter one provides the background for how data is or is not utilized in higher 

education, explicitly equating mid-level professions in community colleges to four-year public 

and private institutions.  The background includes the effects of society at large and the 

theoretical framework for this study.  The problem statement examines the recent literature on 

the topic of data in higher education.  This chapter also includes the purpose of this study, 

followed by the significance of the proposed study.  Finally, this study’s research questions are 

introduced, and pertinent definitions for the research are provided. 

Background 

 Higher education and specifically community colleges have been significantly impacted 

by the ongoing global COVID-19 pandemic and are longing for ways to identify practical 

measures to gain actionable insights and make data-informed decisions while predicting and 

performing under continually added political, economic, and cultural tensions from stakeholders, 

including local and state representatives (Ain et al., 2019; Axelsen et al., 2020; Cardoso & Su, 

2022; El Alfy et al., 2019; Jaschik & Lederman, 2017; T. H. Shah, 2022).  Colleges across the 

globe are continually assessing decreases in student enrollment and retention numbers, looking 

to identify unique strategies to improve or reengineer processes and organizational decisions to 

increase student numbers (El Alfy et al., 2019).  While higher education institutions have a 

surplus of data and information, resources and trained professionals are limited to effectively 
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utilizing these data to make data-informed decisions at a rapidly accelerated pace (Davenport et 

al., 2001; Parnell et al., 2018; T. R. Shah, 2022; Tasmin et al., 2022; Webber & Zheng, 2020).  

These institutions also see decreases in employee numbers during the ‘Great Resignation’ in 

various domains, including higher education worldwide (Oubibi et al., 2022, p. 22).  Federal and 

state lawmakers continually scrutinize higher education institutions' performance and call to 

question the sustainability of the education industry (Jaschik & Lederman, 2017).   

 Over 2.5 quintillion bytes of data are generated daily, with each internet user generating 

1.7 megabytes each second, which is anticipated to expand exponentially (Alsheikh, 2019; 

Ghavifekr & Wong, 2022; Murali, 2021).  More data than ever, structured and unstructured, need 

to be scrutinized, sorted, and organized during heightened demands for information evaluation 

(Alhawamdeh & Alsmairat, 2019; Banumathi & Aloysius, 2017; Reinitz et al., 2022).  Most of 

these voluminous data are either not utilized or employed for accreditation, credentialing, or 

reporting requirements and not for addressing business decisions and strategic questions (Tasmin 

et al., 2022).  As more data is produced at a rapid rate, identifying ways to manage and employ 

these data will become an even more difficult challenge (Alsheikh, 2019; Tasmin et al., 2022).   

In contrast, higher education institutions have been the majority contributor to the amount 

of data created through processing activities traced through online breadcrumbs of information 

(Ghavifekr & Wong, 2022).  Educational professionals are adjusting and utilizing the existing 

organizational data within the institution’s data warehouse to garner information to make more 

informed decisions (B. K. Daniel, 2019).  Higher education professionals are looking for 

techniques including predictive analytics through the use of Business Intelligence Analytics 

(BIA) and Big Data (BD) automated systems to make more effective real-time data-informed 

and action-oriented decisions (Aldowah et al., 2019; Boulila et al., 2018; Calitz et al., 2018; B. 
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K. Daniel, 2019; Ghavifekr & Wong, 2022; Jaklič et al., 2018; Villegas-Ch et al., 2020).  As big 

data (BD) is a complex sequence of digital information, conventional techniques are not as 

effective at analyzing data without BIA tools (Alsheikh, 2019).  Currently, most analytics within 

higher education are focused on enrollment management and institutional budgeting.  These 

decisions impact the organization, drive change and guide the institutions toward sustainable 

business performance to increase competitive advantage by processing massive amounts of data 

virtually in real-time (Aldowah et al., 2019; Alnoukari, 2020; Cabrera-Sánchez & Villarejo-

Ramos, 2020; Cardoso & Su, 2022; George et al., 2020; Watson, 2019).  This competitive 

advantage can be achieved by establishing an ecosystem of better reporting, collection, 

processing, diagnostic, and predictive analytical capabilities through analytical processing 

(Aldowah et al., 2019; Crittenden et al., 2019; El Alfy et al., 2019; George et al., 2020; McAfee 

& Brynjolfsson, 2012).  However, little research calls to question the analytical maturity, 

capability, mastery of readiness, or acceptance of higher education leaders (i.e., mid-level 

professionals) in utilizing tools to inform or make data-informed decisions.     

Most higher education institutions have not seized the benefits of implementing BIA and 

BD tools and systems operationally or engaged them to their full potential (Abduldaem & 

Gravell, 2021; Ain et al., 2019).  Not all institutions are moving into these substantial changes 

due to limited resources, lack of knowledge, fear, policies, procedures, resistance or 

deliberateness to buy-in or change, security and privacy considerations, and institution types 

(Bagale et al., 2021; Cabrera-Sánchez & Villarejo-Ramos, 2020; B. K. Daniel, 2019; El Alfy et 

al., 2019; Llorance, 2020; Tasmin et al., 2022).  Additionally, there are complex challenges, 

risks, accountability to various stakeholders, privacy concerns, leadership buy-in, organizational 

culture, technology, talent management, data governance requirements, and expenses, including 
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the length of time dedicated to becoming data-driven and implementing BIA and BD tools 

(Davenport, 2014, 2018, 2020; De Medeiros et al., 2020; Hillman, 2022; Llorance, 2020; 

McAfee & Brynjolfsson, 2012; Musa et al., 2021; Reinitz et al., 2022; Simon & Barnett, 2023).  

A data-driven culture aims to establish a high-quality data infrastructure to increase the 

organization's performance levels (Campbell et al., 2021; Davenport, 2020) and requires the 

readiness, analytical maturity, capability, expertise, and technical and analytical skills that may 

not be present within the current organization (Cabrera-Sánchez & Villarejo-Ramos, 2020; 

Watson, 2019).  This culture is driven by the goal of data integration for interoperability while 

considering ambidexterity of innovation, exploitation, exploration, accessibility, equality, and 

privacy translated into organizational processes (Hillman, 2022; Jackson, 2019).  Resources at 

the organizational level must exist to have learning and a data-driven culture taking the issue of 

vast amounts of BD, using BIA tools and techniques to analyze the data into practical uses 

(Maroufkhani et al., 2020).  Despite these advantages and the increasing popularity of BIA and 

BD for organizations, leaders are not as prepared or ready to utilize these analytical tools as 

effectively as initially intended (Davenport, 2020).  This chapter will examine the historical and 

theoretical basis and advantages of establishing a foundation of analytical processing and 

focusing on the analytics revolution of higher education (Gagliardi et al., 2018; T. R. Shah, 

2022). 

Historical Overview 

Managing processes and information has been part of the business industry since the 

early 1960s (Arnott et al., 2017).  Organizational and management learning and adjustments need 

guiding frameworks like Management Information Systems and Decisions Support Systems to 

improve operational efficiency and have context for making informed decisions (Božič & 
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Dimovski, 2019).  Otherwise, these organizations will flounder and become reactive versus 

proactive (Arnott et al., 2017; Gorry & Scott Morton, 1971).  Responsive organizations have 

additional cost considerations, and available resources become wasted or mismanaged.  

Organizers must utilize systems to understand the organization's activity and make better-

informed decisions based on the criteria (Gorry & Scott Morton, 1971), the foundational insight 

and theoretical grounding for the decision-making environment through management 

information systems and decision support systems.  Many authors asserted that Gorry and Scott 

Morton’s (1971) work are seminal toward decision-making, control, and structure. 

Business organizations have utilized data to make strategic and operational decisions by 

analyzing their available data since the early 1990s (B. Daniel, 2015).  Organizations have for 

decades assembled a plethora of information and data and have been inundated trying to 

establish a resource and system to manage these data to leverage any business decisions (Clune-

Kneuer et al., 2021; B. Daniel, 2015; B. K. Daniel, 2019; Jha & Jha, 2022; Muhammad et al., 

2020; O’Brien & Milliron, 2019; T. H. Shah, 2022).  What the institutions do with the data is the 

vital component, not the amount of available data (Malik, 2021).  Industries like higher 

education might utilize tools like BIA and BD to help leaders provide proactive and prescriptive 

real-time interventions and use available information versus utilizing intuition or continue 

making educated guesses based on anecdotal experiences (De Oliveira et al., 2015; Mandinach & 

Schildkamp, 2021; McAfee & Brynjolfsson, 2012; Tamm et al., 2021).  Other industries outside 

of education have embraced absorptive capacity (Alexiou et al., 2019; Božič & Dimovski, 2019); 

meanwhile, in the age of digital transformation technologies, higher education shows the need to 

examine the implications of this paradigm shift by re-evaluating and redeveloping as business 

learning organizations (Jackson, 2019; O’Brien, 2022).  Future research is required to understand 
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how organizations are influenced by utilizing BIA and BD technologies to establish the 

foundation for future discoveries through innovation, viability, and success (Abduldaem & 

Gravell, 2021; C. L. P. Chen & Zhang, 2014; H. Chen et al., 2012; Jackson, 2019; O’Brien, 

2022).  Mid-level managers and decision-makers need to embrace their organization by 

incorporating BIA and BD systems to provide the various structures for establishing a culture of 

data literacy and making strategic decisions to ensure viability (Arnott et al., 2017; Clune-

Kneuer et al., 2021; Davenport, 2014, 2018, 2020; Walls & Barnard, 2020).  O’Neill and 

Brabazon (2019) suggested that if mid-level or non-executive managers utilize analytics, senior 

management will likely be interested in utilizing these data asset strategies.  Organizations that 

are responsive to purpose and readiness for changes internally and externally are built on a 

foundation of trust (Didi-Quvane et al., 2019).  Otherwise, the data becomes another 

mismanaged resource and a costly missed opportunity (Arnott et al., 2017).   

Many academic professionals have learned through the COVID-19 global crisis that the 

industry must embrace digital technology tools (Bagale et al., 2021).  Business intelligence 

analytics and BD systems and tools continue to be sophisticated and provide ways for institutions 

to develop student-focused strategies and make effective organizational decisions that will drive 

numerous benefits.  Higher education can employ BIA and BD tools like Educational Data 

Mining (EDM, Aldowah et al., 2019; Alyahyan & Düştegör, 2020; Maphosa & Maphosa, 2020), 

artificial intelligence (AI; E. Choi & Park, 2021; Keding, 2021; Venkatesh, 2022), internet of 

things application (IoT, Karupusamy et al., 2021), early warning systems (Raffaghelli et al., 

2022), predictive analytics (Subramaniam et al., 2021), machine learning (ML), cloud 

computing, data mining, Data Science, data warehousing, data lake, data ecosystem, data 

architecture, natural language processing, Hadoop, HANA, Python, Quality of Services, among 
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many other modern data solutions and infrastructures to continue adapting and evolving to 

remain sustainable (Abduldaem & Gravell, 2021; Anisha et al., 2022; Drake & Walz, 2018; 

Ghavifekr & Wong, 2022; Llorance, 2020; Miner et al., 2021; Modrak et al., 2019; Reinitz et al., 

2022; Sarker, 2021; A. Singh & Madaan, 2022).   

Implementing these challenges will take intense readjustment to the Higher Education 

industry overall (Abad-Segura et al., 2020).  HEIs must identify their institutions' mastery levels 

of maturity and readiness to utilize BIA and BD techniques to remain sustainable and relevant in 

educating the next generation (Campbell et al., 2021; Muntean et al., 2019; Tandon & Tandon, 

2020; Tekic & Koroteev, 2019).  Many organizations have benefited from BIA and BD tools, 

improved decision-making processes, and graduated into more prominent and cross-functional 

societies (Giang & Liaw, 2022; Paradza & Daramola, 2021).  The awareness, readiness, and 

capability to adopt new technologies and becoming more technology aware in a rapidly changing 

environment have tremendous impacts on organizations and society at large (Lawrence et al., 

2019; Matthews et al., 2021; Peters et al., 2019; Tasmin et al., 2022). 

Society at Large 

 The COVID-19 global pandemic magnified that the realm of higher education was not 

equipped as many other industries in having the capacity to make data-informed determinations 

and decisions to better the organization, student learners, and adapt to create changes to 

automation and digital transformation, digital revolution (Bagale et al., 2021; Brunetti et al., 

2020; Clune-Kneuer et al., 2021; Elom, 2020; Hayes et al., 2021; S. Kumar et al., 2019; Vial, 

2019).  A society with a data-driven excellence framework upholds the values and structure of 

society and education.  For higher education institutions to become sites of digital 

transformation, they must be connected globally through technological changes and embrace big 
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data, and they are being asked to embrace these cultures to support organizational decisions 

(Hayes et al., 2021; Reinitz et al., 2022).  The realm of education is being reshaped in the 

aftermath of COVID-19, and professionals in higher education are left to identify steps to move 

forward and societal changes (Jandrić et al., 2021; Matthews et al., 2021).  Leaders and decision-

makers within higher education are faced with unstable environments that feel the strain from 

multiple sources striving toward an analytics revolution (Gagliardi et al., 2018).  The reality of 

utilizing digital technologies and tools affords organizations more possibilities and allows for 

scalability, vast amounts of innovation, and performance increases that ultimately affect society, 

the industry, and the individuals assisting with these technologies (Tekic & Koroteev, 2019; 

Vial, 2019).     

 Society as a whole, remains affected by the higher education industry and the 

environment in which students are learning and preparing to be active citizens by pursuing 

higher levels of education.  Higher education can benefit from data to affect society but is limited 

to institutional setting and buy-in to the long-term culture and organizational growth 

opportunities (Gagliardi et al., 2018; Webber & Zheng, 2020).  Some higher education 

institutions have taken advantage of internal and external data systems, including federal and 

state levels, to connect employment and credentialing opportunities (Gagliardi et al., 2018).  

Digital transformation with tools like BIA and BD necessitates successful readiness levels and 

digital operation models (Brunetti et al., 2020; Tekic & Koroteev, 2019).  Dommett and Tromble 

(2022) explained how data accessibility and access are vital to understanding the world, students, 

and institutions. 

In comparison, others are faced with challenges and stagnation of not knowing where to 

begin.  Despite the benefits and success stories of BIA and BD implementation highlighted in the 
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literature, there are many barriers that organizations are not able to overcome (Giang & Liaw, 

2022; Tabesh et al., 2019; Venkatraman & Venkatraman, 2019).  A general lack of 

understanding exists regarding the purpose of BIA and BD and how it applies with limited 

resources and technology (Tasmin et al., 2022).  Further, implementing analytical data tools, 

enabling technology, and digital transformation come with many challenges for higher education 

institutions (Brunetti et al., 2020; S. Kumar et al., 2019).  Some institutions may deploy a unique 

digital technology tool to solve an identified problem, later understanding this as a limited 

improvement and not a long-term solution (Tekic & Koroteev, 2019).  Analytical tools like BIA 

and BD improve, modernize, and sustain higher education institutions to make data-driven 

decisions in a pressurized, complex, and competitive environment.   

In addition to big data, ML and many other technologies can effectively analyze the data 

that would help human [sic] on the frontline to plan, strategize, and prepare responses to 

the future business or health care system.  When technology is used at the right time in 

the right direction, it has the potential to not just boost up the socio and economic 

condition of any organization but can also be a source in the most important medical 

industry to minimize the effect of any pandemic in present or near future. (Anisha et al., 

2022, p. 316)   

Theoretical Background 

The theoretical framework bases of this study that guided this research are the Unified 

Theory of Acceptance and Use of Technology (UTAUT; Venkatesh et al., 2003) and the 

Management Information Systems and Decision Support Systems Theory (Arnott et al., 2017; 

Gorry & Scott Morton, 1971; Jha & Jha, 2022).  The UTAUT is based on Bandura’s Social 

Cognitive Theory (Bandura, 1986), the Technology Acceptance Model (TAM), the Theory of 
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Reasoned Action (TRA), the Motivational Model (MM), the Theory of Planned Behavior (TPB), 

Combined TAM, and TPB (C-TAM-TPB), Model of PC Utilization (MPCU), and Innovation 

Diffusion Theory (IDT).  These combined theories into the UTAUT proved the theory for how 

humans interact and react to utilizing technology and how these systems like BIA and BD are 

accepted for utilization within the organization and provided an adjusted R2 of 69% and have 

internal consistency values of more than .70 (Venkatesh et al., 2003; Wedlock & Trahan, 2019).  

R2 is a multiple regression equation value, and as the result equals 1.00 or 100%, it approaches 

perfection (Gall et al., 2007).  Internal consistency tests the reliability of the instrument test score 

and reviews the individual items within the testing instrument.  The reliability of .70 using the 

Partial Least Squares Structural Equation Modeling (PLS/SEM), a growing business research 

tool (Sarstedt et al., 2022).    

Figure 1  

Unified Theory of Acceptance and Use of Technology (UTAUT) Model 
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Educators are impacted by the utilization of technology, which helps individuals manage 

and process the plethora of available knowledge analytically (Wedlock & Trahan, 2019).  Based 

on four moderations of crucial relationships and usage intention, the UTAUT theory of 

acceptance is a valuable tool to provide the foundational likelihood of acceptance of 

technological intervention in a targeted population (Venkatesh et al., 2003).   This theoretical 

framework guided the research through influencing the foundational support of advocating for 

the use of BIA, BD, and digital transformation within the higher education industry (Venkatesh 

et al., 2003).  The UTAUT theory of acceptance informed how organizations could be 

significantly improved, but the first step is users' overall acceptance and utilization of the 

available technology.  The intentional use and individual reactions to utilizing technology decide 

the technology's actual implementation (Venkatesh et al., 2003).  This element has driven the 

theoretical foundation for studying the effect of incorporating BIA and BD systems into an 

organization, starting with overall usability.  The need for buy-in and acceptance of the 

technology to enhance productivity is a critical first step (Venkatesh et al., 2003).  Additionally, 

the Knowledge Management Theory enhances the understanding of how organizations are 

affected when employing BIA and BD to gain a competitive advantage (Alnoukari, 2020; De 

Camargo Fiorini et al., 2018; George et al., 2020).  De Camargo Fiorini et al. (2018) stressed that 

implementing BIA processes plays a significant role in the Knowledge Management Theory for 

organizations.  The correlation between BD and the performance of an organization has a 

positive effect on operations, enhancing the competitive advantage and leading to more cyclical 

innovation and implementation (Alnoukari, 2020).   
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Problem Statement 

 Higher Education institutions have an ever-increasing abundance of available data that 

often go unutilized without analysis (Boulila et al., 2018; Jamiu et al., 2020; Manjarres et al., 

2018; Maphosa & Maphosa, 2020; Miner et al., 2021; Romero & Ventura, 2010; Weibl & Hess, 

2020).  Organizations can maximize tools like BIA and BD to improve the organization, 

operational business decisions, and data management strategies to provide actionable insights, 

understand trends to gain a competitive advantage and make sound business decisions for a more 

viable future (Boulila et al., 2018; Calitz et al., 2018; Campbell et al., 2021; Cardoso & Su, 2022; 

Fruhlinger & Pratt, 2019; Jaklič et al., 2018; Llorance, 2020; Reinitz et al., 2022; Venkatesh et 

al., 2003; Vial, 2019; Wedlock & Trahan, 2019).  Villegas-Ch et al. (2020) advocated that higher 

education is well overdue for a proper solution that provides executable data analysis 

architecture.  There is a phenomenon that higher education institutions face when analyzing these 

data and formulating them into knowledge for organizational data-informed decisions.  A goal 

for BIA and BD is to provide accurate information, to individuals, at the right time and in the 

proper context through accurate reports and analyses for decision-making support (Cardoso & 

Su, 2022).  Organization leaders, i.e., mid-level managers, need to understand their readiness and 

maturity levels towards utilizing data systematically, highly structured, and within accurate 

systems that follow ad hoc practices that are variable for the diverse business processes 

(Coleman et al., 2016; Walls & Barnard, 2020).  Utilizing maturity models can help 

organizations to diagnose the level of digital transformation and data exploitation an organization 

can use to develop and implement an analytically mature environment (Coleman et al., 2016).  

Organizations are more likely to be ineffective when implementing analytical systems because of 

the lack of analytical maturity, capability, and readiness (Ain et al., 2019; Musa et al., 2021; 
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O’Neill & Brabazon, 2019).  This study has highlighted a gap in the literature regarding utilizing 

BIA and BD and understanding the readiness, capability, and maturity of mid-level higher 

education institutions. 

Some large four-year institutions have begun to utilize BIA and BD in their business 

practices to provide reliable data needed and make informed decisions (Abaci & Pershing, 2017; 

Boulila et al., 2018; Calitz et al., 2018; C. L. P. Chen & Zhang, 2014; Jaklič et al., 2018).  

Alnoukari (2020) and Jamiu et al. (2020) emphasized that BD is a complex and growing field 

built upon business intelligence tools to connect analytics for organizations.  While data is 

available within the field of higher education, the data is not always accessible or formulated 

when the decision-making method needs to occur, which leaves the decision-maker relying on 

previous levels of experience and education (Jamiu et al., 2020).  Alnoukari (2020) reinforced 

the holistic approach to organizations utilizing and analyzing the available tools for 

organizational decisions.  The idea is that BI and data governance are utilized to provide a more 

secure and private connection to the data in making decisions for the organization (Bengfort, 

2022; Davenport, 2014; Shacklett, 2022). 

