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ABSTRACT 

This study explores the question, How are individual adoption and organizational 

implementation of innovations in higher education related to the context of the 

organization, the characteristics of the innovation, and the attitudes of adopters? The 

study uses data collected from a survey of deans and department chairs from U.S. higher 

education institutions to examine the implementation of data analytics, or the extensive 

use of data, statistical analysis, data mining and modeling to drive organizational 

decisions, as an example of an organizational innovation. The findings indicate that 

individual adoption is associated with the adopter’s perception of the usefulness of data 

analytics in practice and its legitimacy in solving organizational challenges. The 

usefulness of data analytics is related to the innovation characteristics of usability and 

functionality, which are in turn related to an organizational context that includes 

institutional and professional support for adoption, academic leaders engaged in 

implementation, data and information integrated into existing operations, and an 

organizational culture that is data-driven. Legitimacy is related to the functionality of 

data analytics and the existence of a data-driven culture but also the discipline of the 

adopter and institution type. The findings also indicate that organizational 

implementation of data analytics is associated with the alignment of data analytics to its 

organizational culture, the pressure exerted by the external environment, and the 

organization’s dissatisfaction with current external methods or practices in use.  
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CHAPTER ONE 

INTRODUCTION 

Data analytics has received significant attention over the last few years for its 

potential to enhance the productivity and success of higher education organizations. Data 

analytics is the extensive use of data, statistical analysis, and modeling to drive 

organizational decisions and actions (Davenport & Harris, 2007). Proponents contend 

that it has the potential to answer the increasing calls for accountability from those 

outside of the academy, improve student learning and success, reduce costs, improve 

effectiveness, and promote the innovation of individual institutions and the higher 

education industry (Grajek, 2011; Petersen, 2012; Rampell, 2008). Some have even 

called analytics the killer app or the universal decoder for education reform (Baer, 2011).   

Within higher education, information technology professionals have taken the 

lead in developing analytic capabilities at their institutions and have written on its 

implementation and future possibilities. EDUCAUSE, an organization for information 

technology professionals in higher education, named data analytics one of its top three 

strategic initiatives (www.educause.edu). The 2012 Horizon Report, a joint publication of 

EDCAUSE and the New Media Consortium, has identified “learning analytics” as one of 

the six technologies to watch, with a “time-to-adoption” horizon of the next two years 

(Johnson & Cummins, 2012).  

Articles on analytics have been appearing with increasing regularity in higher 

education publications (Kolowich, 2012; Watters, 2011) but are largely limited to essays 

about the importance and opportunity of data analytics (Campbell, et al., 2007; Norris, et 

al., 2008; Oblinger, 2012) and self-reported case studies of applications of data analytics 

http://www.educause.edu/
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at a single institution (Cepull et al., 2012; Hrabowski et al., 2011; Wishon & Rome, 

2012).   

Within the current discussion, critics warn that data analytics is merely a 

bureaucratic intrusion upon institutional autonomy (Bollier, 2010; Petersen, 2012). They 

argue that data analysis is not new and that colleges and universities have been engaged 

in the collecting and reporting of data for years (Oblinger, 2012). Proponents counter that 

data analytics is different from data analysis and requires a shift of focus from applying  

analytical methods to solve individual problems to a broader view of developing 

analytical solutions characterized by the integrated use of data, processes, and systems 

(Liberatore & Luo, 2011). Freeman Hrabowski, president of University of Maryland, 

Baltimore County, states that in order to “address societal imperatives, higher education 

must begin by transforming its own culture, which is reflected in the questions we ask 

(and those we don’t), the achievements we measure and highlight (and those we ignore), 

and the initiatives we support (or don’t support)” (Hrabowski, et al., 2011, p16), and he 

sees data analytics as central to the transformation. It may be that data analytics 

represents a progression of the use of data in the management of higher education 

organizations – moving from the cataloging and reporting of historical data as 

institutional research to more dynamic and predictive modeling techniques that inform 

real-time decision making.    

The interest in data analytics is well founded. Though data on the impact of 

analytics on higher education organizations are not available, a study of large 

corporations in the U.S. found that high-performing businesses are five times more likely 

to use analytics strategically than low-performing businesses (Davenport & Harris, 2007). 
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A recent study by McKinsey Global Institute found that U.S. health care could derive 

more than $300 billion in value every year from data analytics, two-thirds of which 

would be in the form of reducing national health care expenditures by about eight 

percent. They also estimate that in the developed economies of Europe, government 

administration could save more than $149 billion in operational efficiency improvements 

(Manyika, et al., 2011). Yet with all the interest in data analytics, it is not clear that all 

organizations have an existing practice of data-driven decision-making. One study found 

that 40 percent of major decisions in U.S. businesses are based not on facts but on a 

manager’s instinct (Davenport & Harris, 2007). According to a survey by Inside Higher 

Education, only 36 percent of presidents, 31 percent of provosts, and 39 percent of 

financial officers said that their institutions were “very effective” at using data to aid and 

inform campus decision-making (Green, 2012). 

Within higher education, there is little agreement on what data analytics is, and it 

appears that limited progress has been made in implementation. In 2005 and again in 

2012, the EDUCAUSE Center for Applied Research (ECAR) surveyed chief information 

officers at institutions of higher education across the U.S. in an attempt to understand the 

state of the industry, highlight institutions that have made progress on analytics, and 

provide an overview of the opportunities for and challenges of implementing a data 

analytics program (Bichsel, 2012; Goldstein & Katz, 2005). The results indicate that, 

over the seven years between surveys, some movement has been made on expanding 

technology infrastructure to support data analytics and there has been a small increase in 

the percentage of institutions engaged in analytics efforts. At the same time, data 

analytics remains largely limited to the functional areas of admissions and enrollment 
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management, business and finance, and student progression, with little movement into the 

core academic functions of student learning, faculty productivity, cost to degree, and 

research administration. Even as the data analytics literature outside of higher education 

calls for the engagement of the business owner and sponsorship separate from the 

information technology (IT) area as critical to success (Davenport & Harris, 2010; 

Redman, 2008), nationally in higher education, the IT function is still leading analytics 

efforts, and the attitudes of information technology leaders are still primarily informing 

the conversation about future development. In addition, academic leaders lag behind 

others in their organizations in use. In the 2005 EDUCAUSE survey, respondents 

reported that the least active analytics users were department chairs and their staffs (8 

percent), deans and their staffs (15 percent), central research administration (3 percent), 

and central human resources (10 percent).  The most active users were central 

business/finance (67 percent), admissions/ enrollment management (63 percent), and 

institutional research (57 percent) (Goldstein & Katz, 2005). 

The results of the 2005 EDUCAUSE study are consistent with findings from the 

McKinsey Global Institute that looked at the potential for data analytics and big data to 

have positive impacts on productivity, competition, and innovation across different 

industries (Manyika, et al., 2011). They found that, while all sectors will have to 

overcome barriers to capture value from the use of big data, barriers are structurally 

higher for the public sector, including education, in part because of a lack of a data-

driven mind-set and available data (Manyika, et al., 2011).  

An important question then is, Why is the educational sector struggling to 

capitalize on data analytics and what could be done to improve the success and scope of 
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data analytics in the future? EDUCAUSE identified a lack of investment and not enough 

analysts to do the work as the primary challenges to implementing data analytics 

(Bichsel, 2012). The McKinsey Group found that the educational sector is in the bottom 

quintile in IT investment, and all industries struggle to attract top analytical talent. They 

specifically called out the lack of data on critical operational processes and a lack of data-

driven decision-making as being the substantial barriers to be overcome (Manyika, et al., 

2011). The 2012 EDUCAUSE study agrees that an institutional culture in which 

administrators, faculty, and staff have a fear or mistrust of data, measurement and change 

can be a barrier to a successful analytics program (Bichsel, 2012).  

A review of research on colleges and universities as organizations indicates that 

there may be more complex organizational, cultural, and political reasons for the lack of 

use of academic analytics in higher education, and until these issues are addressed in the 

approach, design, and functioning of data analytics systems, the promise of data analytics 

may be beyond what it can actually deliver. As individuals with substantial understanding 

of educational processes and operational decisions within higher education organizations, 

academic leaders (deans and department chairs) have been surprisingly silent on the role 

of data analytics in higher education organizations, including the questions we ask, the 

achievements we measure and highlight, and the initiatives we support. This study 

engages academic leaders, who are at the center of academic and student-learning 

processes, to understand their attitudes toward data analytics and to understand if and 

how their engagement in data analytics improves development, use, and implementation 

success.  
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Background 

The adoption and expansion of data analytics at colleges and universities can be 

viewed through the lens of theories on innovation diffusion. Colleges and universities 

face complex challenges to implementing and sustaining innovations because of their 

approach to organizing their work, resulting in failure more often than success (Bidwell, 

2001; Zemsky, 2009).  

An organization’s framing of opportunities and challenges and the identification 

of a possible solutions or innovations is influenced by the structures, people, power, and 

culture of an organization (Bolman & Deal, 2008). A number of variables influence the 

process by which innovations are implemented successfully, including the characteristics 

of the organization and its professional staff, the nature of the innovation, and the 

external environment in which the innovation and organization exist. Significant research 

has occurred in the area of innovation, including the identification of variables that 

influence organizational innovativeness and innovation diffusion and descriptions of the 

process that appears to impact successful implementation. The development of an 

innovation-implementation model that speaks directly to the process within higher 

education organizations has the potential to inform the approach to implementing data 

analytics within colleges and universities. 

Statement of the Problem and Research Question 

Many within and outside of higher education feel increasing pressure to engage 

more purposefully and deeply in data analytics (Bollinger, 2010; Lohr, 2012). Managers 

at large U.S. companies anticipate investing in data analytics extensively (Davenport & 
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Harris, 2007). Similarly, 86 percent of respondents in the 2012 EDUCAUSE survey 

believe data analytics will be more important for higher education’s success in the future 

(Bischel, 2012). Interest and investments in implementing a data analytics program alone 

will not automatically lead to success. Leadership appears to be a key factor in data 

analytics deployment. Strong leaders committed to evidence-based decision-making is 

necessary to achieve a high level of data analytics implementation (Bischel, 2012; 

Davenport & Harris, 2010). A data-oriented culture that includes groups of people who 

share a belief that data and information play a critical role in organizational success is 

also important (Stiles, 2012). In fact, Stiles (2012) posits that imposing analytics on an 

organization that is not data oriented can result in ineffectual implementation or can lead 

to fundamentally misinformed, inaccurate decisions.  

 Academic leaders have an important role to play in understanding the academic 

processes that have the greatest potential to benefit from analytical applications. Recently 

both the American Council of Colleges and Universities (ACCU) and the Council of 

Graduate Schools (CGS) urged colleges and universities to engage in more robust data-

driven assessment practices to improve student learning and success outcomes, but they 

also have identified “academic departments and faculty in particular as the key agents for 

how an institution changes its approach to implementing and evaluating intervention 

efforts to improve student success” (Hrabowski, et al, 2011, p18). 

If higher education organizations are to navigate successfully the implementation 

of a data analytics initiative, especially one that touches the academic core, organizational 

leaders will need to develop a more data-driven culture and cultivate leaders with 

analytical skills. Engagement of academic leaders in the process is critical, because they 
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have a detailed understanding of the academic processes and decision points that would 

benefit from data analytics. Yet, to date, discussions and research have been led primarily 

by information technology (IT) and institutional research (IR) staff.  IT and IR have a 

critical role to play in institutional transformation through data analytics. IT has the 

technical capacity to align IT resources and IR has experience in defining, managing and 

reporting institutional data to internal and external stakeholders. Both are necessary to 

support both strategic initiatives and a culture of evidence-based decision-making and 

management. Unless the process, questions, and analysis engage academic leaders, the 

integration and impact of data analytics into the academic functions of colleges and 

universities will be limited. Research on the attitudes, engagement, and usage patterns of 

academic leaders at institutions who are currently engaged in data analytics will be an 

important step in developing an understanding of the unique challenges to data analytics 

implementation at colleges and universities and in designing a robust approach to 

implementation that fits the academic culture. 