Embracing an ‘analytics revolution’ materializes by implementing digital 

transformational strategies that deliver a disruption in the sector that will forever change the 

landscape in a completely new way (Crittenden et al., 2019; Tekic & Koroteev, 2019).  More 

work is required to establish the roots of sustainability, modernize analytics, and provide 

equitable access to data for all professionals in higher education through transformational change 

agents.  Starting with data governance, cross-functional data, speed of data management without 

any loss of accuracy, and shared classifications ensure that higher education institutions step 

away from the time-consuming challenges of purely understanding the data but strive to become 
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more data-informed practitioners (Bengfort, 2022; Davenport, 2014; Jaklič et al., 2018; Reinitz 

et al., 2022; Shacklett, 2022; Villegas-Ch et al., 2020).  The literature has addressed the problem 

that larger four-year higher education institutions are more likely to invest in analytics systems 

versus community colleges (Parnell et al., 2018).  As larger organizations are more willing to be 

receptive to analytics because of the added long-term benefits, short-term strategies are not 

beneficial with digitalization costs, which may be unreachable for smaller institutions (Aagaard 

& Lund, 2020; Bagale et al., 2021).  Higher Education Institutions have also failed to fully 

achieve digital transformation because of different tactics and focus areas (Bygstad et al., 2022; 

Jackson, 2019).  However, the literature has not fully addressed how institutions of higher 

education, specifically community colleges, can employ these data to gain a value and 

competitive advantage and increase their business intelligence capability, which is a primary 

emphasis of this study. 

Purpose Statement  

The purpose of this quantitative causal-comparative study is an empirical examination of 

the differences in business intelligence capability and the value and competitive advantage of 

mid-level higher education academia professionals from community colleges, four-year public, 

and four-year private institutions within the United States.  The study is to understand if there is 

a difference in business intelligence capability and the value and competitive advantage among 

community college, four-year public, and four-year private institutions.  This study utilizes the 

following independent variables: 

• The United States is the professional setting of mid-level professionals (i.e., 

community college, four-year public, four-year private).  Defined as institutions 
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within the United States, supported by the professional’s tenure, training, and level of 

education (Madhlangobe, 2018). 

Additionally, this study utilizes the following dependent variable respectively: 

1. Business intelligence capability and the value and competitive advantage and use of 

BIA and BD data science tools 

a. DELTTA/DELTA Plus model framework elements: data, enterprise, leadership, 

targets, technology, and analysts (Davenport, 2014, 2018; Molina, 2019; O’Neill 

& Brabazon, 2019).  These original six (now seven) elements are also the 

criterion variables for multiple regression analysis. 

b. Assessing if organizations like higher education institutions are ready to utilize 

and adopt business intelligence analytics (BIA) and big data (BD) (McAfee & 

Brynjolfsson, 2012). 

The target population for this study is a sample of mid-level professionals from 

community colleges, four-year public, and four-year private institutions across the United States. 

Significance of the Study 

This research is relevant and significant, with theoretical roots established in the 

foundation of the Unified Theory of Acceptance and Use of Technology (UTAUT).  This study 

explores the impact and usability of data within community college, four-year public, and four-

year private institutions focused specifically on mid-level administrators' and professionals’ 

roles.  This work is vital to understanding how higher education institutions can gain a 

competitive advantage over institutions that utilize data and those that do not garner the pivotal 

connection to embracing data to make informed decisions.  This study has paralleled the work of 
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others researching data-driven decision-making from different lenses (Horst, 2020; 

Madhlangobe, 2018; Molina, 2019; Tasmin et al., 2022).   

Madhlangobe (2018) looked at developing the GAP Alignment Quadrant (GAQ) 

instrument based on literature to assess the organization’s analytics maturity and perceived 

capability of utilizing data within organizations and offers additional insight into how trust-in-

technology influences intent-to-use BIA and BD.  Horst (2020) conducted a phenomenological 

study on the experiences of community college executives and how they use data to make 

informed decisions.  This study will provide insight into the mid-level professional role at 

community colleges compared two types of four-year institutions.  This study includes these 

individuals' contributions to the overall decision-making analytical process for their institution 

and higher education as a quantitative lens for making data-informed decisions based on trust 

and acceptance of utilizing the technology.  Gaining additional insight into how these mid-level 

professionals embrace the usability of BIA and BD in their work will help inform the future of 

using data for day-to-day decision-making. 

  This research study will provide insight into how organizations operate from the mid-

level administrator professional levels to provide predictive and prescriptive analytics to the 

overall higher education environment (Bygstad et al., 2022).  The research indicates that 

educators have provided decisions primarily from experience and education to offer a more 

competitive edge (Abaci & Pershing, 2017; Boulila et al., 2018; Jaklič et al., 2018).  All ethical, 

secure, and privacy processes were considered throughout this study to identify how 

organizations gather, utilize, and incorporate analytics data to make more organizational data-

informed decisions. 
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Big Data (BD) tools bring many opportunities to industries like higher education.  Big 

Data may also bring challenges for higher education institutions as there are practices, privacy 

considerations, procedures, and overall buy-in into the process that needs to take place in 

implementation (B. Daniel, 2015; B. K. Daniel, 2019; El Alfy et al., 2019).  This study garners 

the opportunity for these mid-level administrators and professionals to identify ethical 

approaches to data analytics using BIA and BD resources to address effective organization 

decisions.  These tools also provide institutions within higher education with predictability and 

prescriptive opportunities to positively affect retention, attainment, performance, and an overall 

increase in the optimization of the higher education domain (Axelsen et al., 2020; El Alfy et al., 

2019). 

Research Questions 

For this quantitative causal-comparative study, the following is the proposed research 

question: 

RQ1: Is there a difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions? 

Definitions 

1. Analytical Maturity – a recently growing field of analytical thinking in the realm of 

education that assesses metric levels of analytical skills that begins with descriptive 

analytics, continues through diagnostic and predictive phases, and eventually arrive at 

prescriptive analytics (J. L. Taylor & Martineau, 2020). 
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2. Analytical Processing – a form of Business Intelligence used to develop applications and 

analyze large and multidimensional data using processing systems through online 

analytical processing (OLAP) and k-medoids clustering methods (Ghufron et al., 2020). 

3. Business Intelligence Analytics (BIA) – is the unified term for business intelligence, 

business analytics, and big data analytics (Torres & Sidorova, 2019), leveraging 

governance, culture, people, and technology capabilities to support impactful decision-

making giving rise to organizational value and competitive advantage (O’Neill & 

Brabazon, 2019).  “Encompasses a wide array of processes and software used to collect, 

analyze and disseminate data, all in the interests of better decision making” (Davenport, 

2006, p. 11). 

4. Big Data (BD) – “the data sets and analytical techniques in applications that are so large 

(from terabytes to exabytes) and complex (from sensor to social media data) that they 

require advanced and unique data storage, management, analysis, and visualization 

technologies” (H. Chen et al., 2012, p. 1166). 

5. Data Governance – The critical success factor for business intelligence, as it defines the 

data, who will use it, and for what purpose with related rules to make excellent and 

reliable decisions with the information needed for the data users (Jamiu et al., 2020).  

6. Data Warehouse – the process of data is periodically extracted, cleaned, transformed, and 

entered into a repository used for decision-making to store, analyze and visualize the data 

effectively (Ghufron et al., 2020).   

7. Maturity Model (MM) - (i) an essential tool for describing existing production capabilities 

(Lee, 2020), (ii) a measurement tool to evaluate the capabilities of an organization (De 

Bruin et al., 2005). 
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8. Value & Competitive Advantage (VCA) – “improving capabilities linked to moving 

towards competitiveness of an organization relative to others” (O’Neill & Brabazon, 

2019, p. 161). 
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CHAPTER TWO: LITERATURE REVIEW 

Overview 

A recent systematic review of the literature was conducted to explore the role of business 

intelligence analytics (BIA) and big data (BD) in understanding analytical maturity, capability, 

and data readiness within higher education institutions.  This second chapter reviews the current 

literature based on a theoretical foundation related to the current topic.  The first section 

highlights the theories relevant to executing business intelligence analytics and big data into the 

foundation of higher education institutions are included.  This first section is followed by a 

synthesis of recent literature regarding the application of business intelligence analytics, big data, 

analytical maturity/capability, and readiness in higher education, how these data are applied to 

informing decisions for the organization, and ultimately how these data apply to business 

planning and improving the organization performance of the organizations.  Lastly, the literature 

identifies how higher education institutions can utilize these data to gain a competitive 

advantage.  In the end, a gap in the literature will be identified, presenting a likely need for the 

current study.  

Theoretical Framework 

The theoretical framework that guided this research study concentrated on the following 

theories: The Unified Theory of Acceptance and Use of Technology (UTAUT; Venkatesh et al., 

2003) and the Management Information Systems and Decision Support Systems Theory (Arnott 

et al., 2017; Gorry & Scott Morton, 1971).  These theoretical frameworks guided the research by 

clearly influencing the foundation in advocating for the use of business intelligence analytics, big 

data, and digital agency transformation within the realm of higher education.  Glaser and Strauss 

(1999) identified that using theoretical foundations provides a lens to add perspective for 
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objectively analyzing and viewing differing opinions.  For this foundational reason, this study 

investigated how the theoretical frameworks begin to be woven into the fabric of higher 

education.  

Unified Theory of Acceptance and Use of Technology (UTAUT) 

 Based on Social Cognitive Theory (SCT) (Bandura, 1986), Technology Acceptance 

Model (TAM), Theory of Reasoned Action (TRA), Motivational Model (MM), Theory of 

Planned Behavior (TPB), Combined TAM and TPB (C-TAM-TPB), Model of PC Utilization 

(MPCU), and Innovation Diffusion Theory (IDT), the Unified Theory of Acceptance and Use of 

Technology (UTAUT) evidences the modern model for understanding how humans respond and 

their behavior around integrating and employing instruments and tools such as business 

intelligence analytics, and big data, into organizations (Venkatesh et al., 2003; Wedlock & 

Trahan, 2019).  The UTAUT model can be used to identify the predictors of readiness to adopt 

BIA and BD tools (Giang & Liaw, 2022).  Literature calls for the UTAUT model to be used with 

various independent variables to increase the statistical relevance of the model and intention of 

use (Silva et al., 2021).  The eight previously validated models were reconceived to develop the 

comprehensive UTAUT model, now the most accepted and validated theoretical lens for 

adaption and dissemination research and for identifying individual behaviors and intentionality 

related to analyzing technology and acceptance.  The UTAUT model predicts four significant 

behavior areas explicitly related to behavior intention and use behavior.  Venkatesh et al. (2003) 

defined the four constructs (performance expectancy, effort expectancy, social influence, and 

facilitating conditions) of the UTAUT model based on the associations among the existing 

models outlined above.  These constructs are based on the structures of Perceived Usefulness 

(Davis, 1989; Davis et al., 1989), Extrinsic Motivation (Davis et al., 1992), Job-fit (Thompson et 



35 
 

 
 

al., 1991), Relative Advantage (Moore & Benbasat, 1991), and Outcome Expectations (Compeau 

& Higgins, 1995a, 1995b; Compeau et al., 1999).  Additionally, these four constructs are 

validated, having indices of lower loading limits of .70, and internal consistency values greater 

than .70 (Cabrera-Sánchez & Villarejo-Ramos, 2020; Wedlock & Trahan, 2019).   

The following are the critical factors from the Venkatesh et al. (2003) research model and 

are used in consideration of use behavior and predictors of intentional behavior (Wedlock & 

Trahan, 2019).  The first factor, Performance Expectancy, is defined as how an individual can 

increase job performance by utilizing a performance system. Venkatesh et al. (2003) and 

Wedlock and Trahan (2019) identified that the performance expectancy construct is a strong 

predictor of intentionality by an individual within different contexts and settings.  Muhammad et 

al. (2020) affirmed that this expectancy is how much an organization assumes that adopting the 

technology will help achieve the benefits as a successful expectation.  The performance 

expectancy variable is viewed as gains with given parameters for researchers built on the 

combination of perceived usefulness, extrinsic motivation, relative advantage, and outcome 

expectations.     

The second factor, Effort Expectancy, is the level of effortless usability of systems 

(Venkatesh et al., 2003).  Within this construct, three sub-constructs identify effort expectancy, 

Perceived Ease of Use (Davis, 1989; Davis et al., 1989), Complexity (Thompson et al., 1991), 

and Ease of Use (Moore & Benbasat, 1991).  Within these models, effort expectancy is 

significant in volunteer and obligatory paradigms.  These concepts are developed around 

coherent and sustainable efforts in mandatory and voluntary usage but become more 

nonsignificant after a protracted period of continuous use (Venkatesh et al., 2003).    
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The third factor, Social Influence, is an individual’s perception of how they would utilize 

the new system (Venkatesh et al., 2003).  This construct showcases how an individual’s behavior 

is influenced by the notion of others’ perceptions of utilizing technology (Venkatesh et al., 

2003).  The social influence structure is based on the constructs of Subjective Norm (Ajzen, 

1991; Davis et al., 1989; S. Taylor & Todd, 1995a, 1995b), Social Factors (Thompson et al., 

1991), and Image (Moore & Benbasat, 1991).  Venkatesh et al. (2003) emphasized that social 

influence is complex and contingent upon different pressures from others’ opinions and self.     

The final construct, Facilitating Conditions, is built on the constructs of Perceived 

Behavior Control (Ajzen, 1991; S. Taylor & Todd, 1995a, 1995b), Facilitating Conditions 

(Thompson et al., 1991), and Compatibility (Moore & Benbasat, 1991).  Facilitating Conditions 

are perceived beliefs of technical infrastructure level of support for existing systems within an 

organization (Venkatesh et al., 2003).  These factors, along with gender, age, experience, and 

voluntariness of use, all play a role in user acceptance and behavior.  These constructs are built 

around preventing technological and organizational barriers to usability.   

The UTAUT model developed additional moderators that included the measured 

acceptance of technology based on gender, age, experience, and voluntary or non-voluntary use 

of technology (Venkatesh et al., 2003).  The results from this study identified that the UTAUT 

model emphasizes, based on contextual analysis, aids organizations in implementing technology 

to measure usability and intentionality behaviors (Venkatesh et al., 2003; Wedlock & Trahan, 

2019).  The level of readiness for BIA and BD in higher education is the adopted intention of 

using technology and being ready to explore BIA and BD analytics (Tasmin et al., 2022; 

Venkatesh et al., 2016).  The way users interact and are impacted through learning is further 

emphasized by UTAUT.  The UTAUT model predicts over 70 percent of cases for adopting 
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technology versus that of other theoretical models (Soliman et al., 2019; Venkatesh et al., 2003).  

Additionally, technology (e.g., computers) has spurred the growth of educational technology and 

how knowledge is passed on through new communication tools and makes education more 

accessible.  Technology impacts organizations and individuals are processing new knowledge as 

technology advances (Venkatesh et al., 2003; Wedlock & Trahan, 2019).  Nevertheless, for 

technology to be an integral part of the organization and improve productivity, professionals 

must have buy-in, technology-related skills, self-efficacy, and actionable insights to enhance 

productivity (Cardoso & Su, 2022; Venkatesh, 2022; Venkatesh et al., 2003).   

Understanding the thought, emphasis, and evidence-based research behind organizations 

utilizing and implementing technology is bursting with complexity which can be addressed 

through understanding the relationship between the usage of technology, the user attitudes, 

intentions, and behaviors of individuals in accepting the use of technology and systems within 

the organization (Venkatesh et al., 2003; Wedlock & Trahan, 2019; Xing & Wang, 2021).  Data 

interoperability is a characteristic that leads to predictive analytics, BIA, BD tools, and resources 

(Aydiner et al., 2019; H. S. Choi et al., 2021; Dubey et al., 2019a, 2019b; Hillman, 2022).  The 

UTAUT model is a guiding template used to help individuals process data and knowledge in a 

systematic process.  Based on what Venkatesh et al. (2003) and Wedlock and Trahan (2019) 

stated as the fragmented theory, UTAUT brings together the pieces and unifies the process, 

ideas, and foundational meanings for future research.  Implementing and adopting are major 

hurdles but are worth the benefits once the effective use of technology is adopted (Venkatesh, 

2022). 
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Management Information Systems/Decision Support Systems Theory 

 Management information systems (MIS) and Decision Support Systems (DSS) are one of 

the most referenced theoretical foundations from Gorry and Scott Morton’s (1971) paradigm 

framework (Arnott et al., 2017; Ișik et al., 2013).  As organizations are inundated with 

information, data, and increased competitiveness for students, institutions are trying to identify 

valuable technological resources and systems to manage the information they receive to maintain 

or leverage a competitive advantage (H. Chen et al., 2012; B. Daniel, 2015; B. K. Daniel, 2019; 

Jha & Jha, 2022; Reinitz et al., 2022).  Organizations find technologies like business intelligence 

analytics (BIA) and management information systems valuable resources to compete with other 

organizations (Arnott et al., 2017; Jha & Jha, 2022).  Decision Support Systems have been 

fundamentally replaced as an area of study by BIA and BD systems, analytical environments, 

tools, and focus (Elom, 2020).  As the emphasis on utilizing BIA and BD increases, the holistic 

picture of these tools in decision support systems increases competitive advantages by converting 

data into more insightful information for the organization (Cardoso & Su, 2022; H. Chen et al., 

2012; Phillips-Wren et al., 2021).     

Gorry and Scott Morton’s framework is the seminal work that established the theoretical 

grounding for the decision-making environment (Ișik et al., 2013).  Based on the criteria of 

operational control, management control, and strategic planning grounded in a structured, semi-

structured, and unstructured environment, the theoretical MIS/DSS foundation provides context 

for management processes and decision-making tasks (Alhawamdeh & Alsmairat, 2019; Arnott 

et al., 2017; Giang & Liaw, 2022; Gorry & Scott Morton, 1971).  These management processes 

have been part of the business structure since the 1960s (Arnott et al., 2017).  Organizations like 

business corporations have utilized data to make strategic and operational decisions by 
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adequately storing and analyzing these data since the early 1990s (B. Daniel, 2015).   Despite the 

shortcomings of time, these theoretical foundations have not been addressed in the decision 

process specifically for educational business operation settings, which is a current gap in the 

literature.  Many organizations collect vast amounts of data, but significantly smaller amounts 

utilize these data to gather for evidence-based business decisions (Jha & Jha, 2022; D. Singh et 

al., 2021).  While there is no limit to the immense amounts of data educational institutions 

currently hold, the missing element is the availability to organize and analyze these data and use 

them for business operations and strategic decision-making (George et al., 2020).  This paper 

embarks on closing this gap.   

The management information systems (MIS) organizational framework provides 

permanence for organizational planners and decision-makers to allocate resources to the tasks 

and information systems (Gorry & Scott Morton, 1971).  Alhawamdeh and Alsmairat (2019), 

Arnott et al. (2017), and Gorry and Scott Morton (1971) advocated that without a guiding 

framework like MIS/DSS for those making the organizational decisions, the systems in place 

will flounder and become reactive to immediate issues and not be proactive or effective in the 

long term.  Decision-makers need to feel that the decision strategy is the best possible solution 

with the provided information (Alhawamdeh & Alsmairat, 2019).  Reactive organizations are 

costly, valuable, and competent resources are wasted and mismanaged.  To try and combat these 

issues, organizers can utilize systems like MIS/DSS to understand the management activity and 

make better data-informed decisions for the organization based on specific criteria (Gorry & 

Scott Morton, 1971). 

Organizations, like education, have not embraced the use of BIA systems because of the 

relative complication in understanding the management hierarchy within the organization or the 
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additional need for clarification of the relevancy by either the Information Technology or 

Business Intelligence developers (Arnott et al., 2017; Gorry & Scott Morton, 1971).  Arnott et al. 

(2017) proposed that if managers do not take ownership and incorporate BIA to provide the 

structure for decisions and delegate the understanding of data to their teams to make strategic 

and vital decisions, it is another mismanaged resource and a missed opportunity.  Business 

intelligence integration with data warehouses into the organization and business processes would 

provide a platform for better decision algorithms and related business decision foundation, a 

hidden business value (Jha & Jha, 2022; D. Singh et al., 2021).  Data does not inherently have 

value without the tools developed to analyze and extract more profound insights, unlike business 

capital (Aydiner et al., 2019; H. Chen et al., 2012; Dubey et al., 2019a, 2019b).   

Robert N. Anthony’s (1965) empirical work on management information systems 

provided the classification for the criteria used in Gorry and Scott Morton’s (1971) 

organizational framework focusing explicitly on the functions of the operation and ‘strategy 

determination’ (Anthony, 1965, p. 34).  The classification structure guided management leaders 

in planning and establishing organizational controls, given the current levels of technology.  The 

DSS foundation connects with BIA and BD through the nature of the decision being made with 

complex organizations by extracting the needed data to support the decision being made.  This 

decision does require flexibility in the implementation process but is supported and reinforced 

through the obtained data (Gorry & Scott Morton, 1971; Phillips-Wren et al., 2021).  The 

following categories are based on Anthony’s (1965) empirical work of identifying the strategy 

and operation for defining Strategic Planning, Management Control, and Operation Control.   

Strategic planning is a fundamental part of the operation of organizations.  Organizations 

work to outline broad organizational objectives and plans that align the allocation and use of 
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resources to follow the institution’s mission and vision.  The underlying problem with strategic 

planning is the unknown of the future for the organization and the overall impact on the external 

environment (Gorry & Scott Morton, 1971).  These undetermined elements cause additional 

complexity in planning for future changes in any organization realm.  The second category 

outlined by Anthony (1965) is Management control.  Management control is where 

organizational leaders pursue adherence to the strategic plan outlined by the organization 

planning process and align those resources accordingly.  These activities involve interpersonal 

interaction, control within the established policies and objectives, and ensuring effective and 

efficient execution of each activity (Gorry & Scott Morton, 1971).  The final classification 

Anthony (1965) used to develop a framework for planning and control is establishing operational 

control.   

Operational control regulates how tasks are carried out effectively and efficiently.  Gorry 

and Scott Morton (1971) emphasized that the difference between operation control and 

management control is that management involves the use of people within the organization, and 

operation control focuses on the tasks that need to be conducted.  These two categories work 

hand-in-hand as management control aligns the people with performing the outlined tasks 

effectively and efficiently.  Anthony (1965), Gorry and Scott Morton (1971) argued that these 

categories help managers understand the impact of management information systems and the 

characteristics of data information needed to make valuable decisions.  This framework of 

management information systems helps the decision-maker comprehend the internal and external 

requirements that may affect the impact of the decisions being made for the organization.  As 

identified above, these categories add to the complete framework and are most effective if 
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utilized effectively and efficiently and applied in equilibrium by the organization's leadership 

(Anthony, 1965; Gorry & Scott Morton, 1971).  

Related Literature   

Business Intelligence Analytics and Big Data 

Business Intelligence and Analytics (BIA) and Big Data (BD) automated systems and 

tools have become increasingly essential to analyze large data sets in response to the growth of 

technology and demanding requests for information from various organizational stakeholders to 

guide data-informed decisions and meaningful insights (Ahmad et al., 2020; Boulila et al., 2018; 

Calitz et al., 2018; Ijab et al., 2019; Jaklič et al., 2018; Malik, 2021; Muhammad et al., 2020; 

Webber & Zheng, 2020; Wimmer & Aasheim, 2019).  Business Intelligence (BI) applications are 

the comprehensive end-to-end solutions and concepts behind enabling the collection of data to be 

reviewed and processed for insights for decision-making.  As data has continued to grow through 

the three main data types, descriptive, predictive, and prescriptive, they have aided in the overall 

perspective of promoting business decisions based on analytics.  These data can be staged, 

stored, and processed utilizing BIA and BD automated tools and systems (Saggi & Jain, 2018) 

and an emerging discipline of data science (Wimmer & Aasheim, 2019).  Business intelligence 

analytics (BIA) describes more data-driven business decisions for decision support systems 

(Cardoso & Su, 2022; H. Chen et al., 2012).  Business intelligence analytics (BIA) and BD tools 

permit managers to utilize measurements to manage organizations more precisely.  These tools 

help educational leaders forecast and target students, provide more effective proactive real-time 

interventions, divest of legacy concepts, and use available knowledge versus intuition or make 

educated guesses based on anecdotal experiences (De Oliveira et al., 2015; McAfee & 

Brynjolfsson, 2012; Tamm et al., 2021; Webber & Zheng, 2020).   
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Decision-makers can be guided through their procedural, behavioral, or cognitive 

iterative practices by utilizing analytical tools to piece together unknown puzzle patterns (Malik, 

2021; Saggi & Jain, 2018; Venkatesh, 2022).  The correlation between big data and business 

performance positively affects operations within an organization and is a game changer by 

enhancing the competitive advantage within the industry, leading to more innovation and 

performance for the organization (Alnoukari, 2020; Muhammad et al., 2020).  Further, BIA and 

BD can enhance decision-making methods by offering more autonomy to the organization's 

leadership.  Even throughout the hierarchy, end users have access to the information needed by 

being exposed to the analytical structure of the data (Arnott et al., 2017; Gorry & Scott Morton, 

1971; Ijab et al., 2019).  As the knowledge and information age continues to shift, the power 

behind data, specifically BD, is significant but comes with challenges at the individual and 

organization readiness levels (Al-Rahmi et al., 2019; Nam et al., 2019; Olszak & Mach-Król, 

2018).  These challenges may be related to the complexities, structure, patterns of data, 

scalability, usability, adaptability, system complexity, tools for collecting rapidly changing and 

growing data utilizing secure practices, and, ultimately, the acceptance of these data (Saggi & 

Jain, 2018).  Some studies have argued that simply employing BIA and BD tools without full 

adoption within a culture does not meet the expected outcomes and points to the unsatisfactory 

acceptance of users (Jaklič et al., 2018; Lin & Lin, 2019; Nam et al., 2019; Saggi & Jain, 2018). 

The acceptance of utilizing these analytical tools like BIA and BD is expressed through 

the review of UTAUT theory regarding the acceptance and analytical maturity understanding 

associated with all new technology usage and techniques for improving decision-making 

(Cabrera-Sánchez & Villarejo-Ramos, 2020; Venkatesh et al., 2003).  The management 

information systems (MIS) and Decision Support Systems (DSS) theories are derived when 
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professionals try to make sense of the resources application of BIA and BD come into place 

when utilizing the data formulated through analytics and making management and organizational 

data-informed decisions (Gorry & Scott Morton, 1971; Ijab et al., 2019; Phillips-Wren et al., 

2021).  These theoretical foundations guide professionals through the perspectives of analytical 

concepts of BIA and BD, as massive amounts of structured and unstructured data, will be 

accessible for these professionals to organize and analyze by utilizing the BIA and BD tools to 

process information for decision-making capabilities (Ijab et al., 2019).  The end goal for the 

UTAUT theory is the behaviors that users will exhibit when the four constructs are played out 

with intentionality, the ultimate goal of behavior, and the buy-in of users.  The organization's 

productivity, and the need for reducing costs and adding efficiency, are achieved through 

analyzing data through the use of BIA and BD analytical tools will aid in expanding services 

offered and efficiency through business data-informed decisions expanded through analytical 

skills being deployed (Gorry & Scott Morton, 1971; Ijab et al., 2019; Saggi & Jain, 2018; 

Venkatesh et al., 2003).     

Through their research, C. L. P. Chen and Zhang (2014) and H. Chen et al. (2012) have 

sparked interest in future research and how organizations are influenced by BD technologies and 

business intelligence analytics.  C. L. P. Chen and Zhang (2014) emphasized that the BD tools, 

techniques, and processes would help lay the foundation for future discoveries through 

innovation if applied to realms like education.  Big data (BD) is a relatively newer and 

perplexing field and therefore has limitations in recognizing the overall effect on organizations 

(Alnoukari, 2020; Webber & Zheng, 2020).  The unified theory of acceptance and use of 

technology (UTAUT) theory and other organization theoretical foundations are providing 

insights and are helping to define the impact that BD and business intelligence analytics have on 
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organizations and was used in 12.90% of significant analytical tool studies.  These studies were 

focused on looking at the acceptance level of analytics and analytical tools for individuals within 

organizations (Ahmad et al., 2020).  Organizations can utilize business intelligence analytics and 

BD tools to place themselves in an innovative, agile, and supported next-level performance 

atmosphere, and add to the perspective of data collection, sourcing, data mining, data 

visualization, data modeling, and modern programming languages (Alnoukari, 2020; H. Chen et 

al., 2012; X. Chen & Keng, 2020; Ijab et al., 2019; Jha & Jha, 2022; J. L. Taylor & Martineau, 

2020).  The insights gathered from BIA and BD tools have overarching benefits for 

organizations within the public and private sectors and call for a disruption to the current ecology 

of data management throughout institutions.  Professionals utilizing these tools must appreciate 

the techniques surrounding structured and unstructured data (Alnoukari, 2020; Crittenden et al., 

2019; J. L. Taylor & Martineau, 2020; Webber & Zheng, 2020).   

Fosso Wamba et al. (2015) defined big data as a holistic approach to managing, process, 

and analyzing the five (5) V’s (i.e., volume, variety, velocity, veracity, value).  These five 

vernaculars are designed to create actionable insights for sustained value delivery, measuring 

performance, establishing competitive advantages, and becoming a source of innovation.  The 

Big Data Readiness Index (BDRI) links BD theory to a practical understanding of critical 

challenges and the readiness of organizations and individuals based on the five V’s (Joubert et 

al., 2019).  Saggi and Jain (2018) updated these features by including two additional areas, 

valence and variability.  Valence is connected to the complexity and accuracy of data within BIA 

and BD facets, and variability is how support can be added in an atmosphere of constant change.  

Iteratively, these characteristics are also considered challenges as they are ways to gather deeper 

insights from existing and new data (Saggi & Jain, 2018).  By utilizing UTAUT and Decision 
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Support Systems Theory, applications can be drawn to bridge the divide between understanding 

the enhancement business intelligence analytics (BIA) and BD research brings to organizations 

through acceptance (Alnoukari, 2020; Fosso Wamba et al., 2015; Gorry & Scott Morton, 1971; 

Ishak & Mansor, 2020; Phillips-Wren et al., 2021).   

Chaudhuri et al. (2011), H. Chen et al. (2012), Davenport (2014, 2018, 2020), Kowalczyk 

and Buxmann (2015), Webber and Zheng (2020), and Xing and Wang (2021) conveyed that BIA 

and BD provide the technical, analytical, and data-use culture connection to support the decision-

making process with effective and reliable data, which affords the initial framework for 

organizations.  Organizational size, relative advantage, and complexity were the top three out of 

93 technological determinants among other organizations, including organizational readiness at 

number seven, that adopt and accept analytical BIA and BD analytical tools (Ahmad et al., 

2020).  The acceptance of these tools and their perceived usefulness across the entire 

organization has been a strong determinant of success, and the behavior of acceptance can even 

be detrimental to the performance and effectiveness of the organization (Jaklič et al., 2018; Lin 

& Lin, 2019).  Organizations need appropriate techniques, analytical maturity/capability, 

readiness infrastructure, and tools with trained professionals to efficiently utilize BIA and BD 

tools to gain sustainable advantages of development (H. Chen et al., 2012; X. Chen & Keng, 

2020; Ijab et al., 2019; O’Neill & Brabazon, 2019). 

Business Intelligence Framework for Organizational Sustainability, Agility, and Flexibility 

The Business Intelligence framework plays a critical role in influencing the infrastructure 

and culture surrounding the awareness and connection with organizations and their information 

technology agility, sustainability, dynamism, reactivity, and flexibility (Calitz et al., 2018; X. 

Chen & Keng, 2020; Davenport, 2020; Franco et al., 2021; Jaklič et al., 2018; Rialti et al., 2018, 
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2020; Scholtz et al., 2018; Villegas-Ch et al., 2020).  As data and analytical requirements change 

frequently, organizational data is threaded between various sources, and the user capabilities 

differ among decision-makers; there is a demand for organizations and users to be adaptable and 

flexible in their procedures by adopting the Business Intelligence framework (Jaklič et al., 2018; 

Scholtz et al., 2018; Villegas-Ch et al., 2020).  Users are looking to expand their performance 

expectancy (agility) and effort expended (flexibility) through these BIA and BD frameworks 

(Gorry & Scott Morton, 1971).  At the core of this organizational shaping and culture is the 

challenge of centralizing and managing while these data are siloed and disseminated across 

various sources to be collated and integrated for reporting and sustainability (Calitz et al., 2018; 

Davenport, 2014, 2018, 2020; Scholtz et al., 2018; Villegas-Ch et al., 2020).  Organizations need 

a high level of readiness and maturity to adjust to changes in the industry and market and realize 

the ability to adjust, be dynamic, and flexible to these changes to sustain performance (Asiaei & 

Rahim, 2019; Maroufkhani et al., 2020; Rialti et al., 2018, 2020).  Not all organizations and 

leaders have a high level of analytical maturity or data maturity and have promoted the culture of 

a fact-based decision-making environment (Bayram & Akın Ateş, 2020).  Furthermore, 

knowledge sharing is desired for enhancing the organization but strives when there is a basis for 

readiness (Coleman et al., 2016; Davenport, 2014; Walls & Barnard, 2020) and analytical 

maturity (Combita Niño et al., 2020; Drake & Walz, 2018; Jamiu et al., 2020; Rodríguez-Abitia 

& Bribiesca-Correa, 2021) for a sustainable advantage (Al-Rahmi et al., 2019). 

Business analytics is “a systematic thinking process that applies qualitative, quantitative, 

and statistical computational tools and methods to analyze data, gain insights, inform, and 

support decision-making” (Power et al., 2018).  In comparison, sustainable development is 

meeting the needs of today without compromising the needs or anything for the future. (United 
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Nations World Commission on Environmental Development, WCED, 1987).  The WCED 

warranted that when looking at organizations and the use of technology, a broad sense of 

strategic framework and planning is vital to the organization's sustainability, the people that are 

served, and the development of future generations locally and globally.  The approach to 

integrating adaptability and flexibility into the organization’s process provides a holistic 

perspective for overall achievement through systematic thinking processes (Calitz et al., 2018; 

Jaklič et al., 2018). 

Organizational agility and flexibility originate from organizations utilizing BIA solutions, 

built within an IT infrastructure to react to the steadily changing information and environments 

by having the processes and procedures in place to make critical business decisions (Ahmad et 

al., 2020; X. Chen & Keng, 2020; Jaklič et al., 2018; Kowalczyk & Buxmann, 2015; D. Singh et 

al., 2021; Villegas-Ch et al., 2020).  Organizational agility is “the ability to detect and respond to 

opportunities and threats with ease, speed, and dexterity” (Tallon & Pinsonneault, 2011, p. 464).  

Meaning, in what manner and level can organizations change given a vastly changing 

environment given new information?  The organization’s agility is characterized by established 

business processes, strategic plans, and innovative levels that can be adjusted with precision and 

efficiency (X. Chen & Keng, 2020; Kowalczyk & Buxmann, 2015; Villegas-Ch et al., 2020). 

However, agility and flexibility are arguable points if the users within an organization do not 

advocate for or have developed the infrastructure to use the business intelligence framework.  

Confirmed through literature in the field of academia, educational institutions have 

collected educational data for some time and have significant potential for use (Franco et al., 

2021; Muhammad et al., 2020; Romero & Ventura, 2010).  These data have traditionally been 

used to look at learning analytics, but the scope of this paper is to investigate the application to 



49 
 

 
 

higher education and business operations.  Nevertheless, the learning analytics data will also help 

inform the business operations procedures, as some of the traditional data collected provides 

practical analysis (Franco et al., 2021).  Functionality and use intentions for the use of data for 

predictive analysis within the higher education realm provide a dynamic shift in culture for 

administrators and managers who have trusted older technologies to provide the information 

needed to base decisions, as these have fit the needs and styles of the organization (Davenport, 

2014, 2020; Franco et al., 2021; Jaklič et al., 2018; Kowalczyk & Buxmann, 2015).   

From the lens of the UTAUT theoretical foundation, knowledge management sharing, 

and decision support systems theory, research has concluded that the more professionals whose 

behaviors were intentional toward adopting, utilizing, and sharing the effects of BIA and BD 

tools, the more overall positive effect on the sustainability of education (Al-Rahmi et al., 2019).  

This study called for more research around combining UTAUT theory with knowledge 

management sharing for BD adoption in higher education, pushing the education industry into a 

more viable and sustainable reality.  Related studies utilizing UTAUT and DSS theory 

combined, related to knowledge management sharing, included enhanced decision style 

processes that showed advanced real-time integration that allowed decision-makers to utilize 

BIA and BD tools and showed significant levels of behavior intention from an expectation of 

perceived performance (Oumran et al., 2021).  Previous studies reiterate the confirmation of 

factors for perceived effort and performance expectancy by Venkatesh (2022) and Venkatesh et 

al. (2003, 2016).  The caution of adopting new technology as a cliché or trend to survive and 

only use it for competition is a dangerous premise.  Further, BIA and BD tools based on the 

UTAUT and DSS theoretical lens can enhance the decision-making process, knowing that 

individual and organizational readiness are also factors to be considered (Oumran et al., 2021). 
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In this shift to the use of new technologies, machine learning, BIA, and BD, the 

underlying opportunity to share information and ideas through effective communication.  X. 

Chen and Keng (2020), Calitz et al. (2018), Franco et al. (2021), Ijab et al. (2019), Jaklič et al. 

(2018), and Scholtz et al. (2018) all explained the idea that a non-trivial communication structure 

needs to be the foundation across an entire organization to inform stakeholders.  Communication 

provides a space where organizational stakeholders can share and analyze results, collaborate on 

ideas and promote the intentions of the BIA and BD functionality for improvements.  By 

employing BIA and BD tools, these institutions can begin sharing ideas and data to be 

conceptualized across different higher education institutions, acting as a systematic reporting 

framework for HEIs throughout North America (Calitz et al., 2018; Jaklič et al., 2018).  These 

data can be shared internally and then proceeded across a shared perspective as shared 

governance of ideas.   

Higher Education 

 Higher Education Institutions (HEIs) are multifaceted and highly competitive 

organizations seeking innovative initiatives to measure, predict, and identify performance and 

engagement levels and student success through increasing relevancy (Axelsen et al., 2020; B. 

Daniel, 2015; El Alfy et al., 2019).  Simultaneously, HEIs deal with additional pressures from 

local, state, and federal legislatures (Axelsen et al., 2020; B. Daniel, 2015; El Alfy et al., 2019).  

Drake and Walz (2018) and Macias (2022) provided the primary challenge to understanding the 

current barriers HEIs have when implementing BIA and BD.  Barriers include unsuitable data 

coming from multiple sources, the quality of the data being sourced to and from the student 

enterprise or information system, minimal use of the data solution, and the overall need for a 

culture dynamic shift to a more data-driven mindset.  The culture is driven by the environment 
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that reflects a resistance or buy-in to adoption by the organizational leadership and their clear 

focus on implementing strategies surrounding utilizing analytical tools like BIA and BD even on 

a temporal aspect (De Medeiros et al., 2020; Reddy et al., 2022). 

The colleges and universities that have embraced business intelligence analytics have all 

taken different approaches to utilize the data to make informed organizational decisions, 

proposing to extract valuable data to make business decisions (Boulila et al., 2018; Drake & 

Walz, 2018; Macias, 2022; Tasmin et al., 2020; Webber & Zheng, 2020).  Boulila et al. (2018), 

Drake and Walz (2018), Macias (2022), and Shacklett (2022) conveyed that the strategy behind 

implementing BIA into the higher education environment is to reduce entry barriers and make 

accessing the data elements so they can be analyzed easily explorable.  These data can be 

explored through various dashboards and digital data platforms to gain insight into real-time 

situations and analytics, similar to understanding ways to improve services provided by the 

institution, employee and student engagement, morale, and performance in and outside of the 

classroom, strategy setting, and data-informed decision making, as a few examples.  Educational 

practitioners need a basic understanding and shared knowledge-based for organizations to fully 

grasp and utilize these data and technology changes that have validity and reliability in a free-

flowing learning environment (Abaci & Pershing, 2017).  Even though analyzing higher 

education data is a recent phenomenon, this vital transition from the industrial era into the 

information era is a pivot for HEIs to remain sustainable, flexible, accessible, and future-ready 

by aligning strategic plans and backing those plans with data and infrastructure (Abaci & 

Pershing, 2017; Drake & Walz, 2018; Macias, 2022; Shacklett, 2022). 

The theoretical framework of UTAUT and higher education impacts have traditionally 

focused on the acceptance of academic performance and learning applications (Abbad, 2021; 
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Gunasinghe et al., 2019).  Institutions of higher education have, by tradition, made decisions 

based on intuition and experiences rather than data (De Oliveira et al., 2015; Mandinach & 

Schildkamp, 2021; McAfee & Brynjolfsson, 2012; Tamm et al., 2021).  This decision-making 

model has led to confusion, misleading, or poor implementation of processes and mandates.  The 

Decision Support Systems and UTAUT model can be assessed to identify the readiness and 

analytical maturity of different types of higher education institutions.  Each form of institution 

sector of colleges and universities (community college, four-year public, and four-year private 

institutions) continues to function differently, and the decision support systems (DSS) differ by 

institution type (Burmicky & Duran, 2022; Nanath et al., 2022; Whatley & Fischer, 2022).  This 

difference in resources and student choice in institution type was made even more evident during 

the global pandemic.   

Framed by research and practice, higher education institutions (HEIs) are approaching 

disruption from digital transformation in delivering learning in the classroom, effectively 

providing services, and within daily operations (Sharma et al., 2022).  Knowing that leaders from 

different institutional types address day-to-day decisions in various ways, this research looks to 

identify better data-driven decisions for leaders of all institutions (Burmicky & Duran, 2022).  

The literature suggests that as many sectors have integrated BIA and BD tools, higher education 

has struggled to adapt and produce anticipated outcomes due to factors that are not unlike 

dynamic sectors like health care (Salisu et al., 2021).  The BIA and BD industry rose globally to 

around 7.3% in 2017, from $18.3 billion to $22.8 billion in sales by the end of 2020 (Ain et al., 

2019; Salisu et al., 2021).  However, BIA and BD initiatives are slow to be established and 

implemented in strategic and practical approaches (Ahmad et al., 2020; Salisu et al., 2021).  

Current literature has shown that the adoption of BIA and BD tools is affected by various levels 
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of adoption and acceptance perspectives as determinants for individuals and organizations 

(Magaireah et al., 2019; Salisu et al., 2021).  Systematic analysis and literature on the adoption 

and acceptance of individuals and organizations are restricted by the factors of influence 

influenced by the UTAUT theoretical perspectives (Magaireah et al., 2019).   

Higher education institutions (HEIs) should utilize BIA and BD tools in predictive and 

statistical elements to make better data-informed decisions (Boulila et al., 2018; Drake & Walz, 

2018).  As has been shown, BIA has the potential to succeed and provide significant 

improvements to the academic progress of all educational stakeholders.  In contrast, at least in 

the United States, only a handful of institutions utilize BI and get ahead of the curve by 

implementing BIA into their infrastructure and analysis framework (Drake & Walz, 2018).  As 

more institutions see organizational benefits from these infrastructures and may become the 

standard that all higher education institutions follow. 

Industry 4.0 Readiness 

Business intelligence analytics and BD instruments provide data availability for 

industries like higher education in real-time and digestible visual designs placing the sector in 

advance of the digital Industry 4.0 (Brunetti et al., 2020; Frank et al., 2019; Ghavifekr & Wong, 

2022; Hizam-Hanafiah et al., 2020; S. Kumar et al., 2019; Lawrence et al., 2019; Modrak et al., 

2019; Rodríguez-Abitia & Bribiesca-Correa, 2021; T. R. Shah, 2022; Tasmin et al., 2022).  