The purpose of this study is to investigate factors associated with the successful 

implementation of organizational innovations in U.S. colleges and universities. The 

research question that drives this analysis is, How are individual adoption and 

organizational implementation of innovations in higher education related to the context of 

the organization, characteristics of the innovation, and attitudes of adopters?  This 

question is examined in relation to adoption and implementation of data analytics 

programs in U.S. higher education. 

Based on the results of the study, recommendations will be made for how 

administrators, academic leaders and other educational change agents can improve the 
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likelihood of success of the implementation of organizational innovations within their 

own context. In addition, specific recommendations for implementing data analytics 

systems will be made.   

Overview of the Method Used 

This study uses a quantitative, cross-sectional research methodology. Data were 

collected through a survey of deans and department chairs from 255 U.S. higher 

education institutions that participated in the EDUCASE 2012 analytics survey or were 

identified as best-practice institutions through previous research on data analytics 

(Goldstein & Katz, 2005; Norris & Baer, 2012). Respondents provided information on 

the type and extent of data analytics activity at their institution, the features of their 

implementation process, and their attitude toward and personal use of data analytics. 

Analytical scales that measure the presence of the organizational context characteristics 

of collaboration, authenticity, institutional support, training and integrated use, the 

innovation characteristics of functionality and usability, and the adopter attitudes of 

usefulness and legitimacy were constructed from survey responses. Using questions 

derived from the DELTA framework (Davenport & Harris, 2010), the maturity level of 

data analytics at each institution was determined. Statistical analysis was completed to 

determine if the variables related to organizational context, innovation characteristics, 

and adopter attitudes have a significant impact on the extent of individual adoption and 

successful organizational implementation of a data analytics program at their institution.  
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CHAPTER TWO 

REVIEW OF THE LITERATURE 

In its most basic form, data analytics is the “extensive use of data, statistical and 

quantitative analysis, explanatory and predictive models, and fact-based management to 

drive decisions and actions” (Davenport & Harris, 2007, p7). Data analytics involves the 

integration, extraction, and transformation of data into actionable information so that 

specific decision points are identified. “Action” is an important element of the definition. 

Data analytics is more than analysis. It is a form of communication in which the analysis 

is transformed into a recommended action to guide decision-making. Within the field of 

data analytics, it is not enough to simply produce data and reports. The output of the work 

must transform multiple, disparate, and disconnected streams of organizational data into 

information upon which organizational leaders can build and implement strategies and 

substantially improve performance. As an organization moves from producing standard 

reports that document historical performance to conducting statistical analysis and 

predictive modeling around key organizational processes to explain what is occurring, 

why it is occurring, and what will happen next, organizations achieve increasing 

competitive advantage (Davenport & Harris, 2007). Once it begins to use data and 

information to inform strategy and predict future performance, an organization is moving 

into the realm of data analytics. 

 An important component of data analytics is a focus on process. Data analytics 

has the greatest potential when it is developed and embedded in normalized business 

processes (Petersen, 2012). A well-developed analytics program translates data into 

analysis, analysis into insight, and insight into managerial actions, such as improving 
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operational decisions, redesigning or changing existing processes, formulating or 

adjusting strategies, or improving decision quality and speed (Liberatore & Luo, 2011).  

Four key variables appear to be driving the current data analytics movement: the 

availability of increasing amounts of data and declining storage costs, improved and less 

expensive analytical software, the adoption of a process orientation by organizations to 

improve performance by focusing on value-added activities through process redesign, 

and the presence of more technically literate managers and executives (Liberatore & Luo, 

2011). Critical to the new data analytics approach is the creation of analytics teams 

within the organization that include people with backgrounds in statistics and data 

analysis, process re-engineering and computer science, and professionals with industry 

knowledge (Liberatore & Luo, 2011).  

State of Data Analytics within Higher Education 

Within higher education, terminology and definitions to describe analytics vary 

widely. Within EDUCAUSE, the working definition of data analytics is “the use of data, 

statistical analysis, and explanatory and predictive models to gain insights and act on 

complex issues” (www.educause.edu), or as “shorthand for the method of warehousing, 

organizing and interpreting massive amounts of data accrued by online learning platforms 

and student information systems in hopes of learning more about what makes students 

successful and by giving instructors (and the platforms themselves) the chance to adjust 

to improve learning outcomes” (Kolowich, 2010). 

In 2005, EDUCAUSE coined the term “academic analytics,” defined as 

“combining large data sets, statistical techniques and predictive modeling to produce 

http://www.educause.edu/


12 

 

actionable intelligence,” in part to move the concept away from its original home in 

business operations and make it more palatable in the higher education industry 

(Campbell, et al., 2007). Other terms currently in use are “learning analytics,” which 

refers to the interpretation of a wide range of data produced by and gathered on behalf of 

students in order to assess academic progress, predict future performance, and spot 

potential issues (Johnson & Cummins, 2012). Johnson and Cummins (2012) observe that 

learning analytics is limited in its implementation to a few institutions and is linked 

mostly to data generated from learning management systems and online interactions. 

Even though they indicate that implementation of learning analytics is on the mid-term 

horizon (next 2-3 years), the Horizon Report authors admit that broad adoption of a full-

featured set of learning analytics tools is still some time away (Johnson & Cummins, 

2012). An additional term is “action analytics,” defined as “a process of data assessment 

and analysis that enables us to measure, improve, and compare the performance of 

individuals, programs, departments, institutions or enterprises, groups or organizations 

and/or entire industries” (Norris & Baer, 2012).  

Across industries, most organizations begin their data analytics to build their 

customer base and enhance customer relationships by segmenting customers and 

understanding their behaviors, including identifying those at greatest risk of attrition so 

they can design interventions to keep them. Additional areas of focus are strategic 

business processes, human resource management, and finance (Davenport & Harris, 

2010). Within higher education institutions, enrollment management, finance and 

budgeting, and student progress are the primary functional areas in which data analytics 

are employed. In 2012 between 55-65 percent of institutions reported engaging in data 
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activity at the level defined as analytics in these areas (Bischel, 2012). In comparison, 

less than 20 percent of institutions reported data analytics activity in the functional areas 

of instructional management, central IT, student learning, strategic planning, alumni and 

advancement, research administration, library, cost to complete a degree, human 

resources, facilities, faculty promotion and tenure, faculty teaching performance, 

procurement, and faculty research performance (Bischel, 2012).   

In contrast to the actual level of use, CIOs at higher education institutions 

consistently saw the benefit of analytics across all functional areas, with greater than 60 

percent of respondents believing that analytics will help institutions understand student 

behavior, optimize use of resources, recruit students, and help students learn more 

effectively and graduate. Between 40 and 60 percent of respondents believe data 

analytics will create data transparency, demonstrate effectiveness and efficiency, improve 

administrative services, and contain or lower costs of education. Nearly 40 percent of 

respondents believe data analytics will improve faculty performance and reduce 

administrative costs (Bischel, 2012).  

One area of progress is in the technology that is used for data storage and 

reporting. In 2005, approximately 30 percent of institutions had data warehouses 

(Goldstein & Katz, 2005). Seven years later, 62 percent of institutions reported using data 

warehousing and business intelligence systems as a way of integrating, organizing, and 

summarizing large data sets. What remains elusive is the use of these warehouses and 

tools to provide analysis and insight into strategic organizational decisions beyond 

enrollment management and finance. Closing the gap between the increase in technology 

and tools to manage and report data and the lack of expansion of use of data analytics by 
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decision makers may require more extensive sponsorship for the deployment of data 

analytics outside of the information technology unit (Davenport & Harris, 2010) and 

expansive collaboration with academic leaders in order to develop a culture of evidence 

and inquiry throughout the institution (Bischel, 2012). 

Progress on the development of data analytics also may be linked to some 

inherent data challenges within the educational environment. The McKinsey Global 

Institute examined data analytics and its potential application in five industries across the 

world. They report data are now an important part of every business and industry. 

Appropriate management and usage of data has the potential to create value by disrupting 

current business models and conferring strategic and operational advantage to those who 

engage in its use through five “transformative opportunities” to create competitive 

advantage and improve productivity and operations (Manyika et al., 2011).  First, data 

analytics has the potential to enhance transparency simply by making data more easily 

accessible to relevant stakeholders in a timely manner. Second, providing meaningful 

data to managers and decision makers enables experimentation to discover client needs, 

expose unwanted variability in operations, and improve performance. Third, data can be 

used to segment client populations, identify and design customized actions, and tailor 

products and services precisely to meet their needs. Fourth, analytics derived from an 

understanding of the operational and decision processes can replace or support human 

decision-making with automated algorithms to substantially improve decision-making, 

minimize risks, and unearth valuable insights. Finally, data exploration and modeling can 

drive innovation by uncovering unseen opportunities to create new or enhance existing 

business models, products and services (Manyika et al., 2011).   
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While all industry sectors have the opportunity to capture value from data 

analytics, the researchers found that the public sector, including education, faces higher 

hurdles. When considering the overall ease with which an industry can capture value 

from data analytics, the educational sector was ranked in the bottom quintile of 20 

industries evaluated. Ease of capture is a combination of the level of data, talent, and IT 

assets available to organizations and how receptive organizations in the industry are to 

using data. The educational services sector was in the second quintile for talent, but in the 

bottom quintile for IT assets, having a data-driven mind-set, and data availability 

(Manyika et al., 2011).   

In addition, McKinsey analyzed the value potential or how well a sector can 

benefit from one of the five transformative opportunities from data analytics. Value 

potential was determined by considering how much data is available to the organization 

and the intensity of transactions that generate data. The larger the amount of data 

available, the more likely the sector can benefit from the use of automated algorithms to 

augment or replace human decision-making. Value potential also includes customer 

intensity. The more customers an organization has, the greater its potential to apply 

segmentation to tailor programs and services. Finally, value potential includes the level of 

turbulence or the potential for innovative disruptions and variability of performance 

within the sector. The higher the variability in performance, the more it indicates 

organizations can benefit from the use of data and experimentation to expose variability 

and improve performance. The educational services sector scored in the fourth quintile 

overall, but was in the bottom quintile for the amount of data per firm, transaction 



16 

 

intensity, and turbulence. Importantly, education was in the top quintile for customer 

intensity and variability in performance.  

The McKinsey Global Institute assessment paints a challenging but promising 

picture. While the impediments faced by the education sector in developing analytics 

capabilities (limited IT assets, data availability, and data orientation) are substantial, the 

potential benefits of unleashing the talent available in colleges and universities to develop 

data analytics that address the performance variability and better serve the large and 

diverse student and client population also are substantial.  