Utilizing BIA and BD tools like artificial intelligence (AI) could allow a human to be lowered in 

their role in the decision-making process and allow that individual to have limited or no 

responsibility in the decision (Moneta, 2021; Venkatesh, 2022).  Industry 4.0 is about how 

organizations can be digitally prepared and show readiness to take advantage of these 

technologies (Brunetti et al., 2020; Frank et al., 2019; Ghavifekr & Wong, 2022; Hizam-
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Hanafiah et al., 2020; S. Kumar et al., 2019; Lawrence et al., 2019; Modrak et al., 2019; 

Rodríguez-Abitia & Bribiesca-Correa, 2021; T. R. Shah, 2022; Tasmin et al., 2022).  As a result, 

decision-makers equipped with the appropriate tools can make a relevant, lasting, and functional 

effect on the education industry through predictable intelligence-generated possibilities (A. 

Singh & Madaan, 2022).  Additionally, this level of readiness can assist organizations from a 

competitive advantage and technological perspective by redeveloping and understanding the 

readiness of individuals and the organization (Hizam-Hanafiah et al., 2020).  The realms of 

education and industry have been looking at evaluating organizations' readiness through self-

assessment models to enhance the digital transformation process, which leads to better readiness, 

preparedness, and maturity to be descriptive, prescriptive, or comparative (Felch et al., 2019; 

Hizam-Hanafiah et al., 2020).  

Industry 4.0 has conventionally focused on manufacturing systems (Frank et al., 2019); 

however, newer Industry 4.0 readiness models encompass all industry sectors (Hizam-Hanafiah 

et al., 2020).  The usefulness of the data provided by adopting digital technologies has many 

applicable benefits to other industries through the connection with cloud services, IoT, BIA, and 

BD, as the fourth industrial revolution and the new Education 4.0 is revolutionary for education 

and are altering the digitally linked world of tomorrow (Ishak & Mansor, 2020; Lawrence et al., 

2019; Tandon & Tandon, 2020).  Industry 4.0 academic modeling has been observed as more 

reliable and showcasing validity, while industry models are more widely employed (Hizam-

Hanafiah et al., 2020).  Education 4.0 comes at a decisive time in higher education, as more 

external pressures are challenging the education industry and demonstrating evidence of the 

future of employment, educating the next generation, and finding ways to remain viable 

(Matthews et al., 2021; Peters et al., 2019).  The association of educating employers and society 
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is the ideological environment of today, understanding the role of higher education in the future.  

Organizations are investing additional resources to provide systematic ways to utilize these data 

to develop future-proof general-purpose technologies (Brunetti et al., 2020).  Conveniently, 

readiness toward adopting BIA and BD becomes higher in sectors like service-oriented 

organizations than in manufacturing (Giang & Liaw, 2022).  Organizations and individuals can 

handle opportunities and threats to the organization environment and maintain a competitive 

advantage when prepared with readiness (Didi-Quvane et al., 2019).   

Data Governance for Business Intelligence and Analytics in Higher Education 

Previous work within BIA and BD is limited when considering data governance 

(Combita Niño et al., 2020; Jamiu et al., 2020) and an assertion of data quality (Drake & Walz, 

2018; Souibgui et al., 2019).  Higher education can benefit significantly from the use of BIA and 

BD, as these tools provide the capacity to align desired outcomes with real-time data to make 

better-informed decisions (Combita Niño et al., 2020; Drake & Walz, 2018; Jamiu et al., 2020; 

Scholtz et al., 2018).  However, Jamiu et al. (2020) highlighted that managers within higher 

education experience difficulty obtaining reliable data in a reasonable amount of time to make 

effective decisions that meet the educational business and organizational needs.  In order for BIA 

and BD to be helpful for any organization, the necessary resources need to be implemented and 

encouraged to provide correct and effective real-time data to respond to aspects of the 

organization (Combita Niño et al., 2020; Drake & Walz, 2018; Jamiu et al., 2020).  Most 

organizations considering implementing BIA and BD have not embarked on fundamental 

understanding, methodologies, and training around data management, data governance, security 

features, and analytics (Davenport, 2014; Paradza & Daramola, 2021; D. Singh et al., 2021).  
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Additional challenges to the BIA and BD acceptance are related to the handling and security of 

data because of human capital acceptance and know-how (Paradza & Daramola, 2021). 

Academia is an industry that has been affected by drastic changes in budget, and 

understanding the return on investment for the budget is vital (Silva et al., 2021).  The literature 

states that many business intelligence projects fail for various reasons, the most being acceptance 

and intentional use of technology.  The Unified Theory of Acceptance and Use of Technology 

(UTAUT) is one of the most accepted acceptance models and helps leaders understand how 

changes in technology and the use of BIA and BD tools are implemented in organizations (Silva 

et al., 2021). The dimensions of technology, organization, environment, and the characteristics 

and buy-in of management are the most impactful factors for the readiness factor of adapting 

BIA and BD using the UTAUT framework (Giang & Liaw, 2022).  The most significant factor 

for readiness is the support of management, which was confirmed by similar studies (see Asiaei 

& Rahim, 2019; Maroufkhani et al., 2020). 

Combita Niño et al. (2020) identified a layered approach to a governance framework after 

analyzing the Universidad De La Costa, comparing the decision-making processes, and aligning 

them with the institutional objectives.  The authors’ findings emphasized that the BI framework 

consists of a Strategic Layer, Communication Layer, Process Layer, and Operation Layer.  These 

layers provide a framework to guide organizations in developing their BIA and BD committees, 

task forces, or departments to incorporate these vital data elements.  In a Strategic Layer, a key 

objective for an organization is to provide reliable data to support its decision-making process 

(Jamiu et al., 2020).  There is a need to have the institution’s data governance fused directly into 

the reporting and provide access to end-user dashboards (Combita Niño et al., 2020; Drake & 

Walz, 2018; Jamiu et al., 2020).  Data governance dashboards provide data visualizations and 
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structured data environments that are easily accessible, freeing up institutional research (IR) 

departments’ time to do more in-depth research (Bengfort, 2022; Drake & Walz, 2018).  

Bengfort (2022), Drake and Walz (2018), and Jamiu et al. (2020) emphasized that users who 

want to explore the raw or underlying data can be set up based on the institution's data 

governance standards already established and accessible in the BI environment researcher and 

user access.  Data governance is the underlying asset for organizations, and the use of BIA and 

BD can affect the financial aspect of the organization constructively or adversely (Combita Niño 

et al., 2020; Jamiu et al., 2020; Soni & Singh, 2021).  Data governance ensures that BIA and BD 

provide higher education leaders with data quality, efficiency, management, and effectiveness.   

For the communication and process layer, Combita Niño et al. (2020), Drake and Walz 

(2018), and Jamiu et al. (2020) highlighted that the use of data governance delivers many 

benefits.  The authors specified benefits, including cost savings, responsibility, accountability for 

employees, improved lines of communication, effective project prioritization and management, 

innovation, automation, and distributed or centralized functionality for institutional stakeholders.  

These direct influences on the organization are significant and tangible, adding operational 

agility toward innovation and repeatability with accuracy and helping identify the gaps of 

inefficiency (H. Chen et al., 2012; Jamiu et al., 2020).  As management continues to employ the 

BIA and BD structure built upon system resources within the higher education realm, offering 

more transparency and fewer frictions will emphasize effective communication throughout the 

organization bringing a more open approach (Combita Niño et al., 2020; Jamiu et al., 2020).  The 

drive and direction come from the buy-in and promotion from the top management; otherwise, 

effective data governance is a missed opportunity. 
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The Operational Layer follows the established vision of the organization, which is a 

required resource that encourages decision-making to implement data warehouses for reporting 

and analysis.  The data warehouse provides the central repository behind an effective BIA and 

BD environment data source (Combita Niño et al., 2020; Jamiu et al., 2020; Scholtz et al., 2018).  

Higher education is one of the industries where implementing a BIA and BD-enriched 

environment could address most of the needs and outcomes based on data-informed decisions.  

These effective data-informed decisions begin by establishing a technological platform by 

allocating and aligning the right resources and increasing the technology maturity level (i.e., data 

warehouse, data analysis department, and staff) (Combita Niño et al., 2020; Drake & Walz, 

2018; Jamiu et al., 2020; Rodríguez-Abitia & Bribiesca-Correa, 2021).  Once the technological 

platform is established, organizations can begin analyzing the data using techniques and tools to 

mine the available data and visualization data through various dashboards and ingestible data-

informed analytics and join forces with institutional research, IT, and analytical teams across the 

institution using (Bengfort, 2022; Drake & Walz, 2018; Jamiu et al., 2020; Macias, 2022; 

Shacklett, 2022). 

Educational Data Mining 

Educational data mining (EDM) techniques are emerging processes built for collecting, 

evaluating, analyzing, predicting (Kunjir et al., 2015), reporting large amounts of data within the 

educational setting, and digesting the valuable information for effective decision-making 

(Manjarres et al., 2018; Maphosa & Maphosa, 2020; Reinitz et al., 2022; Romero & Ventura, 

2010).  EDM is the most significant challenge and opportunity for growth as an industry and 

improves operational decisions for higher education institutions.  Educational data mining was 

first highlighted as a field in the empirical research of Romero and Ventura (2010), as they 
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explored the unique structure of tying data mining to the complexity of an educational setting.  

Additionally, data mining techniques aid in identifying specific applications to higher education 

(V. Kumar & Chadha, 2011).  Higher education is a unique industry because there are vast 

amounts of valuable available data at their disposal (Jamiu et al., 2020; Manjarres et al., 2018) 

that rest idle without the structure, business plan, and understanding of how to utilize these data 

to improve quality management decisions (V. Kumar & Chadha, 2011; Kunjir et al., 2015; 

Maphosa & Maphosa, 2020; Romero & Ventura, 2010). 

Unified Theory of Acceptance and Use of Technology (UTAUT) is a research model that 

has been used in many studies of technology acceptance, but empirically in this study to review 

acceptance of BIA and BD in the higher education business decision process.  Influenced by 

many realms of industry, the UTAUT model supports the level of acceptance based on behaviors 

to examine the digital transformation culture of acceptance.  The Decision Support Systems 

(DSS) research model takes that acceptance level to a more substantial dimension leading to 

effective data-informed decisions by mining the data.  Conventional statistical tools and 

techniques are not equipped to analyze the extensive amounts of data provided by higher 

educational institutions, so the field of Educational Data Mining (EDM) was established 

(Romero & Ventura, 2010).  Educational Data Mining is “an emerging interdisciplinary research 

area that deals with the development of methods to explore data originating in an educational 

context” (p. 601).  Educational data mining can be used as an umbrella term for summarizing the 

discovery and prediction of data for effective decisions (Maphosa & Maphosa, 2020; Romero & 

Ventura, 2010).  For example, EDM uses computational approaches, machine learning, and Data 

Mining (DM) tools to answer organizational questions using the available educational data like 

student technology usage on campus (V. Kumar & Chadha, 2011; Romero & Ventura, 2010).  
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While EDM is still in the infancy stages and has traditionally focused mainly on learning 

analytics, this paper has applied EDM techniques and processes toward the organizational 

decisions that support the Higher Education Institutions (HEI) overall, not exclusively 

pedagogical (Maphosa & Maphosa, 2020).   

The approach using BIA and BD tools like EDM provides the framework for improved 

organizational performance and a better-quality institution for students as mid-level professionals 

become more analytically mature, prove to be ready, and complement overall benefits toward 

more effective and efficient HEI decision-making (Coleman et al., 2016; V. Kumar & Chadha, 

2011; Romero & Ventura, 2010).  Educational data mining provides HEIs, numerous benefits, 

from problem identification, complete analysis, and formation and implementation of decision 

process steps to the prediction and likelihood of student success (Maphosa & Maphosa, 2020; 

Romero & Ventura, 2010).  HEIs need to understand the holistic approach to the student 

population and visualize predictive data mining techniques to provide these services (i.e., student 

success rates and educational data) (Romero & Ventura, 2010). Maphosa and Maphosa (2020) 

endorsed how HEIs need to embrace technologies like EDM to adapt and evolve higher 

education during times like the COVID-19 global crisis and provide ways to develop more 

student-focused strategies as an institution making effective organizational decisions.  Business 

intelligence analytics (BIA) and BD tools provide accelerated tools for realizing the velocity of 

data analysis, which is required when higher education professionals need to accelerate their 

understanding of the available data, which is now (Cardoso & Su, 2022).   

An objective of EDM, among others, is to enable data-driven decisions to boost the 

quality of education provided to students (V. Kumar & Chadha, 2011; Kunjir et al., 2015; 

Romero & Ventura, 2010).  HEIs can further enhance their business decisions by utilizing 
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analytics and efficient technology that supports decision-making by incorporating the tools and 

processes available through the EDM model.  Higher education institutions (HEIs) need to 

consider legal and ethical confines when utilizing these data but can generally utilize data mining 

techniques to enhance the activities and procedures taken to offer overall improvements 

(Maphosa & Maphosa, 2020).  As these data are processed through intelligent and robust EDM 

tools, these data provide an iterative process that improves the overall educational experience for 

all stakeholders and their academic success (V. Kumar & Chadha, 2011; Kunjir et al., 2015).  

Many beneficial opportunities for predictive and early detection of students' academic 

success are an additional benefit of utilizing EDM's intelligent and robust tools.  For example, 

students can be provided with additional guidance after being identified as potentially ‘at risk’ by 

intelligent software provided to various departments and stakeholders within the HEI (Alyahyan 

& Düştegör, 2020; Foster & Francis, 2020).  These EDM tools work by being connected to the 

educational database and management systems and can provide institutional stakeholders with 

early alerts to provide scaffolding for the student both within and outside the classroom 

(Alyahyan & Düştegör, 2020; Foster & Francis, 2020).  These tools reveal overlooked, 

undetected, and absent data and make them perceptible to decision-makers (Muhammad et al., 

2020). 

 To continue the example, Schneider and Preckel (2017) utilized meta-analyses on student 

achievement in education on the international level.  Their seminal literature review identified 

that students in higher education are affected by their prior education and the strategies 

implemented for their learning.  Applied to EDM, these data can help HEI stakeholders provide 

the direction and academic interventions needed to support ‘at risk’ students and improve their 

retention, among other benefits (Alyahyan & Düştegör, 2020; Foster & Francis, 2020; Schneider 
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& Preckel, 2017).  These types of data benefit all stakeholders within HEIs, as better data-

informed decisions are made for the students and the institution. 

Data-Informed Decision Making 

The collective rationale of this paper is to identify the best utilization of BIA and BD to 

make data-informed decisions within the realm of higher education and provide better business 

practices and operations to gain a competitive advantage over the competition.  To better 

understand how institutions can make data-informed decisions, stakeholders must first 

understand the potential benefits and contributions BIA and BD bring to the domain of 

education.  These data must be entrusted and not based on simple intuition, and not overlooked 

when critical challenges evolve (Boulila et al., 2018; B. Daniel, 2015; B. K. Daniel, 2019; 

Kowalczyk & Buxmann, 2015; McAfee & Brynjolfsson, 2012; Tamm et al., 2021; Tasmin et al., 

2020; Xixi Li et al., 2013).  As decisions in higher education experience a climate of rapid 

change with limited and complex data sources, choices must be made promptly and efficiently.  

The BIA tools and resources aid the decision-maker in making better predictions and day-to-day 

business and operation decisions, applying the vast amount of data to analytical tools to justify 

the decision rationally and provide better intelligence and customer service while optimizing 

available resources (Boulila et al., 2018; Kowalczyk & Buxmann, 2015; McAfee & 

Brynjolfsson, 2012; Tasmin et al., 2020; Xixi Li et al., 2013).   

The ambiguity of decision-making comes with adverse risks and challenges for the 

individual and the organization (Kowalczyk & Buxmann, 2015; McAfee & Brynjolfsson, 2012; 

Xixi Li et al., 2013).  It is vital to support the decision process and maintain reliable data, 

analytical insights, and sustainable business practices.  Organizational decision processes using 

BIA and BD offer the capability and support to level up adequate quality managerial decision-
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making (Boulila et al., 2018; B. Daniel, 2015; B. K. Daniel, 2019; Kowalczyk & Buxmann, 

2015; McAfee & Brynjolfsson, 2012; Muhammad et al., 2020; Tasmin et al., 2020; Xixi Li et al., 

2013).  B. K. Daniel (2019), Kowalczyk and Buxmann (2015) advocated that research is based 

on the quality of data, bringing quality decisions to continue operations of bringing quality 

education to students.  These researchers understood the motives behind the decisions: to make 

effective decisions that orchestrate effective change.  Data can be transformed in higher 

education through the sources and formats into tangible insights using analytical tools like BIA 

and BD (Muhammad et al., 2020).  In a survey by NewVantage partners, 73.4% of firms cited 

that adopting big data and analytics continues to be an ongoing challenge, while only 37.8% 

have established or are working toward becoming a data-driven organization, with only 26.8% 

showing some success because people and processes are barriers and challenges (Bean, 2020; 

Davenport, 2020).  These data are becoming less successful over time versus growing and 

showing growth (Davenport, 2020).     

Effective change is validated through the UTAUT and MIS, and DSS theories, as change 

occurs over time through intentional social connections, valuable conversations, substantial 

changes in use behavior toward the use of data and stimulating organizational readiness for 

incorporation of BIA and BD within day-to-day operational decisions within an organization (De 

Medeiros et al., 2020; Gorry & Scott Morton, 1971; Ijab et al., 2019; Reddy et al., 2022).  Data-

based and data-informed decisions are approaching a time of transformation for managers across 

various industries and organizations, with access to robust markers that were not as viable a short 

time ago (Calitz et al., 2018; Franco et al., 2021; McAfee & Brynjolfsson, 2012).  Managers and 

decision-makers can make quality decisions based on theory, processes, and practices to improve 

the quality of education via the effective use of BIA and BD (Franco et al., 2021; Kowalczyk & 
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Buxmann, 2015; McAfee & Brynjolfsson, 2012; Tasmin et al., 2020; Xixi Li et al., 2013). 

Decision-makers need flexibility and stability when making these quality decisions but cannot 

without being supported by data-driven responses.  Users can assess the level of data-informed 

determinations employed through aspects of data analytical and optimizing tools for decision-

making from the effectiveness and user acceptance of these data (Gorry & Scott Morton, 1971; 

Ijab et al., 2019).  It may have a contrasting effect on organizational improvement and beneficial 

employee performance (Kowalczyk & Buxmann, 2015; Maroufkhani et al., 2020; Xixi Li et al., 

2013).   

Systems Thinking for Business Intelligence Acceptance, Adaptation, and Utilization 

 Spajic (2022) identified that the global acceptance and adoption rate for BIA and BD is 

roughly 26% and is higher only in larger companies with over 5,000 employees that utilize these 

tools for mining and analyzing large data sets.  System thinking utilizing Business Intelligence 

aligns with the Decision Support Systems (DSS) guiding foundation to help complex realms like 

Higher Education systems to understand the benefit of decision processes utilizing responsive 

data (Ain et al., 2019; Delen & Demirkan, 2013; Shukla, 2018).  System thinking processes are 

built upon the reliance, access, and integration of BIA resources, utilizing their full potential to 

apply the needed technological changes.  Adoption and acceptance, utilizing UTAUT theory, 

pinpoint the acceptance and improvements to decision-making capabilities at the individual level 

within an organization, depending on the organization's readiness and many determinant factors 

(Ahmad et al., 2020; Giang & Liaw, 2022; Kapo et al., 2021).  As examined, HEIs are 

dynamically complex organizations. The more complex an organization, the more reliable data, 

information, and knowledge are for making effective and real-time decisions (Delen & 

Demirkan, 2013; Shukla, 2018).     
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  Gharajedaghi (1999) pinpointed an operational definition for systems thinking within 

their text: a process of discovery to identify and describe a complex phenomenon by utilizing an 

iterative structure and methodology.  Systems Thinking is an appropriate process for HEIs 

(Shukla, 2018).  Higher education institutions (HEIs) are complex and dynamic organizations set 

in vulnerable environments that need to be provided with visualizations and contextual models to 

understand processes and methodology to be applied and utilized for improvement processes and 

system improvements like implementing BIA and BD (Delen & Demirkan, 2013; Shukla, 2018).  

Delen and Demirkan (2013) added that in unforgiving and vulnerable environments, reliable, 

accurate, relevant information and data must be available in real-time to make compelling and 

illuminating decisions.  Further, this real-time data employs a highly utilized analytic 

infrastructure, including advanced technology systems and services, which grants an 

organization to become more proactive than reactive in decision-making and action or business 

planning activities. 

 To achieve the estimated value by the annual growth number of $183.93 billion 

(360iResearch, 2022), the business planning and performance improvement of organizations 

need to adopt and define obtainable strategic goals (H. S. Choi et al., 2021; Lutfi et al., 2022; 

Nam et al., 2019).  Business planning activities like performance improvement provide an 

overview of the organization’s stakeholders' performance and skills and allow for predictive 

analytical models (Brinckmann et al., 2019; Elashkar et al., 2020).  Brinckmann et al. (2019) 

emphasized that building a business planning process is a choice given by an organization based 

on the cognitive disposition of the leadership to utilize organizational outcomes and apply these 

planning processes strategically.  Business intelligence analytics (BIA) and BD can aid business 

planning and improve in examining the organization's overall performance and understanding the 



66 
 

 
 

maturation and current levels of performance based on established indicators (Delen & 

Demirkan, 2013; Lutfi et al., 2022).  Business intelligence analytics and BD are also viewed as a 

business asset that is a primary focus for decision-makers to gather information for attaining 

revenues and preferred, predicted, and prescriptive outcomes (Lutfi et al., 2022).  However, there 

are additional challenges to incorporating digital transformative technologies.  There is the 

potential promise of implementing digital technology tools to enhance processes and 

performance within higher education's complex, dynamic field.  Higher education professionals 

face many obstacles in integrating and aligning them into existing programs and processes 

(Castro , 2019; Packmohr & Brink, 2021).  