 The McKinsey analysis highlights the growing importance of data analytics 

across industry sectors, including education, but it also highlights why the 

implementation of data analytics in the education sector will require thoughtful design, 

development, and implementation in order to address the unique challenges of higher 

education so the industry can take full advantage of the “transformative” opportunities 

data analytics presents. The implementation approach will require an understanding of 

the academic process and the role of shared governance and collaboration in higher 

education organizations. Yet little research has been done to understand how the unique 

nature of higher education organizations may impact the development and 

implementation of data analytics and how academic leaders’ attitudes and understanding 

of academic processes and operations to which data analytics may be applied impact 

successful implementation of innovations in general and data analytics specifically.  
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Defining Mature Analytical Organizations 

 A discussion of the development and progression of a data analytics program 

within a particular organization raises the question of what a mature analytical 

organization looks like. Davenport and Harris (2010) created the DELTA Framework to 

describe the progression of data analytics within a specific organization. DELTA is an 

acronym for the five critical variables that indicate a mature data analytics program. The 

variables are data that are accessible, high quality, consistent, and integrated; an 

enterprise orientation in which the organization owns important data and analytical 

software and talent, and management across the enterprise is motivated to cooperate on 

analytical initiatives; leaders who consistently manage by fact and are committed to the 

success of specific analytical projects; targets focused on strategic activities and 

operations; and analysts with expertise in building, applying and maintaining models that 

help the business hit its analytical targets. The authors argue that the five DELTA 

elements work together to improve success and that the lack of progress on any single 

element can be a roadblock. The DELTA matrix describes five stages of development 

across each of the five variables (Table 1), moving from “Stage 1: Analytically Impaired” 

to “Stage 5: Analytical Competitors.” 

Progression across the matrix indicates increasing levels of leadership for and use 

of analytics at the enterprise or organizational level to the point at which data analytics is 

a key feature of organizational strategy, capacity, and leadership focus. Key variables for 

success that higher education may need to address to progress to Stage 5 include the 

identification of critical organizational and operational data even though education ranks 

at the bottom for data availability (Manyika et al., 2011); an engaged discussion of the 
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organizational responsibility for data analytics even though the current discussion is still 

focused primarily within IT; a purposeful cultivation of senior leaders with analytical 

capabilities even though presidents and provosts indicate that their organizations are not 

particularly effective at using data to make decisions (Green, 2012); the application of 

data analytics to the central strategy of the organization even though it is currently limited 

to administrative and student support functions (Bichsel, 2012); and the cultivation of 

“analytical amateurs” across the organization, specifically among academic leaders, even 

though they appear to be the least engaged in its use (Goldstein & Katz, 2005).  
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Table 1: DELTA Framework (Davenport and Harris 2010) 

Success 

Factor 

Stage 1 

Analytically 

Impaired 

Stage 2 

Localized 

Analytics 

Stage 3 

Analytical 

Aspirations 

Stage 4 

Analytical 

Companies 

Stage 5 

Analytical 

Competitors 

Data 

Inconsistent, 

poor quality 

and 

organization; 

difficult to do 

substantial 

analysis; no 

groups with 

strong data 

orientation 

Much data 

useable, but in 

functional or 

process silos; 

senior 

executives 

don’t discuss 

data 

management 

Identifying key 

data domains 

and creating 

central data 

repositories 

Integrated, 

accurate, 

common data 

in central 

warehouse; 

data still 

mainly an IT 

matter; little 

unique data 

Relentless 

search for 

new data and 

metrics; 

organization 

separate from 

IT oversees 

information; 

data viewed 

as strategic 

asset 

Enterprise 

No enterprise 

perspective 

on data or 

analytics. 

Poorly 

integrated 

systems 

Islands of 

data, 

technology, 

and expertise 

deliver local 

value 

Process or 

business unit 

focus on 

analytics. 

Infrastructure 

for analytics 

beginning to 

coalesce 

Key data, 

technology 

and analysts 

managed 

from an 

enterprise 

perspective 

Key 

analytical 

resources 

focused on 

enterprise 

priorities and 

differentiatio

n 

Leadership 

Little 

awareness of 

or interest in 

analytics 

Local leaders 

emerge but 

have little 

connection 

Senior leaders 

recognizing 

importance of 

analytics and 

developing 

analytical 

capabilities 

Senior leaders 

developing 

analytical 

plans and 

building 

analytical 

capabilities 

Strong 

leaders 

behaving 

analytically 

and showing 

passion for 

analytical 

competition 

Targets 

No targeting 

of 

opportunities 

Multiple 

disconnected 

targets, 

typically not 

of strategic 

importance 

Analytical 

efforts 

coalescing 

behind a small 

set of 

important 

targets 

Analytics 

centered on a 

few key 

business 

domains with 

explicit and 

ambitious 

outcomes 

Analytics 

integral to the 

company’s 

distinctive 

capability and 

strategy 

Analysts 

Few skills 

and those 

attached to 

specific 

functions 

Unconnected 

pockets of 

analysts; 

unmanaged 

mix of skills 

Analysts 

recognized as 

key talent and 

focused on 

important 

business areas 

Highly 

capable 

analysts 

explicitly 

recruited, 

developed, 

deployed and 

engaged 

World-class 

professional 

analysts; 

cultivation of 

analytical 

amateurs 

across the 

enterprise 
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Data Analytics: An Innovation for Higher Education Organizations 

 Data analytics is an example of an organizational innovation and as such may best 

be investigated through the theoretical framework of innovation adoption and diffusion. 

Innovation research began in the 1940s in the area of rural sociology and has expanded 

over the last seven decades to include such diverse disciplines as communication, public 

health marketing, and education. Throughout the extensive history of the study of 

innovation, many definitions have been developed. Most include the identification of an 

idea that is new to an individual, group, or organization and the implementation of that 

idea with the goal of organizational improvement (Dill & Friedman, 1979; Rogers, 2003; 

White & Glickman, 2007). Van de Ven, et al. (2008) add that an organizational 

innovation “entails a collective effort of considerable duration and requires greater 

resources than are held by the people undertaking the effort” (p22). Organizational 

innovations exclude lone-worker innovations and those that emerge primarily by chance. 

An idea is not required to be new to the world in order to be defined as an innovation. It 

must simply be new to the organization that is attempting to implement it, even if others 

outside of the organization perceive it as an imitation of an existing idea (Rogers, 2003).  

Innovations can come from any place and any direction. Innovations can be 

developed by professionals based on their experiences and engagement in the core work 

of the organization, introduced to the organization through implementation by other 

competitive organizations, or forced upon the organization because of a change in the 

political or regulatory environment. To become an organization-level innovation, internal 

ideas must achieve awareness and momentum among enough and the right people to 

reach organizational importance and attention (Van de Ven, 1986). Innovations that are 
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introduced to the organization from the external environment require organizational 

responses that must be framed and refined to align with organizational values and identity 

(Clark, 1968; Rogers, 2003) before they can be adopted successfully.  

A primary focus in innovation research is diffusion. Through the diffusion 

process, individuals make an adoption choice, not in a vacuum, but within the larger 

social system of which they are a part. The social system is greater than the organization 

and includes personal and professional networks. People subjectively evaluate an 

innovation based on information from others. Early adopters of an innovation share their 

experiences (good or bad) with others through interpersonal networks. The experiences of 

early adopters and the extent to which those experiences are shared determine the rate of 

adoption of others in the social system (Bidwell, 2001; Rogers, 2003). The norms of the 

social system affect the innovation decision, rate of diffusion, and the role and influence 

of opinion leaders and change agents in the adoption process. Once the rate of adoption 

reaches a critical mass, the innovation implementation becomes self-sustaining (Rogers, 

2003).   

Rogers (2003) proposes a five-stage model to describe the innovation process 

within organizations. The model is split between the initiation phase and the 

implementation phase. During initiation, the organization moves through an agenda-

setting stage, in which a general organizational problem is identified, and a matching 

stage, in which the organization fits a problem from the organization’s agenda with an 

innovation to address it. At the point when the organization decides to adopt a specific 

innovation, the implementation phase begins. Implementation contains three stages. The 

first is the redefining stage, in which the innovation is modified and reinvented to fit the 
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organization and organizational structures are altered. The second is the clarifying stage, 

in which the relationship between the organization and the innovation is defined more 

clearly. Third is the routinizing stage, in which the innovation becomes an ongoing 

element in the organization’s activities and loses its separate identity. Though the process 

appears linear, the implementation of innovations is highly organic and non-linear 

(Rogers, 2003; Van de Ven et al., 2008) and requires organizational as well as individual 

change and a continual reframing to fit the local context and priorities. It is adaptive, 

meaning the organization adapts to the innovation and the innovation is adapted to the 

organization (Fonseca, 2002). 

Beyond the general innovation implementation process, different types of 

organizations, including service organizations, may experience the process differently 

(Greenhalgh et al., 2004). Educational organizations have unique ways of organizing that 

may influence the process by which they implement organizational innovations and their 

ability to routinize or sustain them over time (Clark, 1968). The study of change in 

colleges and universities is informed by the general theories change and innovation (Van 

de Ven & Poole, 1985). Peterson’s (2008) analysis of the diverse approaches to the study 

of colleges and universities as organizations since 1950 found that research on 

universities as organizations mirrors organizational theory development overall. He also 

found that the conceptualization of higher education organizations has changed as major 

shifts in the environment and related challenges have resulted in changes in educational 

approach and structure.  

Individual colleges and universities also have a unique history and organizational 

characteristics that impact their ability to implement and routinize innovations 
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successfully. An understanding of how structures, people, politics, and culture influence 

the implementation process would be useful, especially as it relates to specific 

innovations, such as data analytics. Following are key organizational theories that should 

inform the investigation into innovation implementation processes within higher 

education organizations.  

Colleges and universities have professional bureaucratic structures that rely on a 

departmentalized organization and professional discretion to deliver their programs and 

services and govern performance (Mintzberg, 1979; Weber, 1922). As such, the 

implementation of innovations is challenging because professionals work relatively 

independently and have considerable control over their own work and their own 

decisions, including discretion over which innovations to incorporate into their 

professional practice. In addition, colleges and universities and their faculty and staff 

exist in highly institutionalized fields (DiMaggio & Powell, 1983; Meyer et al., 2008; 

Scott, 2001) in which broader institutional meanings and rules limit the innovations that 

can be legitimately introduced to the organization and influence how, when, and at what 

level of success they will be implemented. Next, colleges and universities have 

characteristics of loosely-coupled organizations (Cameron, 1984; Hallett & Vantresca, 

2006; Weick, 1976) that provide opportunities for localized innovations to find their way 

into segments of the organization but limit the ability to implement and routinize 

innovations at the organizational level. Colleges and universities develop organizational 

cultures that define acceptable ways for the organization to address opportunities and 

challenges through innovative activities and limit attempts to do things differently (Clark, 

1972; Schein, 2004; Tierney, 1988). Finally, colleges and universities can be seen as 
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collaborative communities that organize and manage their activities through networks of 

professionals focused on common values and purposes (Heckscher & Adler, 2006), 

which limit the effectiveness of more goal-rational, hierarchical forms of organizational 

innovation implementation. Together, these characteristics influence the type and number 

of legitimate innovations recognized by the organization, how they move through the 

organization, and who within the organization engages with the innovation and actually 

adopts it.  

Organizational Innovation Adoption and Diffusion 

Significant work has been completed over the last 50 years to study the product 

and process of innovation. The research questions investigated have evolved over time 

from a consideration of how organizational variables such as size and complexity impact 

levels of innovativeness (Davis et al., 1982; Dill & Friedman, 1979; Rogers, 2003; Wood, 

1981) to work that attempts to develop a detailed understanding of the process by which 

organizations innovate (Kozma, 1985; Van de Ven et al., 2008). The predominant focus 

of innovation research has been on understanding the variables that impact innovation 

adoption choices among individuals and groups and individual and organizational 

innovativeness. Research indicates that different variables have different levels of impact 

at different points in the process (Davis, et al., 1982; Kozma, 1985; Van de Ven et al., 

2008).  