 The Management Information Systems (MIS), UTAUT, and DSS theory allow 

organizations to interpret data and apply the business planning process as part of a planned 

behavior model.  The planned behavior model allows organizations planning capabilities for 

analytical acceptance by planning for the organization and providing guidelines for decisions 

(Gorry & Scott Morton, 1971; Venkatesh et al., 2003; Wedlock & Trahan, 2019; Xing & Wang, 

2021).  COVID-19 has been both a positive and negative disruptor of the impact of digital 

transformation within multiple industries but has driven more opportunities for decision-makers 

to establish more plans for digital agency implementation (Aagaard & Lund, 2020; Bagale et al., 

2021; Rodríguez-Abitia & Bribiesca-Correa, 2021; Subramaniam et al., 2021).  Business 

planning is a realization that is ideal for organizations that have professionals with higher 

education degrees (Brinckmann et al., 2019).  These professionals utilize their experiences and 

education to approach organizations, offer business plans, establish outcomes and institutional 

goals to improve future performance and provide predictive analytics utilizing BIA techniques 

within complex human capital levels (Butschan et al., 2019).  For successful digital 
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transformation in a mature organization, objectives need to be “precise, realistic, inclusive, 

succinct, and measurable” (Rodríguez-Abitia & Bribiesca-Correa, 2021, p. 4).  Individuals 

engaged in direct entrepreneurial experience are less likely to engage in business planning and 

rely more on the perceived need and experience for business planning.  Although HEIs provide 

these educated individuals with complex planning behavior and ideas to incorporate business 

planning procedures, lacking to do so within the organization is telling and provides mixed 

messages for students. (Brinckmann et al., 2019).  Leaders offer business planning opportunities 

for their organizations to gain a competitive advantage in the corporate market by utilizing BIA 

to use predictive analytical techniques to make informed decisions. 

Utilizing Business Intelligence and Analytics to Gain Competitive Advantage 

 “Data-Driven decisions are better decisions—it’s as simple as that” (McAfee & 

Brynjolfsson, 2012, p. 5).  Business Intelligence and Analytics (BIA) and Big Data (BD) are part 

of the digital transformation focus (DT; Carvalho et al., 2020) that faces a growing need for 

Higher Education Institutions (HEIs; Benavides et al., 2020; L. Chen & Nath, 2018; George et 

al., 2020).  HEIs must implement systems and infrastructure to provide enterprise-level business 

planning and real-time data to gain a competitive advantage and make data-informed decisions. 

For organizations to gain a competitive advantage and reach a dimension of fully embracing the 

BIA competency, processes, and tools to drive real-time data business decisions and guide 

further toward greater effectiveness, requires additional resources and powerful processing 

capabilities (Benavides et al., 2020; L. Chen & Nath, 2018; George et al., 2020; Jha & Jha, 

2022).  Organizations continue to mature within BIA and BD and develop knowledge and 

experience to enhance the organizations’ effectiveness (L. Chen & Nath, 2018; George et al., 

2020). 
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 Gaining a competitive advantage through digital transformation and utilization of BIA 

and BD tools as an organization has embedded pervasive challenges that require strategic 

management based upon an organization’s infrastructure of culture, technology, and overall 

ecosystems of emerging technologies (Brunetti et al., 2020; S. Kumar et al., 2019).  Business 

intelligence analytics (BIA) and BD implementation is a disruptive technology at the inception 

of adoption in organizations, and some factors influence whether these tools are adopted 

(Alsheikh, 2019; Marchena Sekli & De La Vega, 2021).  Technical plans, data warehouse, data 

readiness, analytical maturity, security concerns, environmental factors, proper mining 

technologies, benefits realization, data quality, alignment with strategic goals and vision, 

organization factors, unknown adoption factors, managerial support, and unfamiliarity of BIA 

and BD technology are all challenges and primary impediments to understanding the utilization 

of BIA and BD tools (Alsheikh, 2019; Giang & Liaw, 2022; Packmohr & Brink, 2021).  

Additionally, adding technology into the decision-making process is not inclusive and biased in 

examples like Amazon’s job-screening process (see Schuetz & Venkatesh, 2021).  Challenges of 

implementing BIA and BD technology into realms like higher education may not arise until 

much later in the process but can be supportive in complex environments (Venkatesh, 2022).   

 

 

 

 

 

 

 



69 
 

 
 

Figure 2 

Factors that affect the adoption and implementation of Big Data technology in Higher Education 

 

Note. Alsheikh (2019) 

Figure 3 

Business Analytics Capability Framework based on the Delphi Study. 

 

 

 

 

 

 

  

 

 

 

Note. Cosic et al., (2015) capability framework (O’Neill & Brabazon, 2019) 
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The maturity level increases within the UTAUT theoretical model of acceptance of 

technology, analytical, information, and communication tools to increase productivity and 

capacity for making organizational and management data-driven decisions (Venkatesh et al., 

2003; Wedlock & Trahan, 2019; Xing & Wang, 2021).  The cultural adoption within the 

environment of higher education for data use drives a more competitive advantage over other 

institutions, driving behaviors and personal cognition to make decisions within the institution to 

progress toward organizational goals, given the presence of data security and governance (Xing 

& Wang, 2021).  As organizations consider gaining a competitive advantage, some might base 

their decisions on their return on investment (ROI).  While this is feasible, Rodriguez-Castro and 

Aparicio (2021) looked at the relationship, inputs, and multiple outputs, or input-output 

relationships (IO-Rs), to understand the mission and functionality of HEIs.   

Related to BD's performance and success factors that help guide organizational 

performance, Rodriguez-Castro and Aparicio (2021) and Walls and Barnard (2020) emphasized 

that performance within an organization’s operation helps characterize the IO-Rs and brings to 

question the maturity and feasibility of the HEI.  Operational improvement is connected with the 

primary focus for HEIs, which is recruiting, attracting, and retaining students while producing 

quality academic programs and services.  To gain additional insight and improve operations, 

HEIs need to use the BD analytic capacity to gain a competitive advantage, remain sustainable, 

and increase economic and social development (Rodriguez-Castro & Aparicio, 2021; Walls & 

Barnard, 2020).  Finally, BIA and BD could be used in education and business to combine 

extensive evidence for decision-making and the ability to gain a competitive advantage.  This 

knowledge can formulate business insight, increase organizational performance, and construct a 

competitive advantage over other institutions that have chosen not to build the data literacy 
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framework to make data-informed decisions (Rodriguez-Castro & Aparicio, 2021; Soni & Singh, 

2021; Walls & Barnard, 2020; Xing & Wang, 2021). 

Summary 

Aiming to improve the understanding of business intelligence analytics (BIA) and big 

data (BD), this paper utilizes the contingency perspective of examining the analytical maturity 

and readiness of midlevel higher education professionals through the lens of the Unified Theory 

of Acceptance and Use of Technology (Venkatesh, 2022; Venkatesh et al., 2003; Wedlock & 

Trahan, 2019) and Management Information Systems/Decision Support Systems Theory (Arnott 

et al., 2017; Gorry & Scott Morton, 1971; Ișik et al., 2013) as the theoretical frameworks for this 

study.  The UTAUT theory supported the readiness of employees to adopt the comprehensive 

range of analytical techniques and found more positive attitudes and behaviors toward the 

adoption of BIA and BD tools (Bayram & Akın Ateş, 2020; Venkatesh, 2022; Venkatesh et al., 

2003, 2016; Wedlock & Trahan, 2019).     

The literature research pinpointed the benefits and implications of readiness and 

analytical maturity of employing and adopting business intelligence analytics (BIA) and big data 

(BD) tools in a higher education setting.  Modern organizations utilize BIA and BD to produce 

data-informed decisions and have the capacity to be reinvented for the betterment of their 

stakeholders and commodities.  Through the COVID-19 global pandemic, it became even more 

evident that the realm of higher education was not as prepared as other industries in having the 

proper capacity and resources to make data-informed determinations to better the organization 

and, ultimately, the student learners.  Each type of institution sector of colleges and universities 

(community college, four-year public, and four-year private institutions) continues to function 

differently, and the decision support systems (DSS) differ by institution type (Burmicky & 
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Duran, 2022; Nanath et al., 2022; Whatley & Fischer, 2022).  This difference in resources and 

student choice in institution type was made even more evident during the global pandemic.   

The gaps in the literature were palpable when it came to explicitly implementing the 

ideas of integrating business planning, analytics, and intelligence into the foundation of higher 

education.  The literature highlighted how higher education institutions need to incorporate the 

business planning framework, add the digital transformation to improve performance, and 

employ BIA to gain insightful information to make effective business decisions.  Additionally, 

there has been continual research within fields like business to identify systems, techniques, and 

methods to analyze the substantial amounts of data that industries like higher education have 

stored in data warehouses and data lakes.  However, these data are decentralized, primarily 

inaccessible, not stored efficiently, lacking data governance and organization, unavailable, or 

replete with reporting capability errors.  

 Within the realm of higher education, there is a necessity for BIA and BD to be woven 

within the fabric of the organization's infrastructure and be scalable, adaptable, and accessible.  

With the proficiency of reliable and available data, administrators can utilize these frameworks 

to engender a culture of digital transformation, adapt to systems thinking logic, and utilize these 

data to make better-informed decisions that will enhance the institution's overall performance to 

gain a competitive advantage.  Institution administration can utilize data tools built upon the 

framework of business intelligence, analytics, and big data to visualize the information to 

determine, predict, organize, and transform the data to make data-informed decisions versus 

utilizing intuition.  These anecdotal or knowledgeable decisions are being made to the detriment 

of the institution and limit the opportunities for new growth and development because 

technology and data are not yet part of the organization's infrastructure (De Oliveira et al., 2015; 
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McAfee & Brynjolfsson, 2012).  The ability of higher education to achieve competitive 

advantages has been overlooked for far too long.  This paper has looked at ways to advance the 

realm of higher education to new capabilities to lead the improvements toward a transformed 

digital culture.  Organizational leaders can utilize the available tools and resources to contribute 

to a competitive position, compete against other industries and dimensions, become a robust 

industry, and utilize the technology to make real-time data-informed critical business decisions.  

Further research is needed to shift the higher education industry ahead and build sustainability to 

remain relevant for future generations.  
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CHAPTER THREE: METHODS 

Overview 

The purpose of this quantitative, causal-comparative study aims to identify the business 

intelligence analytics (BIA) and Big Data (BD) readiness of mid-level professionals in the 

community college and four-year higher education institutions.  This chapter introduces the 

study's design, including complete definitions of all variables, and the overall research question 

and null hypothesis follow.  The participants and setting, instrumentation, procedures, and data 

analysis procedures are presented. 

Design 

The research design used for this study is a quantitative causal-comparative design 

utilizing a prevalence survey approach, aiming to identify how prepared higher education 

professionals are for utilizing BIA and BD data within higher education institution sectors.  The 

research design involved the independent variable of setting classification, comprising three 

groups (community college, four-year public, and four-year private mid-level professionals).  

The dependent variable compared the three groups to their analytical maturity and readiness are 

defined as: 

Capability and the competitive advantage – based on the pillars of governance, culture, 

technology, and people along with maturity models to understand the impact of utilizing BIA 

and BD (Cosic et al., 2015; O’Neill & Brabazon, 2019).   

The independent variables are defined as follows: 

Higher education institutions (HEIs) mid-level professionals setting classification – 

defined as professionals within the United States, mid-level professionals in (three groups) a 

community college, a four-year public, and a four-year private institution of higher education.   
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A survey method was utilized as the best method to provide an inexpensive and timely 

approach to data collection.  Questionnaire instrumentation sampling represents a generalized 

population that can be used for statistical analysis (Gall et al., 2007).  The nature of this research 

study focused on quantitative research to provide a more measured approach.  Causal-

comparative research helps researchers compare correlated variables to discover potential cause-

and-effect relationships and examine the relationship between the independent variable of 

analytical maturity/readiness and the targeted populations.  The causal-comparative study is 

appropriate for this research design as it calls for the relationship between analytical maturity and 

readiness with higher education professionals in mid-level roles at three types of institutions 

(Gall et al., 2007).  This study takes an initial review of the basics in understanding the levels of 

readiness and maturity among professionals in higher education when it comes to incorporating 

and utilizing data day-to-day, as organizations often need insight from data (Weibl & Hess, 

2020).  This study provides the foundational work to bring these opportunities to higher 

education professionals, enhance the institution's competitive advantage, retain more students, 

and provide successful attainment and performance levels for the student and the institution.  

Research Question 

The objective of this study was to examine both the organizational readiness of 

community college, four-year public, and four-year private higher education institutions and 

their utilization of business intelligence analytics (BIA) and big data (BD) to make data-driven 

decision-making within mid-level professional positions.  The primary research question and 

hypothesis that engaged this research study were: 
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RQ1: Is there a difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions? 

Hypothesis 

Analysis of Business Intelligence Capability and Value and Competitive Advantage 

H01: There is no difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions. 

Participants and Setting 

This section reviews the population, participants, sampling techniques, and sample size 

utilized throughout this study.  This study focuses on the target population of mid-level higher 

education professionals from 98 community colleges, 44 four-year public, and 34 four-year 

private institutions in the United States.  The participants will be recruited through various 

formats, including connections with a higher education professional organization network, e-mail 

distributions, social media posts, and researcher contacts.  When a mid-level professional’s 

institution required IRB approval for the institution, this request was submitted to meet the 

institution’s requirements.  The targeted population is too large, so a sample that aimed to be 

non-biased and representative of all three types of institutions was used for this research study.         

Population 

The target population for this study was drawn from a convenience sample of over 172 

mid-level higher education professionals located and employed at a community college, a four-

year public, and a four-year private higher education institution within the United States.  The 

sampling procedure was a convenience sampling of institutions and a random sampling of 
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individuals from those institutions who responded to the regional inquiries requesting survey 

respondents.  This study samples the mid-level professionals identifying dependent variables 

based on levels of analytics maturity and readiness to utilize BIA and BD in decision-making 

and reporting.  The target population is mid-level higher education professionals who assist and 

supervise areas such as student affairs, academic affairs, information technology, legal affairs, 

foundational and advancement offices, institutional research, and others.  The mid-level 

professional positions consist of non-senior student affairs officers, associate vice-chancellors, 

associate vice-presidents, deans, managers, and directors, all of whom are considered mid-level 

management.  When utilizing BIA and BD, these individuals can be within different dimensions 

of the analytics maturity model and readiness strengths and weaknesses.   

The higher education institutions were obtained from the Office of Postsecondary 

Education database of accredited postsecondary institutions and programs website.  These 

databases identify and classify the institution levels of two-year community colleges, four-year 

public, and four-year private institutions.  The respondents were placed into subgroups based on 

their institution type, mid-level reporting position, and levels of analytical maturity based on the 

instrumentation results.  Gall et al. (2007) emphasized that in causal-comparative studies, 

subgroups prevent obfuscation between variables in the research investigation.   

Participants 

The number of participants sampled was 176 for this study, exceeding the required 

minimum when assuming a medium effect size.  The total sample size for this study is 176 

participants of 172 minimum number of participants for a Two-Way ANOVA with three groups 

when assuming a medium effect size with a statistical power of 0.7 at the alpha of 0.05 used to 

establish the statistical significance, an effect size f 0.25, a df of 5, with a total of six (6) groups 
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(Warner, 2021).  The target is to have at least 30 participants within each group with one mean 

calculation per group.  The sample for this study targeted mid-level professionals in higher 

education and were volunteer mid-level higher education professional participants who willingly 

completed the anonymous questionnaire, which consisted of in nine institutional areas (i.e., 

Academic Affairs, Administrative Offices, Advancement/Foundation, Health Services, 

Information Technology, Legal Affairs, Research, Student Affairs) of mid-level positions, with 

3,237.5 combined years of service.   

The groups were naturally occurring by position and reporting levels, organized through 

subgrouping processes.  These professionals came from higher education institutions in either a 

community college, a four-year public institution, or a four-year private institution within the 

United States.  Participants were informed of the study and opted to participate in the survey 

instrument, which contained demographic questions to identify their mid-level position, type of 

institution, years of service, and utilization of BIA and BD tools.  These participants were 

provided the option to complete the questionnaire but were not required.  Each participant was 

informed that this information would not be institution-specific and only be showcased based on 

institutional type, so no responses would be traced back to the participants. 

Setting 

The setting for this study consisted of 176 higher education institutions.  Out of 176 total 

institutions, there were 98 from community colleges, 44 from 4-year public, and 34 from 4-year 

private institutions, within this sample population framework.  The recruited participants 

included individuals who were part of professional organization networks, professional contacts, 

a listserv of email contacts within the institutions identified through the Office of Postsecondary 

Education database website, and the researcher’s institution with IRB approval. 
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Instrumentation 

This study utilized quantitative survey instruments, the O’Neill and Brabazon (2019) 

Assessment Survey based on Cosic et al.’s (2015) capability framework and the Analytics 

Maturity Model Assessment Davenport (2014). 

The Business Analytics Capability Assessment 

The Business Analytics Capability Assessment survey (O’Neill & Brabazon, 2019) is a 

synthesis of existing maturity models measuring the enhanced capability score (CS) levels of 

business intelligence analytics (BIA) and comparing it to the value and competitive advantage 

(VCA).  Cosic et al. (2015) provided the theoretical foundation and framework for the four 

pillars measured by the value and competitive advantage assessment survey Governance, 

Technology, People, and Culture (see Figure 3).  The model and framework for the value and 

competitive advantage assessment that has been used in numerous studies were expanded from a 

blend of Brynjolfsson and McAfee (2013), Cosic et al. (2015), Davenport (2014, 2018), and 

McAfee and Brynjolfsson’s (2012) models to incorporate the big-data perspective and analytics 

to assess if the organization capabilities can translate into the impact of capability, value, and 

competitive advantage.  For this study, the instrument's purpose is to measure the value and 

capability of mid-level professionals across the various higher education institutions’ competitive 

advantage in the utilization and impact of BIA and BD (O’Neill & Brabazon, 2019).   

McAfee and Brynjolfsson’s (2012) work asked, is Big Data a revolution for 

management, and will it improve business performance?  The evolution of their original model 

grew to be more inclusive of organization sophistication and added additional business 

perspectives to the analytical maturity model (Davenport, 2018).  The Davenport (2014) 

DELTTA and DELTTA plus model added the element of technology (the additional T for 
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Technology), the primary aspect of big data (Müller & Jensen, 2016; O’Neill & Brabazon, 

2019).  This instrument has been tested for validity in multiple studies and utilized as a 

foundational maturity model to identify the alignment of BIA with organizational goals, 

management support, data quality, and information sharing (O’Neill & Brabazon, 2019; Paradza 

& Daramola, 2021).  The six elements of the DELTTA model allow researchers to look at each 

aspect individually and how each element in an organization helps create value within the 

DELTTA model (Müller & Jensen, 2016).  Davenport (2018) aligned additional elements of 

Technology and Analytic Techniques.  The analytical and visualization techniques and levels of 

success toward the self-governing validation of analytical maturity (Nda et al., 2020).  The 

DELTTA/DELTA Plus instrument has been used in numerous studies (e.g., Adepoju, 2020; 

McAfee & Brynjolfsson, 2012; Molina, 2019; O’Neill & Brabazon, 2019; and Quinn, 2016).  

The value and competitive advantage framework questions are based on the maturity index of 

Schmarzo (2015) to understand the ability of organizations to leverage and utilize data and 

analytics.   

The Business Analytics Capability framework instrument used for this study provides 

insight into an organization's capability and the value and competitive advantage.  This 

instrument will help determine the level of change driving recommendations for both the 

participant and the institution for which they are employed using the comparative analysis 

Davenport (2018).  The approximate time for participants to complete this survey is less than 15 

minutes.  The value and competitive advantage survey consists of 51 questions based on the five 

capability areas of Governance, Culture, Technology, People, and Value and Competitive 

Advantage (VCA).  Most survey questions provide a five-point Likert scale of one to five; one 

represents Strongly Disagree, and five represents Strongly Agree.  A few exceptions to this scale 
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are identified within the survey question.  Davenport (2014) recommended that a linear 

correspondence exists when equally weighing the four capabilities through a mean calculation of 

the scores (O’Neill & Brabazon, 2019).  Cosic et al. (2015) confirmed a linear connection 

between the value and competitive advantage scores.   

Construct validity is the degree to which a variable truly measures the construct it intends 

to measure (Warner, 2021).  O’Neill and Brabazon (2019) identified two aspects they utilized 

when employing construct validity for their study.  One area is the correspondence of the 

instrument questions to the theoretical framework model, and secondly, identifying the validity 

of the framework model based on existing questions from the literature.  O’Neill and Brabazon 

(2019) confirmed construct validity as they rejected the null hypothesis that there is no 

correlation between the capability score and the value and competitive advantage score with a p-

value of p < .001 and an effect size of 0.81 at the significance level of 0.05.  Table 1 details the 

Pearson Correlation scores between VCA and CS and each component score for the capability 

areas.  The score of 0.81 suggests a strong relationship between VCA and CS.   

Table 1 

 

Correlation analysis of VCA and CS 

 

 Pearson correlation 

 Capability Governance Culture Technology People 

Value & 

Competitive 

Advantage 

0.81 0.73 0.70 0.65 0.76 

      

 

Note. O’Neill and Brabazon (2019) 

 

 

Confirming that organizations could be informed by the potential to understand their 

competitive advantage and where specifically within the capability areas they should target 



82 
 

 
 

additional investment in the areas of BIA and BD (O’Neill & Brabazon, 2019).  To do this, 

O’Neill and Brabazon explored the inter-item correlation of each instrument component which 

provided the uni-dimensionality of each question and the potential for each instrument 

component to contribute to the component mean score.  The instrument questions were 

considered and rated on a scale from moderate to high values (.5 to .7), excluding any question 

not meeting this threshold.  O’Neill & Brabazon identified that the people capability area 

exhibited the strongest inter-item correlation, and all had values of .6 or below.   