Organizational adoption decisions are more complex than simply a series of 

individual adoption decisions and involve organizational variables that also influence 

adoption choice (Rogers, 2003; Van de Ven, 1986). Implementation generally involves 
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many individuals, including proponents and opponents of the adoption decision, which 

through negotiation alter the innovation and the organization over time and influence 

implementation success (Van de Ven, 1986).  An affirmative adoption decision by an 

organization does not necessarily lead to successful implementation, so the dependent 

variable in organizational innovation research is often implementation rather than 

adoption (Zaltman, et al., 1973). Argyris and Schön (1996) argue that change at the 

individual level must precede changes at other levels, including organizational. Since the 

decision to adopt an innovation is a personal one, each new adopter goes through a 

similar filtering process of alignment with values and previous experience (Kozma, 1985) 

prior to the adoption choice.  

Greenhalgh, et al. (2004) conducted a meta-analysis of innovation research in 

health care organizations and found that innovation implementation is not straightforward 

and that many of the standard variables are necessary but not sufficient to explain 

successful implementation of innovations in complex organizations. Overall, they found 

that attributes are neither stable features of the innovation nor sure determinants of 

successful implementation. Rather, it is the interaction among the innovation, the 

intended adopter(s), and a particular context that determines success. Finally, the 

researchers found that most innovation research has addressed centrally developed and 

driven innovations, but many innovations in service organizations are developed 

organically and spread informally. 

Overall, Greenhalgh et al. (2004) found that the preponderance of empirical 

innovation research was based on product-based innovations, and there may be limited 

generalizability to an understanding of innovation processes in service organizations. 
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They also noted that there is almost a complete absence of research studies that focus 

primarily on the sustainability or routinization of complex service innovations. In the 

research that did focus on the service sector, the reseachers found little recognition or 

analysis of the issue of internal politics. 

Easterby-Smith (1987), in an overview of change and innovation in higher 

education literature, found that there are four levels at which innovations occur. The first 

is innovations to the content of subjects and disciplines. Innovation occurs readily at this 

level, and it is the level at which academic professionals are expected to innovate as part 

of their regular routine. The second level is the educational processes by which these 

subjects are communicated. Innovation at this level involves professional practice that 

informs much of the day-to-day activity of teaching and learning. A third level is the 

overall balance of subjects, courses, projects, and disciplines within an organization. 

Most of the research has been focused on the appropriate allocation of resources. The 

fourth level is the institutional structures and systems within which the three previous 

levels take place. Little to no research has been completed at this level. It could be argued 

that a fifth level exists that is not addressed in Easterby-Smith’s typology. A 

consideration of the innovation processes that occur at the field or industry level would 

provide important insight into the ways in which certain innovations receive legitimacy 

and best-practice status and are adopted by multiple organizations. The field or industry 

level would be particularly important to explore because much of the change and 

innovation that is being called for by external stakeholders is directed at the higher 

education industry and not at any one particular organization. Higher education 

innovation research has primarily occurred at the first two levels. Specifically lacking are 
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studies that focus on organizational innovation processes. The literature gap was 

recognized years ago (Baldridge and Burnham, 1975) and continues today.   

Most of the empirical research on innovation done in higher education settings is 

focused on instructional or disciplinary innovations and primarily on variables that 

impact innovativeness. Within these studies, a few theoretical frameworks have been 

developed to attempt to describe the variables that impact the implementation process. 

Davis, et al. (1982) studied 21 faculty who were implementing a teaching technology 

innovation in their classroom. From their findings, the research team developed a process 

model of innovation for higher education. The model identifies an innovation with four 

stages (consideration, design and development, implementation, and continuation) and 

four critical variables (organizational support, innovation characteristics, innovator 

activities, and innovator motivation) that must occur at appropriate stages for the 

innovation to be implemented successfully. The proposed four stages are consistent with 

Rogers’ (2003) five stages of organizational innovation: agenda-setting, matching, 

redefining, clarifying, and routinizing. The researchers argue for a true stage model in 

that the adopters must complete each stage successfully in order to move on to the next 

one. The four variables are hypothesized to be differentially effective at the different 

stages in the process because the requirements for the successful completion of each 

stage depend upon unique and changing conditions. The research was based on a case 

study of one institution, and the authors recognized the limitation and call for future 

research that involves a number of institutions of higher education using the same (or 

similar) innovations in order to increase sample size and analyze the effects of 

organizational variables. In addition, recent research on innovation process contradicts 
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these findings, in that no evidence was found to support a stage-wise process for 

innovation development and implementation (Van de Ven et al., 2008).  

Kozma (1985) developed a process theory of innovation implementation in higher 

education using grounded theory methodology. He was particularly interested in the 

involvement of others beyond the original innovator in the implementation process. He 

found that differences in successful implementation could not be accounted for by 

characteristics of the innovation or the innovator but by the process used to implement 

them. He found no evidence of clear stages, and a clear point of adoption or 

implementation was difficult to identify. He argued that instructional innovation is 

evolutionary because new practices are built on previous practices.  

Variables that Influence Innovation Implementation in Higher Education 

Organizations 

From a review and analysis of existing literature, it seems that successful 

implementation of innovations is associated with both the process an organization uses to 

redefine and clarify the innovation to fit a particular organizational context and the 

support structures it provides to encourage individual adoption and integration of the 

innovation into ongoing, regular activities.  During the process, individual adoption may 

occur through the adaptation of the innovation to align with professional practice. At the 

same time, adoption of the innovation may change professional practice, which leads to 

changes in organizational routines and culture over time. Regardless of source, it appears 

the innovation must gain currency with the professionals in the organization as 

appropriately addressing a particular problem or organizational need before it will be 
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adopted, or the innovation fails to integrate with the culture and practice and remains 

separate and irrelevant, resulting in implementation failure.  

Over time, though the length of time can vary considerably, the innovation may 

build momentum as more and more professionals absorb the innovation into their 

professional practice until a point is reached in which the innovation is no longer seen as 

separate from the day-to-day routines of the organization or its professionals. The 

innovation has been transformed from something that is done in addition to regular 

functions to something that is seen as integral to regular practices and operations of the 

organization. In this context, the successful implementation of a data analytics program 

may be related to a shift to a more data-oriented organizational culture, which Stiles 

(2012) identifies a critical to the success of any data analytics program. 

Innovation implementation is not straightforward. Attributes of the innovation are 

neither stable nor sure determinants of successful implementation. Rather, it is the 

interaction among the innovation, the intended adopter(s), and a particular context that 

determines success (Greenhalgh et al., 2004). Through an analysis of previous research 

on innovation implementation within and outside higher education, nine variables have 

been identified that describe the critical dimensions of the organizational context in 

which the innovation is implemented (collaboration, authenticity, institutional support, 

training, and integrated use), the characteristics of the innovation (functionality and 

usability) and the attitude of the potential adopter (usefulness and legitimacy) (Table 2).  
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Table 2: Innovation Implementation Research Variables 

Concept Conceptual Definition Authors 

Collaboration 

Collaborative innovation development and 

adoption across the organization with 

decentralized and transparent decision-making 

responsibilities regarding implementation 

Baldridge (1975)  

Van de Ven & Poole (1985) 

Van de Ven (1986) 

Easterby-Smith (1987) 

Green (2003) 

Rogers (2003) 

Greenhalgh, et al. (2004) 

Hargrave & Van de Ven (2006) 

Heckscher & Adler (2006) 

Klein (2010) 

Authenticity 

Shared understanding and agreement among 

members of the organization of purpose of the 

innovation and the outcomes it is designed to 

achieve; consistency between the innovation and 

the organizational culture and values 

Eraut (1975) 

Cannon & Lonsdale (1987) 

Van de Ven (1996) 

Argyris & Schon (1996) 

Van Driel et al. (1997) 

Rogers (2003) 

Greenhalgh, et al. (2004) 

Schein (2004) 

Kezar (2006) 

Institutional 

Support 

Organizational leaders who actively support the 

innovation and recognize and reward adoption; 

organizational resources available to support the 

innovation and implementation 

Eraut (1975) 

Baldridge (1980) 

Davis, et al. (1982) 

Kozma (1985) 

Savenije & Van Rosmalen (1988) 

Van de Ven (1986) 

Rogers (2003)  

Greenhalgh, et al. (2004) 

Kezar (2003) 

Kezar (2006) 

Training 

Mechanisms to address employee development 

and increase employee knowledge of the 

innovation and expand usage 

Eraut (1975) 

Van Driel, et al. (1997) 

Rogers (2003) 

Greenhalgh, et al. (2004) 

Kezar (2003) 

Kezar (2006) 

Integrated 

Use 

Integration of the innovation into existing 

organizational systems and structures 

Rutherford & Fleming (1985) 

Gioia & Thomas (1996) 

Rogers (2003) 

Greenhalgh, et al. (2004) 

Kezar (2006) 

White & Glickman (2007)  

Functionality 

Meets an organizational need as defined by the 

user and provides a relative advantage to the idea 

it supersedes 

Cohen, March & Olsen (1972) 

Eraut (1975) 

Baldridge (1980)  

Kozma (1985) 

Van de Ven (1996) 

Rogers (2003) 
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Usability 
Ease to which an innovation can be incorporated 

into professional practice.  

Van de Ven (1996) 

Fonseca (2002) 

Rogers (2003) 

Greenhalgh, et al. (2004) 

Wixom & Todd (2005) 

Usefulness 
Extent to which innovation assists adopter in 

completing organizational responsibilities 
Wixom & Todd (2005) 

Legitimacy 

Perception the innovation is appropriate for the 

organization and consistent with professional 

values and practices 

DiMaggio & Powell (1983) 

Meyer & Rowan (1991) 

Rogers (2003) 

Hargrave & Van de Ven (2006) 

Meyer et al. (2008) 

External 

Pressure 

Physical, technological, cultural and social 

elements outside of the organization that 

influence its ability to function and achieve its 

goals 

Pfeffer & Salancik (2003) 

Scott & Davis (2007) 

Note: Italics indicates study was completed within an educational organization.  
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Collaboration. The implementation of an innovation is a collective activity that 

requires attention, expertise, resources, and efforts from multiple individuals and groups 

(Heckscher & Adler, 2006; Rogers, 2003; Van de Ven, 1986). The relative autonomy of 

professionals within higher education organizations and the political nature of the 

organizational environment make collaboration and decentralized decision-making 

important characteristics of the implementation process (Baldridge, 1980; Green, 2003; 

Greenhalgh et al., 2004; Rogers, 2003). Innovations in universities are often locally 

developed (Kozma, 1985) and begin with an individual or a small group of individuals. 

The innovation is altered through a dialectical process of negotiation and compromise as 

groups seek to modify the innovation to address their own unique needs and interests 

(Klein, 2010; Van de Ven & Poole, 1985). It evolves gradually through debate at all 

levels of the organization, improving quality and encouraging acceptance by increasing 

numbers of professionals within the organization. As a result, an innovation’s eventual 

acceptance may have less to do with the particular innovation and more to do with the 

collaborative process by which it was developed and implemented (Heckscher & Adler, 

2006; Kozma, 1985). As a result, the idea or innovation itself changes over time in a 

recursive fashion (Hargrave & Van de Ven, 2006). When successful, the collaborative 

mode is cooperative rather than confrontational and emerges from shared previous 

experience and values (Kozma, 1985).  

Authenticity. An organization’s openness and ability to adopt specific 

innovations is tied to the culture of the organization, especially if the organization has a 

significant number of professionals (Schein, 2004). The norms of the organization affect 

which innovations are selected, the rate of diffusion, and the role of opinion leaders and 
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change agents in the adoption process (Rogers, 2003). An organization’s culture can 

support the adoption of an innovation if the change aligns with its culture (Xiao & Tsui, 

2007). Organizational culture also can limit the adoption of potential innovations, which 

is positive if the innovation is inappropriate for the organization, but pressure to behave 

in culturally acceptable ways may constrain innovation or attempts to do things 

differently (Schein, 2004). The authenticity of the innovation evolves as the members of 

the organizational community develop a shared understanding and agree on the purpose 

of the innovation and the outcomes that it is designed to achieve (Eraut ,1975; Kezar, 

2006; Rogers, 2003; Van de Ven, 1986). Innovations that radically differ from an 

organization’s values have been found to be difficult to implement successfully (Rogers, 

2003). 

Institutional support. As something new being introduced into the organization, 

innovations begin as separate from the established systems, structures and processes of 

the organization. Institutional supports are distinctive from ongoing resources and create 

the bridge between the introduction of the innovation to the point where it is part of 

regular operations. Institutional support includes resources, both financial and personnel 

(Baldridge, 1980; Eraut, 1975; Rogers, 2003; Savenjie & Van Rosmalen, 1988), 

including a champion or change agent with the ability to navigate the political dynamics 

of the organization (Baldridge, 1980; Kozma, 1985; Van de Ven, 1986). Support also can 

take the form of senior leaders who actively and visibly support an innovation, are 

engaged in its use and implementation, and recognize and publicly reward adoption 

(Baldridge, 1980; Davis et al., 1982; Greenhalgh et al., 2004; Kezar, 2003; Kezar, 2006). 

An important component of institutional support is accountability or the level at which 
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organizational leaders are held accountable for organizational outcomes related to the 

innovation (Kezar, 2003). 

Training. The adoption of an innovation may involve a change in practice 

because something new is being introduced into regular routines. Organizations need to 

provide mechanisms to build employee knowledge and capacity not only to use the 

specific technology but also to adapt their own practice in order to best utilize it (Eraut, 

1975; Greenhalgh et al., 2004; Kezar, 2003; Kezar, 2006; Rogers, 2003). In the case of 

data analytics, academic leaders may need to receive training on how to use the specific 

technology to access information from the system, but they also may need professional 

development in how to understand the data and metrics and how to incorporate them into 

their own decision-making processes.  

Integrated use. The purposeful use of integrating structures and systems may be 

particularly important to higher education organizations because of their loosely coupled 

nature (Weick, 1976). Loose coupling is critical to the initiation of innovative ideas 

because the organization needs to be open to its changing environment and flexible 

enough to consider novel adaptations. The difficulty is that implementing an innovation 

requires a tight coupling around a best solution and singleness of purpose (Cameron, 

1984). Loose coupling means it is likely that novel solutions will remain local even if it is 

desirable for them to be standardized across the organization (Bidwell, 2001). Thoughtful 

integration of an innovation into existing organizational systems provides opportunities 

for the innovation to move across formal structural boundaries and allow for knowledge 

transfer about an innovation, its implementation, and success (Greenhalgh et al., 2004; 

Kezar, 2006; Rogers, 2003). Kezar (2006) found that one of the biggest obstacles in 
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implementing innovative academic programs is the siloed bureaucratic departmental and 

administrative structures on most campuses. New structures, processes, and rewards need 

to be established that enhance group and cross-divisional work, including integrating 

mechanisms, such as feedback loops and data and information about the innovation, the 

organization, and the changing external environment (Greenhalgh et al., 2004; Kezar, 

2006; White & Glickman, 2007) that reinforce the importance of adoption. 

Communication networks are critical in the management of perceptions and information 

about the innovation and implementation process and in guiding the organization’s 

interpretation of appropriateness and success (Gioia & Thomas, 1996; Rutherford et al., 

1985).  

Functionality. An innovation, by definition, is an idea that is being introduced 

with the goal of organizational improvement. Key to successful implementation is that 

the innovation actually solves a problem. A challenge to successful implementation is 

that the innovation must solve the problem as defined by the user in a way that is better 

than what the professional is currently doing (Rogers, 2003; Van de Ven, 1986). The 

cause-and-effect relationship between the problem and the innovation is often reversed 

(Van de Ven, 1986). Innovations are introduced without a problem to solve or when no 

dissatisfaction with the current solution exists (Eraut, 1975). Colleges and universities 

have a reputation for minimal problem assessment prior to an adoption decision 

(Baldridge, 1980) or identifying solutions first and then looking for problems to solve 

(Cohen, March, & Olsen, 1972). In addition, faculty and professional staff members have 

explicit and tacit knowledge gained through education and disciplinary affiliations that 

inform and influence what they see as an appropriate definition of the problem and 
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acceptable solutions (Eraut 1975; Kozma, 1985). As a result, functionality may be 

defined differently by professionals within an organization from the way the organization 

itself defines it, requiring flexibility as a key component of the innovation.  

Usability. Professionals manage their work by matching standardized solutions to 

client or student needs, using regular routines in order to minimize the complexity of 

their work (Mintzberg, 1979). The introduction of new program, service, or technology 

innovations, even if designed to reduce workload, changes the established routines and 

can be disruptive for the professional during the early adoption stages. The usability of 

the innovation captures how easily the potential adopter can incorporate an innovation 

into his or her practice. Usability has two dimensions: the innovation must be easy to use, 

meaning it is easy to operate (Davis, 1989; Wixom & Todd, 2005), and must be easy to 

manipulate so that it can be used for multiple purposes (Wixom & Todd, 2005). The 

ability to manipulate the innovation creates flexibility that allows innovations, 

particularly those that come from outside the organization, to be altered to address the 

specific needs of the potential adopter (Fonseca, 2002; Greenhalgh, et al., 2004; Van de 

Ven, 1996). Usability is the companion to functionality. The better an innovation is at 

addressing a particular problem and the easier it is to use, the more likely individuals are 

to adopt and to continue to use an innovation.   

Usefulness. The usefulness of an innovation as a factor in adoption choice and 

continued use has been primarily investigated in technology adoption research but likely 

has broader application in general innovation research (Davis, 1989; Wixom & Todd, 

2005). Usefulness is not a characteristic inherent in the innovation but is linked to the 

attitude that adopters develop as they put the innovation into practice. The perception of 
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usefulness is related to the extent that the innovation actually improves the ability to 

complete organizational responsibilities and increases effectiveness in day-to-day 

responsibilities (Wixom & Todd, 2005). 

Legitimacy. While an innovation must align with an organization’s ideals, in 

complex professional organizations it also must align with the professional values and 

knowledge of the adopters (Van Driel et al, 1997). Professional knowledge exerts a major 

influence on the ways in which professionals respond to innovations. It appears they are 

rarely open to all possible innovations and will consider only those for which their basic 

disciplinary assumptions hold (Van Driel et al., 1997; Cannon & Lonsdale, 1987). An 

innovation becomes relevant to a potential adopter when the innovation achieves both 

cognitive legitimacy (I think it’s okay to change) and social-political legitimacy (others 

think it’s okay to change) (Hargrave & Van de Ven, 2006). Since colleges and 

universities are embedded in highly institutionalized fields (Meyer et al., 2008), with the 

influence of regional and specialized accrediting agencies, professional associations, and 

state and federal governments to spread coercive, mimetic, and normative change 

(DiMaggio & Powell, 1983), the legitimacy of an innovation can be influenced by 

external forces but also by professional norms and expectations. As a result, innovations 

identified to solve real organizational problems may be viewed as illegitimate, while 

innovations that are adopted at the organizational level may not necessarily be designed 

to solve specific organizational problems (Meyer & Rowan, 1991).  
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CHAPTER THREE 

CONCEPTUAL FRAME AND METHODS 

Forces within and outside of higher education are positioning data analytics as an 

organizational innovation that has the potential to improve institutional and student 

performance and reduce costs, but successfully implementing innovations like data 

analytics at colleges and universities has been a challenge for many institutions. Existing 

research on implementing organizational innovations in colleges and universities in 

general and on data-analytics development and implementation specifically does not yet 

provide a useful framework or guidance for organizational leaders on how to structure 

and manage the implementation process in a way that increases the likelihood of success.  

The purpose of this study is to investigate factors associated with the successful 

implementation of organizational innovations in U.S. colleges and universities. The 

research question that drives this analysis is, How are individual adoption and 

organizational implementation of innovations in higher education related to the context of 

the organization, characteristics of the innovation, and attitudes of adopters?  This 

question is examined in relation to adoption and implementation of data analytics 

programs in U.S. higher education. 

  



39 

 

Conceptual Framework 

The conceptual framework for implementing innovations in higher education 

organizations (Figure 1) on which this study is based is built upon existing research and 

models for implementing organizational innovations. Rogers (2003) identified that the 

implementation of innovations is influenced both by the process an organization uses to 

redefine and adapt the innovation to fit its context and by the support structures it 

provides to encourage individual adoption and integration of the innovation into ongoing, 

regular activities. Greenhalgh, Robert, MacFarlane, Bate, and Kyriakidou (2004) 

conducted a meta-analysis of innovation research in health-care organizations and found 

that innovation implementation is not straightforward and that standard characteristics of 

the innovation and organization are not sufficient to explain successful implementation of 

complex innovations in professional organizations. Rather, it is the combination of the 

innovation, the intended adopter(s), and a particular context that determines successful 

implementation. 

The conceptual framework integrates Roger’s (2003) three-stage model which 

describes the structured process by which innovations are implemented within an 

organization with Greenhalgh, et al.’s (2004) findings that it is the combination of the 

innovation, the context, and the intended adopter that influences individual adoption 

choice, which in turn influences the extent of implementation achieved by the 

organization. The variables in the conceptual framework were identified from a review of 

the extensive literature on innovation diffusion and implementation so their relationship 

to individual adoption and organizational implementation could be measured.  
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Figure 1: Conceptual Framework for Implementing Innovations in Higher 

Education Organizations  
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The conceptual framework proposes that four major components are related to the 

extent of individual adoption and organizational implementation of a particular 

innovation. First is the organizational context in which the innovation is implemented and 

the strategies that leaders or change agents use to support the implementation. Variables 

within the organizational context are: collaboration, authenticity, institutional support, 

training, and integrated use. Second is the external environment in which the organization 

is situated and the level of external pressure that exists to adopt the innovation. Third are 

the characteristics of the innovation itself, which are not inherent in the innovation but 

are acquired through the organizational environment and the success of the strategies 

used by the organization to support implementation. Innovation characteristics 

investigated are functionality and usability. Fourth is the attitude of the individual adopter 

toward the innovation, that is, the adopter’s perceptions of the innovation’s usefulness 

and legitimacy. These conceptual framework elements are now reviewed in greater detail.  

The first component of the conceptual framework is organizational context, which 

includes five variables that previous research indicates may influence individual adoption 

and organizational implementation. First is collaboration, or a shared responsibility for 

the redefinition and implementation of an innovation between senior leaders and the 

faculty and professional staff (Clark, 1968; Greenhalgh, et al., 2004; Kozma,1985; 

Rogers, 2003). Second is authenticity, or the fit between the innovation and the 

organization, the development of a shared understanding and agreement across the 

organization of the purpose of the innovation, and the consistency between the innovation 

and the organizational culture and values (Baldridge, 1980; Clark, 1968; Eraut, 1975; 

Greenhalgh, et al., 2004; Kezar, 2006; Rogers, 2003; Van de Ven, 1996). Third is 
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institutional support, or the recognition and clear communication from organizational 

leaders that the adoption of the innovation is important for organizational success, 

including direct advocacy, reward, recognition, and financial support for ongoing 

implementation (Baldridge, 1980; Clark, 1968; Davis, et al., 1982; Greenhalgh, et al., 

2004; Kezar, 2006; Rogers, 2003). Fourth is training, or professional development and 

education directed toward adoption and use of the innovation within the organization 

(Eraut, 1975; Greenhalgh, et al., 2004; Kezar, 2006; Kozma, 1985; Rogers, 2003; Van 

Driel, et al., 2004). Fifth is integrated use, or the purposeful integration of an innovation 

into existing organizational systems that provides opportunities for the innovation to 

move across formal structural boundaries and allows for knowledge transfer about an 

innovation and its implementation (Eraut, 1975; Greenhalgh, et al., 2004; Kezar, 2003; 

Kezar, 2006; Kozma, 1985; Rogers, 2003).   