A Factor Analysis followed the inter-item correlation analysis to test construct validity 

using the Kaiser-Meyer-Olkin correlation (KMO) and Bartlett’s test of sphericity (BS).  These 

tests provided the understanding that questions are independent, so researchers can see 

dependencies between the questions if the null hypothesis can be rejected.  Each capability area 

component and VCA should have functional dependencies for this study.  Table 2 highlights the 

observed scores of 0.6 to 0.7 and above, in addition to the BS p-value of < 0.05, suggesting that 

it is possible to adopt Factor Analysis for each component.                 

 

Table 2 

 

Kaiser-Meyer-Olkin correlation (KMO) and Bartlett’s test of sphericity (BS) question 

independence test 

 

 VCA Governance Culture Technology People 

KMO 0.84 0.82 0.88 0.80 0.87 

BS <.001 <.001 <.001 <.001 <.001 
      

 

Note. O’Neill and Brabazon (2019) 

 

O’Neill and Brabazon (2019) continued additional steps of content validity by examining 

factors to examine factor loadings that identifies the correlating relationship between the 

question components and the model (see Table 3 and 4).  Eigenvalues of 1.0 or higher for each 
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model and factor loadings > = 0.5 are included, suggesting the relationships between each model 

component and the survey questions that should be embedded.  A few exceptions occurred in the 

original assessment of the factor loading threshold review but were still included for future 

studies as the threshold has been subjective.  By coupling the inter-item correlation analysis and 

the uni-dimensionality evidence through these statistical model analyses, the instrument is 

concluded to support the construct validity and basing the framework in literature and theoretical 

foundations.  See Appendix A and Appendix B for a copy of the Business Analytics Capability 

Framework Assessment Survey.  Assessment is pending approval to publish the instrument from 

the publisher.  Permission has been granted to use the instrument for this study.  See Appendix B 

for permission to use the instrument.  

Table 3 

 

Eigenvalues for component factors 

 

 F0 F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 F11 F12 

VCA 3.14 0.67 0.50 0.41 0.29         

Governance 6.45 1.26 0.90 0.84 0.78 0.61 0.51 0.47 0.41 0.29 0.24 0.16 0.10 

Culture 5.51 1.12 0.96 0.81 0.60 0.46 0.43 0.35 0.29 0.27 0.21   

Technology 4.61 1.54 1.26 1.10 0.73 0.57 0.53 0.46 0.39 0.30 0.28 0.23  

People 5.54 1.22 0.90 0.76 0.38 0.32 0.27 0.25 0.19 0.15    
              

 

Note. O’Neill and Brabazon (2019).  All factors with values above 1.0 are adopted for factor 

loading analysis. 

 

Table 4 

 

Value & competitive advantage questions factor loading analysis 

 

 VCA0 VCA1 VCA2 VCA3 VCA4 

F0 0.60 0.62 0.71 0.60 0.28 

F1 0.30 0.47 0.33 0.67 0.64 
      

 

Note. O’Neill and Brabazon (2019) 

 



84 
 

 
 

 O’Neill and Brabazon (2019) emphasized that with the Business Analytics Capability 

Framework survey, a strong correlation can be assessed between the BIA capability and the 

organizational value and competitive advantage.  This assessment supports the many examples 

where organizations have demonstrated the ability to leverage BIA and BD capabilities for an 

increase in impact (e.g., Davenport, 2014, 2018; Paradza & Daramola, 2021).  Additionally, the 

Cosic et al. (2015) framework is the theoretically grounded synthesis that will help 

organizational decision-making impact by analyzing the Business Analytic capability and 

organization value and competitive advantage. 

Procedures 

As this study emphasizes, the procedures for this research are guided through a data 

governance structure to provide anonymity to the participants and offer ethical and human 

considerations.  All aspects of this study’s design and how the research is conducted and reported 

employed appropriate strategies to engage ethical and human practices, including fully informing 

participants of any potential risks and who will have access to these data are included (Gall et al., 

2007).  This research begins with the Institutional Research Board's (IRB) approval to assess 

mid-level professionals from different higher education institutions in the United States (See 

Appendix D for IRB approval).  Appendix E and Appendix F are additional institutions that 

required institutional IRB approval.  The data collection and analysis provided by the causal-

comparative research proposed design will aid in providing the visualization for informing the 

research question in this study.  Utilizing BIA and BD analytical data can bring many 

opportunities to industries like higher education (Cardoso & Su, 2022; Ijab et al., 2019; T. R. 

Shah, 2022).     
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The researcher utilized a convenience sample of community colleges, public four-year, 

and private four-year institutions to recognize the naturally occurring by position and reporting 

levels sampling of subgroup participants.  These participants were from social media requests, 

connections, and networks of higher education professional organizations for mid-level higher 

education professionals.  Invitations to various institutions for each institutional type will also be 

submitted, and if IRB approval is required, the researcher will complete the request.  The 

questionnaire instrumentation sampling represents a generalized population that can be used for 

statistical analysis (Gall et al., 2007).  This study utilized a quantitative nonexperimental study, a 

survey instrument that combines the Analytics Maturity Model Assessment, Davenport’s (2014) 

Big Data Readiness Assessment, and the DELTTA model adaptation of McAfee and 

Brynjolfsson (2012) into the Business Analytics Capability Assessment Survey instrument 

(O’Neill & Brabazon, 2019).  This survey provides demographic information to identify the 

independent variable groupings and the response data collected that will be compared at the 

individual and group levels to the five categories.  A maturity model should enable higher 

education professionals to establish a level of maturity and ways to create inspirational mindsets 

for future improvements (Cardoso & Su, 2022).  

A cause-and-effect relationship exists between the analytical maturity, capability, and 

value of mid-level professionals in higher education.  Finally, the more mature and ready the 

professionals are, the more willing to not only utilize data but formulate using innovative and 

prescriptive Business Intelligence Analytical and Big Data tools to mine and aggregate the data 

in real-time to assist in making business and data-informed decisions (Aldowah et al., 2019; 

Boulila et al., 2018; Calitz et al., 2018; B. K. Daniel, 2019; Jaklič et al., 2018; Villegas-Ch et al., 

2020).  This novel concept is a gap in the literature, specifically in comparing community 
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colleges to four-year public and private institutions and analyzing the utilization of BIA and BD 

within mid-year professionals.  In contrast, there are additional steps to take in identifying the 

next stage of how professionals can use this level of analytical maturity, capability, and value 

readiness to how higher education professionals can better utilize data to make more data-

informed decisions (Cardoso & Su, 2022; Davenport et al., 2001; Parnell et al., 2018; T. R. Shah, 

2022; Webber & Zheng, 2020).   

Further institutional professionals can better align their understanding of strategic 

institutional goals, ways that these goals can iteratively be improved, and a path defined for 

reaching the established improvements and further enhancing the awareness for investment into 

BIA and BD tools (Cardoso & Su, 2022).  Davenport (2014) identified five categories for their 

maturity model: organizational structure, infrastructure, data management, analytics, and 

governance, which are compared across several dimensions (Ascent, Pre-Adoption, Early 

Adoption, Corporate Adoption, or Majure/Visionary).  O’Neill and Brabazon (2019) observed 

that the existing literature for maturity models was not based on theoretical foundations for 

identifying capabilities of BIA and BD, so they utilized Cosic et al. (2015) framework of 

governance, culture, technology, and people leading to BIA and BD capability, for an 

organizational value and competitive advantage.  This study design does not utilize archival data 

but encompasses peer response data to gain insight into the analytical maturity and gauge 

organizational positions toward the validation of utilizing analytics and big data for 

organizational and governance readiness results. 

These individuals were contacted via email and were voluntarily asked to complete the 

questionnaire instrumentation, and no incentives or unethical requirements for participation were 

employed (see Appendix C).  The email contact process was completed through the Liberty 
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University Microsoft email system and sent directly from the researcher or (utilization of a 

Constant Contact type system if available).  An assumption is made that all participants did 

complete the surveys willingly, and honesty was the only incentive to participate, other than the 

acknowledgment that they would be provided with a copy of this study’s results.  One hundred 

seventy-two participants are the minimum sample size, and this study used one hundred seventy-

six participants divided among the groups, and the statistical power of 0.7 at the 0.05 alpha level 

to establish the statistical significance (Gall et al., 2007).    

First, the participants were invited to offer their implied consent to the instruments 

offered in this study, including acknowledgment of any potential limited risks.  This first consent 

is embedded within the assessment survey as a limiting qualifying question, meaning it will only 

show the consent question before showing any survey questions.  This consent question will also 

include the note that the data will be retained for five years after completing this research study.  

Therefore, participants who want to opt out of the survey can say they do not acknowledge 

consent and are directed to a disqualifying page.  Second, the participants are asked to complete 

the Business Analytics Capability Assessment Survey instrument (see Appendix A). The 

Business Analytics Capability Assessment Survey instrument was administered using the 

approved Qualtrics web-based survey tool.  Participants will be given a four-week timeframe 

from beginning to completion to complete the survey, which should take more than one hour to 

complete the assessment.  Multiple email reminders will be sent to the target population of 

participants.   

The data collected for this quantitative causal-comparative study included an anonymous 

numbering convention to assess individual participants while maintaining the anonymity of 

names or personal identifying information (Gall et al., 2007).  The data collected for this study 
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was randomly chosen and distributed throughout the population of participants.  The participant 

data were stored in a cloud-based drive behind a single-sign-on login and accessed from a 

biometric fingerprint computer.  These assessments are provided to the participant without harm 

or risk and are secured and validated platforms to collect data.  Data is only exported from 

Qualtrics to the researcher’s computer to analyze the data utilizing a purchased local version of 

SPSS version 29, to analyze these data and identify the levels of readiness of mid-level 

professionals and the analytical maturity levels.  Following the initial steps up to the data, this 

study's collection phase has been undertaken by formulating the research questions, establishing 

hypotheses, and research objectives.  The researcher pursued answering the hypotheses by 

applying the products from each survey to the hypothesis questions.  This process included using 

the responses to see if the research confirmed the null.  This study uses a causal-comparative 

design to identify the cause-and-effect relationship between the subgroups (Gall et al., 2007).  

This design is ready to be tested and used for data gathering using a causal-comparative design. 

Data Analysis 

The researcher performed the following statistical data analysis to validate assumptions 

based on the hypothesis.  A two-way Analysis of Variance is used when there are three variables, 

two factors, and a dependent variable (Green & Salkind, 2017).  One hundred seventy-two 

participants were required as the minimum number of participants for a two-way ANOVA with 

three groups when assuming a medium effect size with a statistical power of 0.7 at alpha of 0.05.  

This study utilized one hundred seventy-six participants.  Partial eta squared was used to 

establish the statistical significance and interaction source (Gall et al., 2007; Green & Salkind, 

2017).  A total of 360 questionnaires was the target to fulfill 60 participants for each of the two 
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independent variable categories within the three groups.  See the design section above for 

definitions of the dependent and independent variables.   

Analysis of Business Intelligence Capability and Value and Competitive Advantage 

The null hypothesis tested for the analysis of Business Intelligence Capability and Value 

and Competitive Advantage was: 

H01: There is no difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public institutions, and four-year private institutions? 

An alpha of 0.05 was used to establish the statistical significance. 

  A two-way ANOVA analysis was used to examine the effects of the difference in the 

means of the maturity model to determine the statistically significant difference between the 

groups of participants (mid-level community college, 4-year public, and 4-year private 

institutions of higher education) and those that do and do not utilize BIA and BD tools.  This 

analysis will help organizations understand better the business intelligence capability and the 

value and competitive advantages between these groups.  A review of the six assumptions to 

analyze this null hypothesis is required for a two-way ANOVA analysis to provide a valid 

assessment result.  The critical assumptions were considered for analyzing these data to ensure 

that the two-way ANOVA process was appropriate for this study.  These assumptions included 

the continuous dependent variables by averaging the Business Analytics Capability questionnaire 

scores to create an overall score.  Another assumption of a two-way ANOVA is that more than 

two (three) independent groups made up the independent variables and are categorical.  In this 

study, the independent variables are the types of higher education institutions (i.e., community 

college, four-year private, and four-year public institutions).  Finally, independent observations 
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are included in this study as an initial review of the two-way ANOVA assumptions.  The two-

way ANOVA process requires next for the data to be reviewed for outliers and assess the 

normality of the data.     

 The data will be assessed with the following tests to detect outliers and assess normality 

within the data of this study.  Outlier data points that did not follow the usual pattern of most 

responses would be removed to ensure continuity and consistency of positive effect on the two-

way ANOVA tests.  Any removed data points will be documented and disclosed.  This study 

used Shapiro-Wilk’s test to identify a significance value (i.e., a p-value of p >.05) to determine if 

the dependent variable data is normally distributed.  If the assumption of normality has not been 

violated, the p-value will be greater than .05; therefore, the dependent variables are normally 

distributed.  Next, the data will be analyzed to identify the homogeneity of variance between the 

independent variable groups and is assessed using Levene’s test for equality of variances where,  

p >.05.  This test is used to determine the equality of all independent variables to avoid any Type 

I errors and ensure that the results are non-statistically significant or showcases homogeneity of 

variance.   

 The next step is identifying if there is a significant statistical interaction effect between 

the three independent variables on the dependent variables.  Reviewing the lines within a 

univariate plotted graph determines this statistically significant effect.  These lines are evaluated 

for being parallel or intersecting effect lines.  Where if the lines intersect, disordinal interaction 

is statistically significant, versus ordinal interaction, that is, parallel lines and not statistically 

significant.  This interaction effect is further reviewed by interpreting the Tests of Between-

Subjects effects table for significance effects and determining whether an interaction effect 

exists.  For this study, for analysis of simple main effects, tests of Between-Subjects Effects will 
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be used to identify if there were statistically significant interactions between the community 

college, four-year public, and four-year private groups for "Analytical Readiness and Maturity" 

score to determine the F-statistics, p-value, and eta squared.   

 Follow-up tests comprising assumption testing and post hoc assumption test methods like 

the Tukey HSD procedure and Bonferroni adjustment (accepted at the p < .025 level) were used 

to control the Type I error across the pairwise comparisons of homogeneous subsets in this 

analysis.  The main effect is reviewed of each type of institution on the maturity and readiness of 

mid-level professionals through the tests of between-subject effects and the pairwise 

comparisons tables for the standard error scores, and identifying the statistical significance 

difference, including the F-statistics, p-value, and partial eta squared.  Finally, the mean scores 

for community college, four-year public, and four-year private professionals will be calculated 

with a 95% confidence interval (Laerd Statistics, 2017). 
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CHAPTER FOUR: FINDINGS 

Overview 

To answer this study’s research question and to test the hypothesis, a two-way ANOVA 

data analysis was employed utilizing the Statistical Packages of the Social Sciences (SPSS) 

software.  SPSS was employed to screen the data, calculate descriptive statistics of the 

quantitative survey items, test the assumptions to determine reasonableness and statistical 

analysis procedures were used to complete the two-way Analysis of Variance.  This fourth 

chapter details the findings from the study, highlighting data collected through a vigorous survey 

collection to analyze the reports.  This analysis will strive to answer the research question and 

test the null hypothesis. 

Research Question 

RQ1: Is there a difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions? 

Null Hypothesis 

H01: There is no difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions. 

Descriptive Statistics 

The descriptive statistics followed the guidelines and steps from Laerd Statistics (2017), 

and a two-way ANOVA was conducted to examine the effects of dependent variable, business 

analytics capability and the value and competitive advantage, to the two independent variables, 

different types of institutions, and those who use and do not utilize BIA and BD (see Table 5).  
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One hundred-seventy-six mid-level higher education professionals completed the entire survey 

and were utilized in the statistical analysis for this study.  The Statistical Package for the Social 

Sciences (SPSS) from IBM was used to present the descriptive statistics tables and figures.  The 

data are mean (M) ± standard deviation (SD) unless otherwise stated.  All survey responses were 

reviewed and screened using the survey consent agreement.  Any responses that were not 

completed or did not meet the requirements of being 18 years of age or older and a mid-level 

professional at an institution of higher education were removed and not considered in the data 

analysis.   

Data in Table 5 are the respondent descriptive statistics and information computed from 

the survey participant responses.  Table 5 depicts the mean (M) and standard deviation (SD) for 

each of the independent variable groups of institution type, and utilization of BIA and BD.  

Additionally, Table 5 identifies the distribution of the (n = 176) participants including (n = 98) 

community college, (n = 44) four-year public university, and (n = 34) four-year private 

university professionals.  The total row provides the overall mean and standard deviation for all 

independent variables.  In summary the M for all groups is 2.82, with an SD of .53 for all 176 

participants. 

Figure 1 depicts the visualization of these estimated marginal means data.  By 

interpreting marginal means in Figure 1, it can be acknowledged that there is a change between 

the difference in mid-level professionals utilizing and not utilizing BIA and BD, as the lines 

show an increase between the Yes and No, in addition the lines cross and are farther apart 

between the utilization by institution type.  Additionally, there is a seemingly significance as 

there is an interaction difference in the rows between the means. 
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Table 5 

 

Descriptive Statistics for Overall Business Analtycis and Value & Competitive Advantage and 

the Use of BIA and BD 

 

Institution Type 
Utilization of  

BIA & BD 
M SD n 

Community College 
Yes 2.70 .49 62 

No 3.02 .58 36 

Four-Year Public 

Institution 

Yes 2.72 .58 27 

No 2.76 .48 17 

Four-Year Private 

Institution 

Yes 2.67 .26 16 

No 3.13 .54 18 

Total  2.82 .53 176 
    

 

Figure 4 

Estimated Marginal Means by Institution Type 

 

In total 328 participants started the survey, and 183 participants completed the entirety of 

the survey, however through analysis seven cases were found to be outliers from the data as 

defined below.  When reviewing the data analysis through the box plots, outliers were identified 
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as data points that were indicated as outside the minimum and maximum quartile values in the 

box plot whiskers.  Of the seven cases, one was a community college, and six were four-year 

private institution professionals.  Four cases were from academic affairs fields, one student 

affairs, one marketing and communications, and one from enrollment management.  The 

remaining 176 participants represent at least nine institutional areas, with the most being 

academic affairs 38.07%, within community colleges, four-year public, and four-year private 

institutions (see Figure 5).  The “other” category consisted of areas that may fall within the 

designated categories but had a different reporting structure at the participant’s institution.  

Altogether, respondents have 3,237.5 years of higher education experience combined.  Figure 5 

showcases the distribution by of respondent institutional area. 

Figure 5 

 

Survey Responses by Institutional Area 
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Results 

To examine the research question, a two-way ANOVA with post hoc tests was conducted 

to identify if there was a significant difference in the business intelligence capability and the 

value and competitive advantage of mid-level higher education professionals who do and those 

who do not utilize Business Intelligence Analytics (BIA) and Big Data (BD) in community 

colleges, four-year public institutions, and four-year private institutions.  As part of the 

quantitative analysis, data screening procedures and assumptions were verified using the Laerd 

Statistics (2017) process. 

Assumption Tests 

Residual analyses were performed to test for the assumptions of the two-way ANOVA.  

SPSS was utilized to test for accuracy, missing data and outliers, and all assumption testing.  

Outliers were assessed by inspection of a boxplot, normality was assessed using Shapiro-Wilk's 

normality test for each cell of the design, and homogeneity of variances was assessed by 

Levene's test.  Laerd Statistics (2017) assumption testing included that “There should be no 

significant outliers in any cell of the design.”  Any outliers in this assumption testing were 

removed, so that there were no outliers.  Table 6 depicts residuals were normally distributed      

(p > .05), and Table 7 represents that there was homogeneity of variances (p = .083).   

Additional assumption testing included the depiction of the assumptions of normality 

completed using Shapiro-Wilk test by institution type and utilization of BIA and BD, where       

p > .05 (see Table 6).  There was homogeneity of variances as p = .083.  Final assumption testing 

included that the variance of dependent variable (residuals) should be equal Laerd Statistics 

(2017).  Figures 4-6 illustrate the Quantile-Quantile Plot residual for each institution type, and 

utilization response of BIA and BD.  These figures represent the distribution simulations to help 
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understand the overall departure from the desired normal distribution shape (Warner, 2021).  

These Q-Q plots closely resemble the normally distributed data, as they fall within the straight 

line through the Shapiro-Wilk tests.  According to Warner (2021) Q-Q plot tests indicate a 

distribution of scores that the closer to normal distribution include data points closer to the 

straight line.  The author continues that these tests may indicate non-normally distributed 

because of the larger sample sizes but seem evenly distributed in this analysis.  Figures 7-9 

illustrate the Box and Whisker plots that highlight the reported differences in utilization of BIA 

and BD and the type of institution. 

Table 6 

 

Tests of Normality 

 

  Shapiro-Wilk 

Institution Type 
Utilization of  

BIA & BD 
Statistic df Sig. 

Community College 
Yes .98 62 .48 

No .98 36 .76 

Four-Year Public 

Institution 

Yes .98 27 .81 

No .96 17 .58 

Four-Year Private 

Institution 

Yes .93 16 .27 

No .98 18 .90 
    

 

Note. p > .05 

 

Table 7 

 

Levene’s Test of Equality of Error Variances 

 

 
 Levene 

Statistic 
df1 df2 Sig. 

Overall Business 

Analytics Capability 

and Value & 

Competitive 

Advantage 

Based on Mean 1.99 5 170 .08 

     

 

Note. p > .05 
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Figure 6 

 

Q-Q Plot for Community Colleges Use of BIA and VCA 
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Figure 7 

 

Q-Q Plot for Four-Year Public Institution Use of BIA and VCA 
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Figure 8 

 

Q-Q Plot for Four-Year Private Institution Use of BIA and VCA 
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Figure 9 

 

Box and Whisker for Community College Use of BIA and VCA 
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Figure 10 

 

Box and Whisker for Four-Year Public Institutions Use of BIA and VCA 
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Figure 11 

 

Box and Whisker for Four-Year Private Institutions Use of BIA and VCA 

 

 
Main Effects 

The interaction effect between Institution Type and utilization of BIA and BD on Overall 

Business Analytics Capability and Value & Competitive Advantage was not statistically 

significant, F(2,177) = .834, p = .436, partial η2 = .009, see Table 8 and Table 9.   
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Table 8 

 

Tests of Between-Subjects Effects of Institution Type and the Use of BIA and BD 

 

 
Type III Sum 

of Squares 
df 

Mean 

Square 
F Sig. 

Partial 

Eta 

Squared 

Institution Type and 

the Utilization of 

BIA and BD 

.49 2 .25 .83 .44 .009 

Error 52.55 177 .29    
     

 

Table 9 

 

Main Effect of Institution Type 

 

 
  95% Confidence 

Interval 

Institution Type 
M SEM Lower 

Bound 

Upper 

Bound 

Community College 2.86 .05 2.76 2.97 

Four-Year Public Institution 2.74 .08 2.58 2.90 

Four-Year Private Institution 2.90 .09 2.73 3.08 
   

  

 

Therefore, an analysis of the main effect of utilization of BIA and BD was performed, 

which indicated that the main effect for the utilization of BIA and BD was statistically 

significant.  Table 10 and Table 11 illustrated the between-subject effects compared the 

institution type and the utilization of BIA and BD F(1,170) = 9.74, p = .002, partial η2 = .054, 

and Cohen’s d of .32 for a medium effect size. 
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Table 10 

 

Test of Between-Subject Effects between Institution Type and Utilization of BIA and BD 

 

 

Type III Sum 

of Squares 

df 
Mean 

Square 
F Sig. 

Partial 

Eta 

Squared 

Institution Type .58 2 .29 1.11 .33 .013 

Use of BIA and BD 2.56 1 2.56 9.74 .00 .054 

Error 44.73 170 .263    
     

 

 

Table 11 

 

Independent Samples Effect Sizes of Utilization of BIA and BD 

 

   95% Confidence Level 

 Standardizera 
Point 

Estimate 
Lower Upper 

Cohen’s d .49 .32 -.057 .69 
   

 

Note. a. The denominator used in estimating the effect sizes.  Cohen’s d uses the pooled standard 

deviation. 

 

All pairwise comparisons were run where reported 95% confidence intervals, and p-

values are Bonferroni-adjusted.  The unweighted marginal means for the “Overall Business 

Analytics Capability and Value & Competitive Advantage” score were 2.699 ± .058 for a yes 

utilization of BIA and BD and 2.970 ± .064 for not utilizing BIA and BD, respectively.  Table 12 

depicted the pairwise comparison between the independent variable, utilization of BIA and BD.     

Data in Table 12 and Table 13 revealed that professionals who do not utilize BIA and BD 

were associated with a statistically significant mean difference of .271 (95% CI, .100 to .442) 

points higher (α = .05) than those who do utilize BIA and BD, a statistically significant 

difference, p = .002, η2 = .054.   
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Table 12 

 

Pairwise Comparisons 

 

 

  

  

95% Confidence 

Interval for 

Differenceb 

(I) Use of BIA and 

BD 

(J) Use of 

BIA and BD 

Mean 

Difference 

(I-J) 

Std. 

Error 
Sig.b 

Lower 

Bound. 

Upper 

Bound 

Yes No -.27* .09 .002 -.44 -.10 
     

Note. Based on estimated marginal means 

*. The mean difference is significant at the .05 level 

b. Adjustment for multiple comparisons: Bonferroni 

p = .002 

 

Table 13 

 

Estimates of Use of BIA and BD 

 

   95% Confidence Interval 

Use of BIA and BD M Std. Error 
Lower 

Bound. 

Upper 

Bound 

Yes 2.70 .06 2.58 2.81 

No 2.97 .06 2.84 3.10 
   

 

Therefore, we reject the null of the hypothesis that there is no difference between the 

business intelligence capability and the value and completive advantage of mid-level 

professionals who do and do not utilize BIA and BD in community colleges, four-year public 

institutions, and four-year private institutions.  In summary, there is a statistical difference 

between the business intelligence capability and the value and competitive advantage for the 

mid-level professionals who use and do not use BIA and BD regardless of institutional type.    
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CHAPTER FIVE: CONCLUSIONS 

Overview 

The final chapter of this study depicts the analytical results from this study by delving 

into the statistical analysis and significant findings pertaining to the direct benefit for the 

implementation of Business Intelligence Analytics (BIA) and Big Data (BD) tools in the realm of 

higher education.  Furthermore, the chapter examines the implications of the study in relation to 

existing theories and acknowledges the limitations of the study.  Also included is the highlight of 

other pertinent research from the literature.  The chapter concludes by offering recommendations 

for areas of future research based on the outcomes identified from this study. 

Discussion 

The purpose of this quantitative causal-comparative study is an empirical examination of 

the differences in business intelligence capability and the value and competitive advantage of 

mid-level higher education academia professionals from community colleges, four-year public, 

and four-year private institutions within the United States.  This chapter’s discussion sought to 

answer the research question: 

RQ1: Is there a difference between the business intelligence capability and the value and 

competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public institutions, and four-year private institutions? 

From this research question, a null hypothesis was developed: 

H01: There is no difference between the business intelligence capability and the value 

and competitive advantage of mid-level professionals who do and do not utilize BIA and BD in 

community colleges, four-year public, and four-year private institutions. 

The independent variables used in H01were Institution Type, comparing two-year 
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community colleges to four-year public, and four-year private institutions with the utilization of 

Business Intelligence Analytics (BIA).  All survey participants were mid-level higher education 

professionals, defined as a group of higher education professionals identified as supervising at 

least one full-time employee at a community college, four-year public, or four-year private 

institution.   

Results H01 

When analyzing the results of the research question, this study found that there is no 

significance between the type of institution regarding the overall possibility of an institution of 

higher education to have business intelligence capability and the value and competitive 

advantage when using BIA and BD resources.  The data was collected using a convenience 

sample of mid-level higher education professionals, and analyzed using a two-way ANOVA 

where the residuals were normally distributed (p > .05), and a homogeneity of variance is          

(p = .083).  Additional assumption testing was completed through a Shapiro-Wilk test by 

institution type and utilization of BIA and BD, where p > .05.   

A main effect test disclosed the interaction effect between Institution Type and utilization 

of BIA and BD on Overall Business Analytics Capability and Value & Competitive Advantage 

was not statistically significant, F(2,177) = .834, p = .436, partial η2 = .009.  Therefore, an 

analysis of the main effect of utilization of BIA and BD was performed, which indicated that the 

main influence for the utilization of BIA and BD was statistically significant F(1,170) = 9.74,     

p = .002, partial η2 = .054, and Cohen’s d of .32 for a medium effect size.  Thus, it was 

concluded that by rejecting the null hypothesis there was a difference between the Business 

Analytics Capability and the Value and Competitive Advantage for mid-level professionals who 

do and do not utilize BIA and BD resources within higher education institutions.  It can be 
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observed that higher education institutions, no matter the type of institution (i.e., community 

college, four-year public, four-year private), can also expect that organizations where mid-level 

professionals who utilize BIA and BD tools would have more value and gain a competitive 

advantage than those who do not. 

The theoretical framework for this study was formulated around the Unified Theory of 

Acceptance and Use of Technology (UTAUT) and the Management Information Systems and 

Decision Support Systems Theories (MIS/DSS).  This foundational emphasis directly 

contributed to the environment where the higher education industry can embrace, integrate, and 

employ the tools highlighted in this study into the fabric of everyday decision-making.  

Additional benefits include organizations understanding their capability, which can ultimately 

have access to develop additional value and gain a competitive advantage over other institutions. 

Value and Competitive Advantage through the UTAUT Framework 

 This study’s conclusion that a strong relationship between institutions that embrace the 

use of BIA and BD tools agrees with the literature where predictions of human behavior exist to 

identify the readiness for individuals to understand, embrace, and adopt new technologies (Giang 

& Liaw, 2022; Venkatesh et al., 2003; Wedlock & Trahan, 2019).  This empirical study 

identified the significance of understanding the capability of higher education professionals to 

accept the use of and integration of analytical tools into their decision-making process with the 

goal of adding value and competitive advantage to the institutions that embrace this needed 

change.  In contrast, institutions that do not embrace these analytical tools have less of a chance 

to embrace a culture of performance expectancy, effort expectancy, social influence, and 

facilitating conditions.   

Higher education is a complex and vast industry consisting of people, culture, 
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technology, and is directed through governance.  These are all capability factors considered in 

the makeup of the overall business analytics capability and value and competitive advantage 

factors.  When an organization has a culture of exploring the use of BIA and BD analytics, 

individuals’ behaviors have the opportunity for buy-in.  They are connected to the level of 

readiness for analytical tools to be adopted and accepted, reducing barriers, and using data to 

help be more informed.  To be effective with technology, professionals must have buy-in have 

the necessary skills, self-efficacy, and readiness to enhance the understanding of data (Cardoso 

& Su, 2022; Venkatesh, 2022; Venkatesh et al., 2003).  As this study emphasized, utilizing and 

implementing technology like BIA and BD tools gives the advantage of predictive analytics, 

resources, and advantage when users' attitudes interactions and behaviors are accepting for the 

uses of technologies within the institution, leading to a more competitive advantage and valuable 

organization (Aydiner et al., 2019; H. S. Choi et al., 2021; Dubey et al., 2019a, 2019b; Hillman, 

2022; Venkatesh et al., 2003; Wedlock & Trahan, 2019; Xing & Wang, 2021).   

Overall Business Analytics Capability Through MIS/DSS Framework 

This study emphasized the feasibility of applying business analytical tools like BIA and 

BD resources by using them to breakdown and understand the abundance of data is consistent 

with what is in the literature regarding giving an institution the ability to leverage a competitive 

advantage and capability (H. Chen et al., 2012; B. Daniel, 2015; B. K. Daniel, 2019; Jha & Jha, 

2022; Reinitz et al., 2022).  In this study, institutions that utilize BIA and BD tools, no matter the 

institution type, can compete with organizations that give them better decision support, 

competitive advantage, and gain more insightful information for making more data-informed 

decisions (Arnott et al., 2017; Cardoso & Su, 2022; H. Chen et al., 2012; Jha & Jha, 2022; 

Phillips-Wren et al., 2021).  The decision-making foundation provides a more profound culture 
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of decision-making when informed using BIA and BD tools, as they can be employed to mine 

available data, similar to what businesses have been doing far before higher education (Arnott et 

al., 2017; B. K. Daniel, 2019).   

According to this study, it can be supported that across America, institutions of higher 

education should begin introducing and implementing BIA and BD approaches to specifically 

embrace the analytical approach to the directions and decisions of the institution.  Higher 

education continues to mature while many times gathering data without the plan and proper 

method to utilize these data, unlike other industry counterparts like business.  Practitioners and 

decision makers are realizing the value of implementing the process and ideas of business 

planning, analytics, and intelligence into the foundation of their business and organizational 

decisions.  Tasmin et al. (2022) stated it best when they depicted that the implementation of BIA 

and BD is at its infancy stage in each of the categories (universities), would be a game-changing 

initiative.   

The results from this study are further reinforced and help to fill the existing gap in the 

literature surrounding a missing element in higher education using available data to make 

operational and strategic business decisions (George et al., 2020).  This study focused on the fact 

that vast amounts of data are available, and this vital data will help reinforce the evidence-based 

decisions that can be made by mining the available data to make more informed decisions (Jha & 

Jha, 2022; D. Singh et al., 2021).  Decision-makers rely on accurate data to make proactive and 

effective short- and longer-term decisions.  This study advocated that the decision-makers in 

higher education, specifically community colleges, four-year public, and four-year private 

institutions, must be provided with the same tools and resources to make more data-informed 

decisions when taking risks (Parnell et al., 2018).  This research helped reinforce the idea that 
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organizations will gain a business intelligence capability, value, and competitive advantage over 

other institutions when employing these tools and resources.   

Additionally, this study concurs and is supported by the literature that it would be a 

missed opportunity and an inopportune mismanaged resource if BIA and BD tools and resources 

are not taken advantage of to provide more structure to the plethora of available data (Arnott et 

al., 2017; Davenport, 2014; Gagliardi et al., 2018; Gorry & Scott Morton, 1971; Jha & Jha, 2022; 

O’Neill & Brabazon, 2019; D. Singh et al., 2021).  Arnott et al. (2017) described why this may 

have occurred because of potential relative complications, mismanaged resources, or a complex 

organizational hierarchy.  BIA and BD tools provide an informative digital platform that 

initializes better decision algorithms that provide decision-makers with relative data to make 

foundational decisions for the organization, providing additional value.     

Implications 

This study revealed an implication for all mid-level professionals at institutions of higher 

education to employ Business Intelligence Analytics (BIA) and Big Data (BD) tools and provide 

institutions with business intelligence capability and value and competitive advantage.  Through 

the theoretical framework, these models aided in the discovery and implications of this study, 

where a call to action is emphasized for institutions to initiate.  If not already doing so, using 

these analytical tools, like BIA and BD, to mine the data within their existing warehouses and 

data lakes, which have a plethora of data waiting to be exercised and employed to deliver more 

prescriptive analytics and data-based services for higher education stakeholders, and most 

importantly, students (Davenport, 2014; Gagliardi et al., 2018).  The implications of this study 

are timely and have a significant impact to disrupt the entirety of the higher education industry 

positively.  This study reduced the gap between what was previously thought that higher 
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education could continue to survive as a successful organization without considering the business 

practice of using analytical tools like BIA and BD.  Implications also included helping 

organizations in higher education to understand their level of business intelligence capability and 

how the organization has gained value and a competitive advantage through their mid-level 

professionals who utilize these analytical resources and tools.      

Higher Education Impact 

 The charge of this study was the overall impact of BIA and BD tools and resources and 

the effect on the higher education industry.  All participants of this study were currently 

employed at an institution of higher education and ranged in many areas of responsibility.  The 

emphasis on the importance of higher education adopting the use of BIA and BD tools in this 

study is consistent with the literature that suggested that other sectors and organizations that have 

bought in and integrated these tools have had higher than anticipated outcomes (Salisu et al., 

2021).  De Oliveira et al. (2015), Mandinach and Schildkamp (2021), McAfee and Brynjolfsson 

(2012), and Tamm et al. (2021) emphasized that intuition based on experience has been the 

current practice of decision-makers in higher education.  Therefore, there is a precedence and 

standing tradition that this is how decisions are to continue.  This study sought to dismantle this 

practice and precedence to futureproof the profession of higher education, specifically mid-level 

professionals. 

Reviewing the literature provided insight into emphasizing the necessity and importance 

of being an effective organization through the maturation of the capability and readiness of mid-

level professionals to embrace analyzing the available data to make more informed decisions.  

Where mid-level professionals are not in a decision-making role, effectively analyzing the data 

provides a more advanced reporting ability to prepare decision-makers to be more informed.  As 
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an industry, higher education has long pursued acceptance for the use of data but has continually 

been a vitally missing element for many institutions.  Higher education needs to incorporate 

within the organization's framework an embrace digital transformation to improve the systems, 

techniques, and methods used to analyze these data.  This study additionally raises awareness for 

higher education professionals that there are factors that influence the viability, value, and 

competitive advantage of institutions of higher education that acknowledge the necessary use of 

data.  This use of data is more profound than simple enrollment or classroom attendance level 

data.  When analyzing data, it can become a best practice in higher education to be even more 

informed on what students are going to be doing, by proactively understanding patterns and 

intricacies of the students.  This upper hand of information will lead to the value and competitive 

advantage for one institution over the other when understanding and utilizing their business 

intelligence capability through tools like BIA and BD.       

This study identified that it does not matter the type of institution for a more competitive 

advantage (see Table 8 and Table 9), but it does matter when institutions begin to exemplify the 

tools available to analyze their existing data within a framework where data is available and 

organized for strategic decision making and business operations, will gain insight into increasing 

the capability, value, and competitive advantage over other institutions that are not embracing 

this digital transformation.  Musa et al. (2021) emphasized that implementing analytical tools is 

complex, challenging, risky, and has drawbacks.  While difficult to ascertain, this study 

highlighted that these negatives outweigh the positives regarding gaining value and a competitive 

advantage in an incredibly competitive industry.  The number of higher education institutions 

that have already taken the dive and successfully implemented these tools may be few.  Still, the 

benefits continue to be validated by the findings from this study, among others.  This study also 
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considered the literature that some institutions are successfully taking steps to incorporate the use 

of these analytical tools and have seen significant benefits.  Institutions are more likely to be 

effective when they turn to understanding the importance of predicting, formulating, and making 

decision processes around the utilization of data.  This allows the institution where the reader of 

this dissertation is employed, consults for, or is connected to have an even larger competitive 

advantage by understanding that now is the time to move on to identifying ways to utilize the 

data better to be more proactive for using the well-managed resources and not missing a prime 

opportunity to take part of the Analytics Revolution (Gagliardi et al., 2018; T. R. Shah, 2022).   

Words of Caution for Higher Education Decision Makers and Practitioners 

Utilizing BIA and BD tools and resources poses unique challenges and benefits for all 

domains.  No matter the institution or organization, there are some precautions that decision-

makers and leaders should be aware of when implementing BIA and BD resources.  Collecting 

and using digital student data requires formidable levels of security, controlled access, and data 

governance, which are vital elements to using BIA and BD tools.  Davenport (2014), Paradza 

and Daramola (2021), and D. Singh et al. (2021) stressed that organizations need to consider the 

foundational elements, methodologies, and training for individuals around data management, 

governance, and security when using BIA and BD resources for data analysis.   

At the forefront of technological methodologies should be the privacy and security of the 

data being collected and understanding where they are stored.  These elements and a cohesive 

strategy of using BIA and BD, are critical to avoid a competitive disadvantage.  A competitive 

disadvantage could result from data exposure through data breaches, improper security access 

controls, and potential ransomware or hacking attacks on unsecured data.  When human capital is 

involved, there is a level of understanding, experience, and expertise when gathering and 
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utilizing the data for effective decisions (Paradza & Daramola, 2021).  The context of employing 

elements of training, governance, security, and data controls is critical as organizations continue 

to scale, modernize, and establish a culture of digital transformation (Carvalho et al., 2020; 

O’Brien, 2022). 

Impact on Mid-Level Professionals 

 All participants identified in this study were in a role within an institution of higher 

education as mid-level professionals across all types of age demographics, types of institutions, 

and areas of responsibility.  This study is highlighted as empirical as it emphasized an 

understanding of the sentiment of using BIA and BD tools and resources for mid-level 

professionals in higher education.  As an influential part of many institutions, the mid-level 

manager can use their position to influence as they can lead both up and down the organization 

through the positive connection to decision-makers, who can be significant champions for 

building the culture of data literacy and making strategic data-informed decisions and ensure 

viability of the profession and their organization (Arnott et al., 2017; Clune-Kneuer et al., 2021; 

Davenport, 2014, 2018, 2020; Walls & Barnard, 2020).   

As mid-level or non-executive managers utilize analytics, senior management will likely 

be interested in utilizing these data asset strategies (O’Neill & Brabazon, 2019).  As mid-level 

professionals look to maximize the value of the data, it is the proper understanding of the data 

that can add to the value for the organization.  Further, these professionals look to become more 

analytically mature, building upon the business intelligence capabilities the institution will 

become more analytically mature, as they are better prepared for drastic changes in students and 

have a better foundation to make effective and efficient decisions (Coleman et al., 2016; V. 

Kumar & Chadha, 2011; Romero & Ventura, 2010).  No more should data be used only to be 
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reported for compliance but produce analyzed data to present or use for making data-informed 

decisions. 

Limitations 

There are various limitations to this study utilizing the quantitative cross-sectional study 

approach.  Using surveys has disadvantages as it generalizes the population and limits 

respondents to those in the surveyed population (Gall et al., 2007).  Additionally, there are 

various time constraints when utilizing survey research, as it takes time to administer and receive 

responses from participants and must be highly salient to the population.  The reluctance and 

incapacity of participants to provide honest and accurate responses were challenging and limited 

the number of survey respondents.  This study was limited based on the respondents placed into 

categories of institutional type.  This study requires a more diverse pool of higher education 

professional respondents to provide a broader perspective of these components of the utilization 

of analytics in higher education.  Quinn (2016) and Molina (2019) emphasized that the survey 

Likert-scale questions also have the potential for central tendency bias, which may influence the 

data and deliver extreme responses.  However, both authors did not include the updated DELTA 

Plus model element of the analytical techniques added as an additional factor in 2017 

(Davenport, 2018). 

Trust, honesty, and ethics were considered critical elements, assumptions, and 

requirements in this study.  The respondents were volunteers of their own free will and 

participants were not incentivized to respond to each survey instrument more than once.  There 

was no added pressure to complete or participate in the survey, as all respondents maintained 

anonymity and confidentiality and participants were not provided with additional perspectives.  

The researcher does not control the survey respondents, as the request is broad across the 
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institutions within the Midwest as a convenience sample.  In practice, the level of training, 

education, experience, and perceived capability of business intelligence and analytical tools may 

influence their trust in the use of BIA and BD technology and tools.  The perceived capability is 

an important dimension and can be further investigated using analytics maturity models and 

assessments that were out of the scope of this dissertation.  The data collected through the survey 

could have been problematic, based on the participants’ knowledge, education, and training, in 

providing accurate information in their responses.  For some participants the definitions may 

have been interpreted differently than others and found it challenging to understand the survey 

questions.   