 The second component of the conceptual framework is the influence of the 

external environment on the adoption of organizational innovations. Organizations exist 

in a specific environment to which they must adapt in order to acquire resources to 

survive (Pfeffer & Salancik, 2003; Scott & Davis, 2007). Within highly institutionalized 

fields, such as higher education, the external environment can influence which 

innovations can be legitimately introduced to the organization and influence how, when, 

and at what level of success they will be implemented (DiMaggio & Powell, 1983; Meyer 

et al., 2008). 

The third component of the conceptual framework is the acquired characteristics 

of the innovation itself. The influence of two variables will be investigated as part of this 

study. The first is functionality, or the extent to which an innovation solves a problem and 
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is perceived as better than existing practices (Rogers, 2003; Van de Ven, 1996). The 

second is usability, or the ease with which a potential adopter can incorporate an 

innovation into his or her practice because it is easy to use and can be adapted to fit 

specific needs of the adopter (Davis, 1989; Fonseca, 2002; Greenhalgh, et al. 2004; 

Wixom & Todd, 2005).  

The fourth component of the conceptual framework is adopter attitude toward the 

innovation. The influence of two variables will be investigated as part of this study. The 

first variable is usefulness, or the extent adopters believe the innovation improves their 

ability to complete organizational responsibilities (Davis, 1989; Wixom & Todd, 2005). 

The second variable is legitimacy, or the extent adopters believe the innovation is 

appropriate for the organization and consistent with their professional values and 

practices (Cannon & Lonsdale, 1987; DiMaggio & Powell, 1983; Hargrave & Van de 

Ven, 2006; Rogers, 2003; Van Driel et al., 1997) 

A set of five control variables are used in the analysis to investigate if 

organizational and adopter characteristics influence innovation adoption and 

implementation. The control variables investigated are 1) status as a best-practice 

institution in the area of data analytics, as recognized by previous research on the topic; 

2) role of the respondent within the organization (dean or department chair); 3) academic 

discipline of the respondent (biology, management, English, nursing, political science, or 

education); 4) institutional control of the organization as defined by IPEDS (public or 

private, not-for-profit); and 5) Carnegie Classification as defined by IPEDS (Research, 

Masters, Baccalaureate, or Associates). 
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It is possible that successful organizational implementation is not linear, but 

circular and reinforcing. As individual academic leaders become engaged in innovation 

adoption and use, they become recognized and supported through the integration process 

and serve as role models for others in the organization (Kozma, 1985; Van de Ven, 

1996). As additional adopters become engaged, the organizational culture begins to shift, 

which in turn encourages additional engagement and use. New adopters reinforce the 

choice of existing adopters and positively impact the attitude of intended adopters, 

increasing levels of individual adoption and organizational implementation (Argyris & 

SchÖn, 1996; Hargrave & Van de Ven, 2006).   

The primary conceptual framework for implementing innovations in higher 

education organizations (Figure 1) provides a generic frame for investigating the 

implementation of innovations within higher education organizations. This study 

investigates specifically the individual adoption and organizational implementation of 

data analytics by academic leaders within higher education institutions. The primary 

conceptual framework has been adapted to include specific structural elements that have 

been shown to enhance data analytics implementation within organizations in general, but 

that have not been investigated within higher education organizations. A modified 

conceptual framework (Figure 2) includes all ten variables included in the original 

framework but has been expanded to include the variable of analytics maturity, or the 

structures and systems available to implement and maintain a data analytics program 

successfully, as part of the organizational context.  
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Figure 2: Conceptual Framework for Implementing Data Analytics in Higher 

Education Organizations 
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Analytics maturity is based on the DELTA framework (Davenport & Harris, 

2010), which indicates that as organizations expand to a more centralized and strategic 

use of data and enterprise systems, develop leaders and targets focused on strategic 

results, and leverage highly skilled analysts across the organization, they increase their 

capacity to deploy data analytics successfully and benefit from its use. Both conceptual 

frameworks (original and modified) will be used in this study.  

Table 3 presents the conceptual and operational definitions of the variables that 

appear in the conceptual frameworks (Figures 1 and 2). These definitions supported the 

development of survey items to measure the study’s variables.  
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Table 3: Conceptual and Operational Definitions of Research Concepts 

Concept Conceptual definition Operational definition 

Collaboration Collaborative innovation development and 

adoption across the organization with 

decentralized and transparent decision-making 

responsibilities regarding implementation 

Involvement of academic leaders 

in the development and 

implementation of data analytics 

Authenticity Shared understanding and agreement among 

members of the organization of the purpose of the 

innovation and the outcomes it is designed to 

achieve; consistency between the innovation and 

the organizational culture and values 

Data-driven organizational culture 

Institutional 

Support 

Organizational leaders who actively support the 

innovation and recognize and reward adoption; 

organizational resources available to support the 

innovation and implementation 

Funding, tools and staff to support 

and maintain data analytics 

Training Mechanisms to address employee development 

and increase employee knowledge of the 

innovation and expand usage 

Training and professional 

development for the end user to 

use data analytics successfully 

Integrated Use Integration of the innovation into existing 

organizational systems and structures 

Integration of data analytics with 

other information within the 

institution 

Analytics 

Maturity 

Structures and systems available to implement 

and maintain a data analytics program 

successfully 

Level of data, enterprise systems, 

leadership, talent and analysts as 

part of a data analytics programs 

External pressure Physical, technological, cultural and social 

elements outside of the organization that 

influence its ability to function and achieve its 

goals  

Extent of pressure from external 

entities to adopt data analytics 

Functionality Meets an organizational need as defined by the 

user and provides a relative advantage to the idea 

it supersedes 

Perception data and information 

available from data analytics is 

accurate and the right kind of data 

to make decisions 

Usability Ease to which an innovation can be incorporated 

into professional practice 

Perception data analytics is 

flexible and easy to use 

Usefulness Extent to which innovation assists adopter in 

completing organizational responsibilities 

Perception data analytics is 

improving professional 

performance 

Legitimacy Perception the innovation is appropriate for the 

organization and consistent with professional 

values and practices 

Perception analytics is appropriate 

for higher education  

Individual 

adoption 

Level of use of the innovation by the user Extent of individual use of the 

data analytics system 

Organizational 

implementation 

Extent of use of the innovation by the 

organization 

Depth of organizational use of 

data analytics across functional 

areas  
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Method 

The study uses a quantitative, cross-sectional methodology. Data were collected 

through a survey of deans and department chairs from institutions that a) participated in 

the EDUCAUSE 2012 analytics survey, or b) have been identified as best-practice 

institutions through previous research on data analytics (Goldstein & Katz, 2005; Norris 

& Baer, 2012). The survey collected responses to questions related to the status of data 

analytics, activities related to implementation and personal use, perceptions of 

effectiveness of data analytics, and potential and problems of using data analytics in 

higher education. Respondents also were asked to assess the maturity of data analytics at 

their institution using the DELTA framework (Davenport & Harris, 2010).  

Participant Selection 

In 2012 the EDUCAUSE Center for Applied Research (ECAR) conducted a study 

to examine the state of data analytics in U.S. higher education. Survey respondents were 

chief information officers and institutional researchers at EDUCAUSE member 

institutions.  The survey in the present analysis uses the same institutional population, but 

targets academic leaders, defined as deans and department chairs or heads. The survey in 

the present analysis includes a subset of questions that were originally asked in the 

EDUCAUSE administered survey but were modified to fit the conceptual framework and 

the language of academic leaders.  

The EDUCAUSE Center for Applied Research provided a list of the institutions 

that responded to their 2012 analytics survey. The original file contained 339 records. 

Within the file, 288 records included both the organization name and the Integrated 
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Postsecondary Education Data System (IPEDS) identification number, 47 records 

included the organization name but not the IPEDS identification number, and four 

records had an IPEDS identification number but no organization name. An IPEDS search 

was conducted to attempt to identify the missing information. Most of the institutions 

without an IPEDS identification number were international institutions; one institution 

was a preparatory high school; one institution could not be found; and one search resulted 

in multiple institutions with the same name identified so it was not possible to determine 

the specific institution. These 47 records were excluded from the study. Of the four 

records with an IPEDS identification number but no organization name, a search of the 

IPEDS database failed for three of the records and resulted in the identification of one 

institution.  

After the first round of data validation, the file was reduced to 289 records.  

The 289 records with both an IPEDS identification number and institution name were 

entered into the IPEDS Data Tool. During this process, three of the IPEDS identification 

numbers were returned as invalid. An associated name search failed for two of the 

institutions, and one was identified and the IPEDS identification number was corrected. 

This process resulted in 287 validated IPEDS identification numbers with associated 

institutional names. Through review of the list, five records were identified as system 

offices or board offices and not campuses. These were eliminated from the file, resulting 

in a final list of 282 U.S. colleges and universities that participated in the original 

EDUCAUSE Analytics Survey. 

In addition to the validated EDUCAUSE 2012 institutional respondents, unique 

additional institutions were identified as best-practice or leading institutions in the area of 
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data analytics. The institutions were identified through the EDUCAUSE 2005 report 

(Goldstein & Katz, 2005) and through a study of analytics in higher education funded 

through the Bill & Melinda Gates Foundation (Norris & Baer, 2012). Three institutions 

appeared on both best-practice lists. In addition, 11 institutions from the EDUCAUSE 

2012 Analytics Survey respondent list also were included in the Gates or EDUCAUSE 

2005 best-practice list. The survey sample was expanded to include the additional 38 

best-practice institutions, resulting in a total survey sample of 320 institutions with a 

subset of 49 best-practice institutions.  

A sub-set of 20 institutions was randomly selected from the total sample to 

determine common disciplines from which the distribution list was developed. Through a 

Web search, the academic disciplines at each institution were identified and compared, 

and the three most common pure and applied disciplines were selected for the study: 

biology, management, English, nursing, political science and education.  

A Web search was conducted to identify names and email addresses of deans and 

department chairs from the six academic disciplines at the 320 institutions in the sample. 

Institutions with fewer than three of the identified academic disciplines were eliminated 

from the survey population, as were institutions that did not publicly disclose email 

addresses of their employees. As a result, the final survey population was 255 

institutions, with a subset of 37 best-practice institutions, which yielded 1910 deans and 

department chairs with valid email addresses.  
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Survey Construction and Data Collection 

 The survey “Attitude and Usage of Data and Analytics” (Appendix A) is an 

original instrument that was constructed to collect data on the variables in the conceptual 

framework as defined by the operational definitions (Table 3). The instrument was 

created from modified versions of a sub-set of questions from the 2005 and 2012 

EDUCAUSE surveys on data analytics in higher education (Goldstein & Katz, 2005; 

Bischel, 2012) and published instruments from previous research on adoption of 

technological innovations (Barki & Hartwick, 1994; Davis, 1989; Wixom & Todd, 2005). 

Questions designed to measure data analytics maturity were based on the DELTA 

framework (Davenport & Harris, 2010). Questions from the existing instruments or 

literature were selected based on their relevance to the conceptual framework and 

alignment with the operational definitions and were modified to fit the specific constructs 

under investigation and the academic environment. Additional original questions were 

written to measure variables in the conceptual framework that were not adequately 

addressed in the existing instruments.  

 The draft instrument was pre-tested on a total of ten deans and department chairs 

from the sample disciplines at a public, Masters-level university. Pre-test participants 

completed the survey in the presence of the researcher and commented on the instrument 

as they completed the survey. After completion of the survey, the researcher interviewed 

the pre-test participant to discover areas of confusion with language, question 

sequencing, and response categories. The instrument was revised, based on pre-test 

participant feedback, before final distribution.  
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The final survey was submitted to the University of Minnesota Institutional 

Review Board (IRB) and was determined to be exempt (Appendix C). After receiving 

IRB approval, the survey was distributed electronically to 1,910 chairs or heads of 

departments of biology, management, English, nursing, political science and education, 

as well as the deans who oversee those departments at each of the 255 U.S. higher 

education institutions in the sample. Potential respondents received an initial email on 

May 7, 2013, describing the purpose of the study and asking for their participation. The 

email contained a link to the electronic survey instrument. Potential participants received 

three reminder emails asking them to complete the survey. The survey was open through 

May 31, 2013, to allow enough time for respondents to complete the survey based on 

their availability. In all, 364 individuals started the survey, leading to 313 usable surveys, 

for a total individual response rate of 313/1910 or 16.4 percent. The respondents 

represent 179 different higher education institutions for an institutional response rate of 

179/255 or 70.2 percent.  

Individual and institutional characteristics that were recorded include the role and 

discipline of the respondent and the following institutional characteristics: status as a 

best-practice institution in data analytics, institutional control, and Carnegie 

Classification. The institutional characteristics were collected through IPEDS. 

Variables and Measures 

Questions in the “Attitude and Usage of Data and Analytics” survey (Appendix 

B) were developed to measure the variables included in the conceptual framework. Scales 

were constructed from survey questions to measure the variables of collaboration, 
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authenticity, training, institutional support, integrated use, analytics maturity, 

functionality, usability, usefulness, legitimacy, external pressure, individual adoption, and 

organizational implementation. Items associated with each scale are displayed in Chapter 

4.  

Exploratory factor analysis using principal axis factoring of survey questions 

related to organizational context, innovation characteristics, and usefulness variables 

suggested seven unique factors. Separate factor analyses were completed for survey 

questions from the DELTA framework used to analytics maturity, the blocks of questions 

from the EDUCAUSE survey used to measure legitimacy and external pressure, and the 

dependent variables of individual adoption and organizational implementation.   

Collaboration Scale:  Involvement of potential adopters in the design and 

execution of an organizational innovation is believed to influence implementation success 

(Greenhalgh, et al., 2004; Hargrave & Van de Ven, 2006; Heckscher & Adler, 2006; 

Klein, 2010). The survey included five questions intended to capture different 

opportunities for involvement of academic leaders in the development and 

implementation of data analytics at their institution. Using the five involvement questions 

identified through factor analysis, the first iteration of the collaboration scale was tested 

for reliability. While the collaboration scale achieved a high Cronbach’s Alpha (0.908), 

two items in the scale were highly correlated, indicating they might be measuring the 

same dimension. The most highly correlated question was removed from the scale, and 

scale reliability was retested. The remaining four questions were combined to create the 

final collaboration scale which achieved a Cronbach’s Alpha of 0.880. Scores for the 
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collaboration scale generated from the survey responses have a positive skew (0.852), 

with a mean of 7.7 (n=234; SD=2.92) with a range of four to 16. 

Authenticity Scale: Aligning an innovation with the organizational culture or 

redefining the organizational culture to align with the purpose of an innovation is 

important for implementation success (Argyris & SchÖn, 1996; Kezar, 2006; Schein, 

2004; Van de Ven, 1996). Similarly, successful deployment of data analytics benefits 

from a data-driven culture (Bischel, 2012; Davenport & Harris, 2010). Respondents were 

asked six questions designed to capture different dimensions of their campus culture 

related to attitude toward and use of data. Factor analysis supported the inclusion of the 

six questions in a single scale. The authenticity scale was created using the six questions 

and achieved a Cronbach’s Alpha of 0.732. Scores generated from the survey responses 

for the authenticity scale are normally distributed with a slight negative skew (-0.247) 

and have a mean of 8.9 (n=283; SD=2.23) with a range of four to 16. 

Institutional Support: The type and level of resources an organization provides to 

support the implementation and adoption of an innovation are indicated to improve the 

likelihood of success (Baldridge, 1980; Davis, et al., 1982; Greenhalgh, et al., 2004; 

Kezar, 2003). Respondents were asked five questions designed to identify the 

mechanisms provided to support the implementation of data analytics. Factor analysis 

supported inclusion of the five questions in a single scale, and the scale was tested for 

reliability. The first iteration of the scale achieved a Cronbach’s Alpha of 0.861 but 

violated Tukey’s assumption of additivity. The question related to IT staff support was 

removed because it was highly correlated with the remaining questions. The final 

institutional support scale achieved a Cronbach’s Alpha of 0.838 and no longer violated 



55 

 

the additivity assumption. Scores generated from the survey responses for the 

institutional support scale are normally distributed with a slight negative skew (-0.140) 

and have a mean of 8.9 (n=209; SD=2.43) with a range of four to 16.  

Training: The extent to which an organization provides opportunities for 

employee professional development and training to support their use of an innovation has 

been demonstrated to have a positive impact on individual adoption and use (Greenhalgh, 

et al., 2004; Kezar, 2006; Van Driel, et al., 1997). Respondents were asked three 

questions designed to capture the extent to which the institution provides training and 

professional development for the end user to use data analytics successfully. Factor 

analysis supported inclusion of the three questions in a single scale, and the scale was 

tested for reliability. The three questions were combined to create the training scale 

which achieved a Cronbach’s Alpha of 0.801. Scores generated from the survey 

responses for the training scale are normally distributed and have a mean of 6.4 (n=242; 

SD=1.75) with a range of three to 12. 

Integrated Use: Integration of an innovation into the existing organizational and 

operational systems is critical because it supports knowledge transfer about the 

innovation across organizational silos and highlights the importance of use of the 

innovation across systems within and outside the institution (Gioia & Thomas, 1996; 

Greenhalgh, et al., 2004; White & Glickman, 2007). Three questions were asked to 

determine the extent to which data and information from data analytics is integrated with 

institutional systems and processes. Factor analysis supported inclusion of the questions 

in a single scale, and the scale was tested for reliability. The three questions were 

combined to create the integrated use scale, and the resulting scale achieved a Cronbach’s 
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Alpha of 0.755. Scores generated from the survey responses for the integrated use scale 

are normally distributed and have a mean of 7.6 (n=201; SD=1.95) with a range of three 

to 12. 

Analytics Maturity: Within the field of data analytics, Davenport and Harris 

(2010) developed the DELTA framework as a way to understand the level of maturity an 

organization has achieved in data analytics. DELTA is an acronym for the five elements 

that Davenport and Harris (2010) believe must be addressed by an organization to 

implement and maintain a data analytics program successfully: data, enterprise approach, 

leadership, targets, and analytical talent. Five questions were included in the survey of 

academic leaders to capture their perceptions of where their organization is on each of the 

five DELTA elements. Each of the five questions has five levels of response, with each 

level representing a step forward in analytical maturity. Together, the five questions and 

five response levels allow for the creation of a 5x5 matrix to indicate an organization’s 

data analytics maturity level. Using the five DELTA framework questions, an analytics 

maturity scale was created to provide a measure of data analytics maturity at the 

responding institutions. The resulting analytics maturity scale achieved a Cronbach’s 

Alpha of 0.825. Scores generated from the survey responses for the analytics maturity 

scale are normally distributed, with a slight positive skew (0.118) and have a mean of 

15.2 (n=266; SD=3.99) with a range of five to 25. 

Functionality: Functionality is an important concept in innovation implementation 

because it speaks to the extent that the potential adopter believes the innovation being 

suggested for adoption actually addresses an organizational problem or provides a way to 

take advantage of an organizational opportunity (Kozma, 1985; Rogers, 2003; Van de 
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Ven, 1996). Respondents were asked four questions designed to capture the extent that 

academic leaders perceive the data and information available from data analytics 

addresses their professional and organizational needs. Factor analysis supported inclusion 

of the questions in a single scale, and the scale was tested for reliability. The four 

questions were combined to create the functionality scale, which achieved a Cronbach’s 

Alpha of 0.789. Scores generated from the survey responses for the functionality scale 

are normally distributed with a slight negative skew (-0.267) and have a mean of 10.0 

(n=192; SD=2.22) with a range of four to 16. 

Usability: Previous research indicates that the easier an innovation is to use and to 

incorporate into existing practices, the more likely the user will be to adopt it (Barki & 

Hartwick, 1994; Wixom & Todd, 2005). Respondents were asked five questions to gauge 

the extent to which academic leaders perceive the data analytics system as flexible and 

easy to use. Factor analysis supported inclusion of the questions in a single scale, and the 

scale was tested for reliability. The five questions were combined to create the usability 

scale, which achieved a Cronbach’s Alpha of 0.879. Scores generated from the survey 

responses for the usability scale are normally distributed with a slight negative skew       

(-0.206) and have a mean of 10.8 (n=215; SD=2.80) with a range of five to 20. 

Usefulness: How useful an innovation is, or the extent to which individual 

adopters believe it improves their job performance, influences the extent to which 

professionals will adopt the innovation into their own practice. Respondents were asked 

three questions designed to capture the perception of academic leaders that the data 

analytics system and tools are useful in their professional role and aid them in decision-

making. Factor analysis supported inclusion of the questions in a single scale, and the 
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scale was tested for reliability. The initial scale achieved a Cronbach’s Alpha=0.866, but 

two questions were highly correlated with each other (0.811) and had a significant result 

for Tukey’s test for non-additivity. The mostly highly correlated question was removed 

from the scale, and the scale was re-tested. The two remaining questions in the final 

usefulness scale have a correlation of 0.601. Scores generated from the survey responses 

for the usefulness scale are normally distributed with a slight negative skew (-0.191) and 

have a mean of 4.9 (n=243; SD=1.30) with a range of two to eight. 

Legitimacy: An innovation is seen as legitimate when potential adopters believe it 

to be appropriate for the organization and consistent with their professional values and 

practices. As legitimacy increases, so does adoption (DiMaggio & Powell, 1983; 

Hargrave & Van de Ven, 2006; Meyer et al., 2008; Rogers, 2003). In order to gauge the 

extent to which academic leaders perceive data analytics as beneficial to higher 

education, participants were asked to indicate the level of benefit the use of data analytics 

would provide in nine areas: containing or lowering the cost of education, recruiting 

students, helping students learn more effectively, helping students graduate on time, 

improving faculty performance, optimizing the use of resources, demonstrating higher 

education’s effectiveness to external audiences, improving administrative performance, 

and informing strategic investments. In order to gauge their concern with the adoption of 

data analytics, participants were asked to indicate the level of concern with the use of 

data analytics in six areas: current models of measuring quality could be inadequate, 

current models of measuring productivity could be inadequate, governing bodies may 

mandate the use of data, wrong conclusions may be drawn about our institution, data will 

be misused, and using data analytics may be the wrong model for higher education.  
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Factor analysis of the benefit and concern questions suggested three different 

legitimacy variables: 1) benefit, 2) concern with data usage, and 3) concern with current 

models. The legitimacy/benefit scale gauges the extent to which academic leaders 

perceive data analytics to be beneficial to their organization and higher education. The 

legitimacy/concern with data use scale measures the extent to which academic leaders are 

concerned with the overall use of data analytics and how it may impact the organization. 

The legitimacy/concern with models scale gauges the extent to which academic leaders 

are concerned with the current models that are being used to judge the quality and 

productivity of higher education institutions.  