Recommendations for Future Research 

 Based on this empirical research, review of the literature, and data analysis, there are 

several opportunities for future studies to build upon this study.  First, this study was focused on 

participants who were explicitly mid-level higher education professionals.  O’Neill and Brabazon 

(2019) researched top CEOs of business organizations.  They emphasized future research to 

observe the correlation between business intelligence capability, value and competitive 

advantage over time for more organizational members.  The recommendation would be to 

compare and contrast the makeup of an institution from new professionals to more senior 

administrators and beyond.  Expanding the sample populations would be a more considerable 

method to compare in-between subjects within an institution.   

Second, recommendations for future research would be to test and refine the relevance of 

Business Analytics in practice and the relationship between the organization’s value and 

competitive advantage, and capability levels (O’Neill & Brabazon, 2019).  This recommendation 

is true for understanding the success between institutions that have implemented BIA and BD 
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tools and how this institution is shaped on more of a macro level or across the higher education 

industry.  A more thorough review of the levels of effective organizations by gaining knowledge 

of the maturing, capability, and readiness of organizations.  Therefore, future research will 

further define the context for how impactful the capability, value and competitive advantage of 

institutions within the industry. 

Third, this study may be replicated and analyzed using the different populations to better 

understand the different confidence in using BIA and BD tools and their relationship with the 

business intelligence capability, value and competitive advantage of other organizations and 

industries.  Further research using this study at a different time may also give different outcomes 

that increase the comprehension of the importance of initiative-taking in the design, 

development, implementation, and evaluation of data analytics. 

Finally, a mixed method or qualitative research should be conducted to gain a more 

comprehensive understanding of professionals’ perspectives, comfort, confidence, and 

competence of professionals.  A more exhaustive approach is required to further understand the 

viability of utilizing analytical tools to analyze data within higher education and better 

understand the level of comfort for professionals utilizing practical analytical tools to gain more 

organizational value and more of a competitive advantage. 
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APPENDIX A 

Business Analytics Capability Assessment 

Sourced from O’Neill and Brabazon (2019) 

Business analytics capability organizational value and competitive advantage. Journal of 

Business Analytics, 2(2), 160-173. https://doi.org/10.1080/2573234X.2019.1649991 

Permission for use of this survey was received (See Appendix B)  

 

ELECTRONIC CONSENT: Please select your choice below. 

Clicking on the "agree" button below indicates that: 

• you have read the above information 

• you voluntarily agree to participate 

• you are at least 18 years of age 

 

If you do not wish to participate in the research study, please decline participation by clicking on 

the "disagree" button. 

o Agree 

o Disagree 

Q1 Are you in a mid-level leadership position (i.e., Non-Senior Student Affairs Officer Associate 

Vice Chancellor, Associate Vice-Presidents, Dean, Manager, Director) within your institution of 

higher education? 

o Yes 

o No 

o Other 

o If you selected ‘Other’ for the above question, please identify here: ______________ 

Q2 Institutional Area 

o Academic Affairs 

o Information Technology 

o Student Affairs 

o Research 
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o Advancement/Foundation 

o Legal Affairs 

o Health Sciences 

o Administrative Office 

o Other 

If you selected ‘Other’ for the above question, please identify here: ______________ 

Q3 Your current institution can best be described as: 

o Community College 

o Public four-year institution 

o Private four-year institution 

Q4 How many years of full-time Higher Education experience do you have? _________ 

Q5 Do you utilize Business Intelligence Analytics and/or Big Data in your current role? 

o Yes 

o No 

o Unsure 

A.1. Governance Questions (Please read each item carefully and choose the answer that best 

represents your opinion) 

 Disagree 

strongly 

Disagree 

somewhat 

Neither 

agree or 

disagree 

Agree 

somewhat 

Agree 

strongly 

G0 There are clearly 

identified individuals in 

our organization who are 

responsible for making 

decisions in relation to 

the planning, 

implementation and 

application of Business 

Analytics. 

О О О О О 
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G1 There are clearly 

defined individuals who 

will provide input into 

decisions in relation to 

the planning, 

implementation and 

application of Business 

Analytics. 

О О О О О 

G3 What best describes 

the role of data and 

analytics in the business 

strategy in your 

organisation? (select 

from the following) 

 

 

No analytics 

vision or 

strategy 

exists at this 

time. 

О 

Some analytics 

strategy exists 

for functions or 

lines of 

business. 

О 

Analytics 

strategy is 

established 

for the 

enterprise, 

but not fully 

aligned 

across the 

business. О 

Analytics 

strategy is 

established 

and starting to 

be 

viewed as a 

key strategic 

priority. 

О 

Analytics 

strategy is well 

established 

and central to 

the overall 

business 

strategy. 

О 

G4 We prioritise our 

analytics efforts to high-

value opportunities to 

differentiate us from our 

competitors.. 

О О О О О 

 

G5 Our process for 

prioritising and deploying 

our data 

assets (data, people, 

software, hardware) is 

directed and reviewed by 

senior management. 

О О О О О 

 

G6 Our senior executives 

regularly consider the 

opportunities 

that data and analytics 

might bring to our 

business. 

О О О О О 

 

G7 We consider new 

products and services 

based on data as an 

aspect of our innovation 

process. 

О О О О О 



156 
 

 
 

 

G8 We regularly conduct 

data-driven experiments 

to gather 

data on what works and 

what does not in our 

business. 

О О О О О 

 

G9 We evaluate our 

existing decisions 

supported by analytics 

and data to assess 

whether new, 

unstructured 

data sources could 

provide better models. 

О О О О О 

 

G10 We identify internal 

opportunities for data and 

analytics by evaluating 

our processes, strategies 

and marketplace. 

О О О О О 

 

G11 We have the ability 

to reconfigure and 

leverage the 

organisations Business 

Analytics resources and 

capabilities 

in order to respond to 

changes in the business 

environment in a timely 

and efficient manner. 

О О О О О 

G12 We have the ability 

to manage human, 

technological 

and process impacts 

across the organisation 

arising from Business 

Analytics initiatives. 

О О О О О 

 

A.2. Culture Questions (Please read each item carefully and choose the answer that best 

represents your opinion) 

 Disagree 

strongly 

Disagree 

somewhat 

Neither 

agree or 

disagree 

Agree 

somewhat 

Agree 

strongly 
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C0 Senior executives in 

our organisation utilise 

data and analytics to 

guide both strategic and 

tactical decisions. 

О О О О О 

C1 Non-executive level 

managers in our 

organisation utilise data 

and analytics to guide 

their decisions. 

О О О О О 

C2 Users, decision-

makers, and product 

developers trust the 

quality of our data. 

О О О О О 

C3 Which best describes 

your organisation’s 

current status regarding 

the organisation and 

governance of data 

analytics? 

 

No 

organisation 

exists for 

data 

analytics. 

О 

Some informal 

data analytics 

groups exist in 

departments or 

lines of 

business. 

О 

Data and 

analytics 

groups are 

well 

established in 

departments or 

lines of 

business. 

О 

Enterprise-

level data and 

analytics 

groups are 

emerging. 

О 

Enterprise, 

department 

and lines-of-

business data 

and analytics 

groups exist 

and are well-

aligned 

О 

C4 Your organisation is 

effective at implementing 

test and learn processes 

that then impact analytics 

models and suggested 

actions? 

О О О О О 

C5 We use consistent 

methods/approaches for 

data and analytics 

initiative design (projects 

targeting a specific use 

case)? 

 

О О О О О 

C6 Our senior executives 

challenge business unit 

and functional leaders to 

incorporate data and 

analytics into their 

decision-making and 

business processes. 

 

О О О О О 
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C7 Our organisation's 

management ensures that 

business units and 

functions collaborate to 

determine data and 

analytics priorities for the 

organisation. 

 

О О О О О 

C8 We structure our data 

scientists and analytical 

professionals to enable 

learning and capabilities 

sharing across the 

organisation. 

 

О О О О О 

C9 Our data and 

analytics initiatives and 

infrastructure receive 

adequate funding and 

other resources to build 

the capabilities we need. 

О О О О О 

 

C10 We collaborate with 

channel partners, 

customers and other 

members of our business 

ecosystem to share data 

content and applications. 

О О О О О 

 

A.3. Technology Questions (Please read each item carefully and choose the answer that best 

represents your opinion) 

 Disagree 

strongly 

Disagree 

somewhat 

Neither 

agree or 

disagree 

Agree 

somewhat 

Agree 

strongly 

T0 We have access to very 

large, unstructured, or fast-

moving data for analysis. 

О О О О О 

T1 We integrate data from 

multiple internal sources 

into a data (or warehouse) 

lake for easy access. 

О О О О О 
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T2 We integrate external 

data with internal to 

facilitate high-value 

analysis of our business 

environment. 

О О О О О 

T3 How does our 

organisation factor data 

privacy into a new 

initiative’s design? 

Data 

privacy 

generally 

does not 

apply to us. 

О 

We consider all 

legal, 

regulatory, and 

compliance 

considerations. 

О 

We rely on 

corporate 

policies 

that often 

go above 

what is 

required. 

О 

In addition to 

the above, we 

consider what 

we have brand 

permission 

from our 

customers to 

do with their 

data. 

О 

In addition to 

the above, we 

create 

incentive 

mechanisms 

that allow us to 

share value 

(pricing, 

service levels, 

etc.) with our 

customers for 

use of their 

data. 

О 

T4 We maintain consistent 

definitions and standards 

across the data we use for 

analysis. 

 

О О О О О 

T5 We have explored or 

adopted parallel/distributed 

computing, and/or cloud-

based services approaches 

to data management and 

processing. 

О О О О О 

T6 We employ a 

combination of big data 

and traditional analytics 

approaches to achieve our 

organisations' goals. 

 

О О О О О 

T7 We have seamless 

integration of Business 

Analytics systems with 

operational/transactional 

systems to exploit the 

capabilities of both. 

О О О О О 

T8 We are adept at using 

data visualisation to 

illuminate a business issue 

or decision. 

О О О О О 
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T7 We have seamless 

integration of Business 

Analytics systems with 

operational/transactional 

systems to exploit the 

capabilities of both. 

О О О О О 

T9 We have explored or 

adopted open-source 

software for analytics. 

О О О О О 

T10 We have explored or 

adopted tools to process 

unstructured data such as 

text, video or images. 

О О О О О 

T11 We have the ability to 

develop and utilise self-

service analysis 

applications (e.g., reports, 

dashboards, scorecards, 

and data visualisation 

technology) 

О О О О О 

 

A.4. People Questions (Please read each item carefully and choose the answer that best 

represents your opinion) 

 Disagree 

strongly 

Disagree 

somewhat 

Neither 

agree or 

disagree 

Agree 

somewhat 

Agree 

strongly 

P0 We have a sufficient number 

of capable data scientists and 

analytics professionals to achieve 

our analytical objectives. 

О О О О О 

P1 Our data scientists and 

analytics professionals act as 

trusted consultants to our senior 

executives on key decisions and 

data-driven innovation. 

О О О О О 
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P2 Our data scientists, 

quantitative analysts, and data 

management professionals operate 

effectively in teams to address 

data and analytics projects. 

О О О О О 

 

P3 Our data scientists and 

analytics professionals understand 

the business disciplines and 

processes to which data and 

analytics are being applied. 

 

О О О О О 

P4 We have programs (either 

internal or in partnership with 

external organisations) to develop 

data science analytical skills in 

our employees. 

О О О О О 

P6 Our Managers have the skills 

and knowledge to prioritise and 

manage Business Analytics 

projects. 

О О О О О 

P7 Our Managers have the skills 

and knowledge to translate, 

communicate and sell the 

potential values and benefits of 

Business Analytics to Senior 

Executives. 

О О О О О 

P8 Our Managers have the skills 

and knowledge to manage new 

innovation as a separate activity to 

continuous improvement. 

 

О О О О О 

P9 Our organisation has an 

entrepreneurial mindset and 

vision, with the ability to 

rationally assess risk and benefits, 

and have a degree of freedom to 

pursue value-creating actions. 

О О О О О 

 

A.5. Value & Competitive Advantage Questions (Please read each item carefully and choose 

the answer that best represents your opinion) 
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 Disagree 

strongly 

Disagree 

somewhat 

Neither 

agree or 

disagree 

Agree 

somewhat 

Agree 

strongly 

VCA0 Our 

organisation has 

the ability to apply 

and interpret data 

in a manner which 

meaningfully 

influences our 

business. 

О О О О О 

 

VCA1 How would 

you describe your 

current state of 

competitive ability 

in data and 

analytics? 

We are well 

behind our 

competitors. 

О 

We are behind 

in some areas. 

О 

We are 

generally at 

parity with 

competitors. 

О 

We are ahead in 

most areas. 

О 

We are market 

leading. 

О 

 

VCA2 Our 

organisation has 

monetised data as 

a result of our 

investment and 

activities in 

Business 

Analytics. 

О О О О О 

VCA3 We have 

transformed our 

organisations 

business model as 

a result of our 

investment and 

activities in 

Business 

Analytics. 

О О О О О 

VCA4 Which best 

describes how 

value is measured 

when  

demonstrating the 

impact of data 

analytics on your 

organisation? 

No visibility 

into the value 

created from 

analytics 

initiatives. 

О 

Definition of 

business 

outcomes is 

typically 

established 

upfront, but 

measurement is 

often difficult. 

О 

Performance of 

analytics is 

measured and 

managed, but 

inconsistent 

across functions 

and lines of 

business. 

О 

Performance of 

analytics is 

managed 

consistently 

globally using a 

well-defined set 

of financial and 

non-financial 

measures. 

О 

Analytics 

initiatives are 

managed as a 

portfolio with 

risk-weighted 

value 

assessments 

impacting 

resource 

allocation 

decisions. 

О 
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Question After Survey is submitted: 

If you wish, please e-mail XXXXX@liberty.edu to request a copy of this research study results 

after completion.  
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APPENDIX C 

Email Requesting Participants 

 

Dear XXXXXX,  

I am Richard Monroe, a graduate student at Liberty University working on my Ph.D. in 

instructional design and technology.  I invite you to participate in a research study entitled: 

[Working title] Leveraging the analytical capabilities and the value and competitive advantages 

of mid-level professionals to understand the impact of Business Intelligence Analytics and Big 

Data within Higher Education.  We know that we have a plethora of data within higher 

education that goes unutilized daily.  Research has informed us that if we could tap into these 

data utilizing Business Intelligence, Analytics (BIA), and Big Data (BD) tools, we can better 

prepare our institutions for sustainability and have more impact on our business decisions.  This 

research determines the readiness of mid-level professionals to utilize these data within our 

various environments. 

I would greatly appreciate the opportunity to obtain your insight in a brief online survey about 

this critical topic of business intelligence capability, value, and competitive advantage in Higher 

Education.  The survey should not take more than 30 minutes of your time, and all answers will 

remain anonymous and confidential.  

 

PARTICIPATION 

Participation in this study is voluntary, and your decision whether or not to participate will not 

affect your relationship with the researcher or the institution.  All data collected for this study 

will become the property of the researcher and Liberty University for at least five years 

following the conclusion of this study.  Data will be handled according to the guidelines 
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specified by the American Psychological Association.  Although all possible safeguards will be 

used to protect your anonymity, the potential for complete anonymity may be a risk in some 

situations.  The use of pseudonyms will protect your identity from any outside information.   

 

BENEFITS 

You will receive no direct benefits from participating in this study.  If you wish, you may request 

a copy of the results of this research study by writing to the researcher Richard Monroe, 

XXXXX@liberty.edu, or by including your interest following completion of the survey by 

providing your contact information.  This contact information will not be connected to your 

survey responses and will remain confidential and anonymous to anyone outside the researcher 

and the dissertation review committee.  

 

RISKS 

There are no known risks to participating in this study beyond those encountered in everyday life 

and all types of surveys.     

 

CONFIDENTIALITY 

All survey responses are sent to Qualtrics.com, where data will be stored in password-protected 

electronic format only accessible to the researcher.  This study does not collect personally 

identifiable information such as your name, email address, or internet protocol (IP) address.  

Your responses will remain anonymous.  Your answers will not be identifiable with you or your 

identity. 
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At the end of the Big Data Readiness Assessment Survey, you may provide your contact 

information if you want to receive a copy of the survey results.  Once again, all responses to this 

survey will remain confidential. 

 

STEP 1:  

• Click here for the Big Data Readiness Assessment Survey. Or copy and paste the 

following link into your internet browser (Link will be provided to Qualtrics)  

a. Please include your name and contact information on the form that will be 

seen after you complete the survey if you would like to receive a copy of the 

final analysis. 

STEP 2:  

• Complete the survey by Month XX, 20XX. 

CONTACT 

If you have any questions or concerns, please contact me directly or my dissertation research 

chair, Professor Dr. Benny Fong, via email XXXXX@liberty.edu.  You can contact me at 

XXXXX@liberty.edu 
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APPENDIX D 

Liberty University Institutional Review Board Approval 

 

 

 
 

 

March 23, 2023 

 

Richard Monroe 

Hoiwah Benny Fong 

 

Re: IRB Exemption - IRB-FY22-23-823 Leveraging the Analytical Capabilities and the Value 

and Competitive Advantages of Mid-Level Professionals to Understand the Impact of Business 

Intelligence Analytics and Big Data within Higher Education 

 

Dear Richard Monroe, Hoiwah Benny Fong, 

 

The Liberty University Institutional Review Board (IRB) has reviewed your application in 

accordance with the Office for Human Research Protections (OHRP) and Food and Drug 

Administration (FDA) regulations and finds your study to be exempt from further IRB review. 

This means you may begin your research with the data safeguarding methods mentioned in your 

approved application, and no further IRB oversight is required. 

 

Your study falls under the following exemption category, which identifies specific situations in 

which human participants research is exempt from the policy set forth in 45 CFR 46:104(d): 

 

Category 2.(i). Research that only includes interactions involving educational tests (cognitive, 

diagnostic, aptitude, achievement), survey procedures, interview procedures, or observation of 

public behavior (including visual or auditory recording). 

The information obtained is recorded by the investigator in such a manner that the identity of the 

human subjects cannot readily be ascertained, directly or through identifiers linked to the 

subjects. 

 

Your stamped consent form(s) and final versions of your study documents can be found under 

the Attachments tab within the Submission Details section of your study on Cayuse IRB. Your 

stamped consent form(s) should be copied and used to gain the consent of your research 

participants. If you plan to provide your consent information electronically, the contents of the 

attached consent document(s) should be made available without alteration. 

 

Please note that this exemption only applies to your current research application, and any 

modifications to your protocol must be reported to the Liberty University IRB for verification of 
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continued exemption status. You may report these changes by completing a modification 

submission through your Cayuse IRB account. 

 

If you have any questions about this exemption or need assistance in determining whether 

possible modifications to your protocol would change your exemption status, please email us at 

XXXXX@liberty.edu. 

 

Sincerely, 

G. Michele Baker, MA, CIP 

Administrative Chair of Institutional Research 

Research Ethics Office 
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APPENDIX E 

Metropolitan Community College Institutional Review Board Approval 

 

 

 

 

 

 

 

 

Octtober 15, 2023 

 

 

Dear Richard, 

 

This is regarding MCC IRB Letter of Approval for the project, “Leveraging the analytical 

capabilities and the value and competitive advantages of mid-level professionals to understand 

the impact of Business Intelligence Analytics and Big Data within Higher Education.”  The 

primary investigator is Richard Monroe, a doctoral student at Liberty University. The purpose of 

the study aims to determine the readiness of mid-level professionals to utilize business 

intelligence analytical tools to understand how to utilize data within our various environments.  

 

Full approval is granted to administer the Liberty University IRB approved online survey at 

MCC to the specified population below.  

The following data is being provided by the MCC - Office of Institutional Research & Analytics: 

• List of mid-level MCC employees with corresponding MCC work email addresses. 

 

Appropriate measures of research methods and data confidentiality will be maintained. 

Modifications to the study may affect approval status and must be submitted for review and 

approval before implementing changes. 

 

Please feel free to contact me if you have any further questions or concerns at 816-604-1492 or 

melissa.giese@mcckc.edu. 

 

Sincerely, 

 

Melissa Giese 

Executive Director of Institutional Research & Analytics 

Chair of Institutional Review Board 
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APPENDIX F 

East Mississippi Community College Institutional Review Board Approval 
 

 

Golden Triangle 
P.O.  Box 100 | Mayhew, MS 39753 

662.243.1900 

 

 

 

 

 18 April 2023 

 

 Dear Richard Monroe, 

 

Based on my review of your research proposal, I give permission for you to 

conduct the study of the readiness of mid-level professionals to utilize 

business intelligence analytical tools to understand how to utilize data within 

various environments within East Mississippi Community College. As part 

of this study, I authorize you to invite those you have identified as mid-level 

professional staff to participate in an online survey. Per your request, I will 

supply you with additional names and email addresses of other mid-level 

professional staff for you to contact.  

EMCC reserves the right to withdraw from the study at any time if our 

circumstances change. 

EMCC requires that the data collected will remain entirely confidential and 

may not be provided to anyone without permission. Additionally, we require 

that you not use the name of East Mississippi Community College, its 

students, faculty, or staff in reference to specific data, either positive or 

negative, when findings are presented or published. Finally, we require that 

you inform EMCC when the research is complete and provide EMCC a copy 

of the results of the study.  

I confirm that I am authorized to approve research in this setting and that this 

plan complies with the organization’s policies. 

 Sincerely, 

 Laura Damm 

 Director of Planning, Research, and Grants 

 XXXXX@eastms.edu 

mailto:XXXXX@eastms.edu