Based on the results from the factor analysis, the nine benefit questions were 

combined to create the legitimacy/benefit scale, which achieved a Cronbach’s Alpha of 

0.880. Scores generated from the survey responses for the legitimacy/benefit scale are 

negatively skewed (-0.857) and have a mean of 21.7 (n=238; SD=3.98) with a range of 

nine to 27. The four concern questions regarding data use were combined to create the 

legitimacy/concern with data use scale, which achieved a Cronbach’s Alpha of 0.744. 

Scores generated from the survey responses for the legitimacy/concern with data use 

scale are normally distributed with a slight negative skew (-0.108) and have a mean of 

8.7 (n=269; SD=2.14) with a range of four to 12. Finally, the two concern questions 

regarding current models in use were combined to create the legitimacy/concern with 

models scale, which have a correlation of 0.792. Scores generated from the survey 

responses for the legitimacy/concern with models scale are negatively skewed (-0.973) 

and have a mean of 5.1 (n=284; SD=1.10) with a range of two to six.  
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External Pressure: Pressure from the external environment may impact an 

institution’s adoption of data analytics. Survey respondents were asked to report the 

extent to which they feel each of the following will drive expanded use of data at their 

institution: reporting requirements of accrediting bodies, reporting requirements of their 

board of trustees, external competition, public accountability, pressure to identify cost 

savings, pressure to improve student learning, and pressure to improve student 

completion rates. In order to test the total influence external pressure has on individual 

adoption and organizational implementation, a scale that combines each driver into an 

external pressure scale was created. The question regarding reporting requirements of 

accrediting bodies was excluded from the scale, because it did not factor with the 

remaining questions under factor analysis and inclusion made the scale unreliable. The 

remaining six questions were combined to create the final external pressure scale, which 

achieved a Cronbach’s Alpha of 0.799. Scores generated from the survey responses for 

the external pressure scale are negatively skewed (-0.786) and have a mean of 18.8 

(n=287; SD=3.16) with a range of six to 24. 

Individual Adoption: The conceptual framework developed from previous 

research on innovation implementation posits that individual adoption and organizational 

implementation may be different processes influenced by different variables. Three 

questions were asked to capture the extent to which academic leaders had incorporated 

data analytics into their professional practice in different decision settings: use of data 

analytics in formal meetings, use of data analytics in informal conversations, and use of 

data analytics to guide decision-making. The three use questions were combined to create 

the individual adoption scale, which achieved a Cronbach’s Alpha of 0.884. Scores 



61 

 

generated from the survey responses for the Individual Adoption Scale are negatively 

skewed (-0.626) and have a mean of 9.3 (n=262; SD=2.08) with a range of three to 12. 

The resulting individual adoption scale is used in later regression analysis as the 

dependent variable to examine variables associated with individual adoption of data 

analytics. 

Organizational Implementation: A clear definition of the organizational 

implementation of an innovation is difficult to identify. As Rogers (2003) found, 

organizational implementation of an innovation is not a specific action or outcome that 

can be clearly identified but a process that moves from the decision to implement to a 

point at which the innovation is routinized. Implementation of data analytics is more 

complex than the implementation of the software or system to manage the data and report 

the analysis. It includes the use of data from the system in increasingly complex and 

sophisticated ways that move the organization toward enhanced, data-driven decision-

making in strategic business processes that result in improved organizational 

performance. For this study, organizational implementation is measured by combining 

responses to the questions regarding depth of data usage across seven operational areas: 

course scheduling and staffing, enrollment management, student retention and 

graduation, strategic planning, student learning assessment, cost to deliver programs, and 

grants and research administration. The resulting organizational implementation scale 

provides an indication of both the extent of use of data analytics across different 

functions in the organization and the level at which data is used to support those 

functions. The organizational implementation scale achieved a Cronbach’s Alpha of 

0.867. Scores generated from the survey responses for the organizational implementation 
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scale are negatively skewed (-0.743) and have a mean of 25.1 (n=212; SD=5.69) with a 

range of seven to 35. The organizational implementation scale is used in later regression 

analysis as the dependent variable to better understand variables that influence 

organizational implementation of data analytics.  

Correlation analysis of the dependent scales suggests that they are distinct 

measures, though the correlations between functionality and usefulness (.795), 

functionality and usability (.761), and training and institutional support (.781) were 

strong (Appendix A). 

Analytical Approach 

In the first stage of the analysis, the responses collected through surveys of deans 

and department chairs were analyzed using multiple regression analysis to determine to 

what extent the variables in the conceptual framework (Figure 1) are associated with 

individual adoption and organizational implementation of data analytics. In the first step 

of the analysis, the relationship between the organizational context variables 

(collaboration, authenticity, institutional support, training and integrated use) and the 

dependent variables of functionality and usability was investigated. In the second step of 

the analysis, the relationship between the organizational context and innovation 

characteristics variables and the dependent variables of usefulness and legitimacy was 

investigated. In the third step of the analysis, the relationship between the organizational 

context, innovation characteristics, and adopter attitude variables and the dependent 

variable of individual adoption was investigated. Finally the relationship between 

organizational context, innovation characteristics, adopter attitudes variables, and 
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individual adoption and the dependent variable of organizational implementation was 

investigated.  

In the second stage of the analysis, survey responses were analyzed using multiple 

regression analysis to determine to what extent the variables described in the modified 

conceptual framework (Figure 2), including the variable of analytics maturity, are 

associated with individual adoption and organizational implementation of data analytics. 
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CHAPTER FOUR 

RESULTS 

Based on previous research on the implementation of organizational innovations 

(see Chapter 2), ten variables have been identified that may have a significant impact on 

individual adoption and organizational implementation (see Figure 1 in Chapter 3). The 

ten independent variables describe the organizational context, external environment, 

innovation characteristics, and adopter attitudes that may influence success. In this 

chapter, the ten variables are examined using survey data gathered during May 2013 from 

deans and department chairs from the disciplines of biology, management, English, 

nursing, political science and education from a cross-section of U.S. higher education 

institutions. Analytical scales were created from survey questions that represent different 

dimensions of each variable. The contribution of these independent variables on the 

dependent variables of individual adoption and organizational implementation is 

examined using multiple regression analysis.  
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Survey Respondents 

Table 4 shows that, of the 313 individuals who responded to the survey, the 

majority of respondents were from institutions that had not been recognized as best-

practice institutions in the area of data analytics (84 percent). More than half of 

respondents were department chairs (57 percent). The largest numbers of respondents 

were from the disciplines of nursing (20 percent) and English (20 percent) with the 

fewest respondents coming from biology (13 percent) and political science (14 percent). 

Two-thirds of respondents were from public institutions. Masters institutions had the 

greatest representation (35 percent) with baccalaureate institutions having the smallest 

(14 percent).  

Institutional Priority of Data Analytics 

The rhetoric on the emerging importance of data analytics is somewhat supported 

by respondents’ reports of its priority status at their institutions (Table 5). Respondents 

indicated that data analytics is a topic that is receiving increasing attention and 

prioritization on college campuses across the United States: 65 percent of survey 

respondents identified data analytics as a priority, either for their institution as a whole or 

for some units on their campus, and only 5 percent responded that it is not a priority or 

interest at their institution. The results are consistent with the 2012 EDUCAUSE survey, 

which found that 69 percent of chief information officers and institutional research 

professionals at the same institutions reported similar levels of prioritization (Bischel, 

2012).   
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Table 4: Survey Respondent Characteristics (n=313) 

Characteristic Total Percent of Respondents  

    

Best-practice Institution    

Best-practice Institution 51 16.3  

Not Best-practice Institution 262 83.7  

    

Role    

Dean 134 42.8  

Department Chair 179 57.2  

    

Academic Discipline    

Biology  42 13.4  

Management 46 14.7  

English  63 20.1  

Nursing  64 20.4  

Political Science 45 14.4  

Education 53 16.9  

    

Institutional Control     

Public 210 67.1  

Private, not-for-profit 103 32.9  

    

Carnegie Classification    

Research 96 30.7  

Masters 108 34.8  

Baccalaureate 44 14.1  

Associates 65 20.8  
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The perception of prioritization of data analytics is not significantly different 

across respondent roles, institutional control or Carnegie Classification (Table 6). The 

perception of prioritization was significantly different across academic discipline. No 

significant difference was found based on best-practice status, which is surprising given 

that recognition as a best-practice institution in data analytics would seem to indicate a 

higher level of institutional or unit priority. 
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Table 5: Status of Data Analytics at the Institution (n=313) 

  

Status of data analytics at the institution Responses 

A major priority institution-wide 23.5% 

A major priority for some units, but not the entire institution 41.8 

An interest for some units 26.9 

Not a priority or interest 5.4 

Don’t know 2.4 
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Table 6: Status of Data Analytics by Individual and Organizational Characteristics 

Characteristic Mean/SD F 

   

Best-practice Institution   

Overall Mean 2.9 (0.85) 0.019 

Best-practice Institution 2.9 (0.69)  

Not Best-practice Institution 2.9 (0.88)  

   

Role   

Overall Mean 2.9 (0.85) 2.386 

Dean 2.9 (0.80)  

Department Chair 2.8 (0.89)  

   

Academic Discipline   

Overall Mean 2.9 (0.85) 2.996* 

Biology  2.6 (0.77)  

Management 2.6 (0.97)  

English  2.7 (0.91)  

Nursing  3.1 (0.77)  

Political Science 2.9 (0.76)  

Education 3.1 (0.80)  

   

Institutional Control    

Overall Mean 2.9 (0.85) 0.770 

Public 2.9 (0.81)  

Private, not-for-profit 2.8 (0.92)  
   

Carnegie Classification   

Overall Mean 2.9 (0.85) 2.445 

Research 2.9 (0.82)  

Masters 2.8 (0.83)  

Baccalaureate 2.6 (0.86)  

Associates 3.1 (0.89)  
 

Response categories: 1=not a priority or interest; 2=an interest for some units; 3=a major 

priority for some units but not the entire institution; 4=a major priority institution wide;    

Significance:* p<.05; ** p<.01;*** p<.001  
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Survey Response Frequencies and Analysis 

This study investigates how individual adoption and successful implementation of 

an innovation may be driven by the organizational context in which the program is 

implemented, the external environment in which the organization exists, the acquired 

characteristics of the innovation, and academic leaders’ attitude toward the innovation. 

Successful implementation also may be influenced by the experience and background of 

the adopters and the type of institution at which they are employed. The response 

frequencies to survey questions used to construct the analytical scales are analyzed in this 

section.  

The hypothesized conceptual framework for implementing innovations in higher 

education organizations (Figure 1) is an extension of Roger’s (2003) theory of 

organizational innovation and is described in significant detail in Chapter 3. The 

conceptual framework includes five variables that describe the organizational context in 

which the innovation is being implemented (collaboration, authenticity, institutional 

support, training and integrated use), two variables that describe the acquired 

characteristics of the innovation (functionality and usability), and two variables that 

describe the individual adopter’s attitude toward the innovation (usefulness and 

legitimacy). It is hypothesized that these variables, along with pressure from the external 

environment, combine to positively influence both individual adoption and organizational 

implementation.   
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Collaboration: Involvement of Academic Leaders in Data Analytics Development 

Overall, academic leaders report limited involvement in the implementation of 

data analytics at their institutions (Table 7). Fewer than 35 percent of respondents report 

that academic leaders at their institution were very or somewhat involved in any of the 

aspects of development or implementation. Their most significant area of involvement 

appears to be in the defining of data and metrics that are used in the system, with 9 

percent reporting academic leaders were very involved and 23 percent reporting they 

were somewhat involved. The area of least involvement was in experimenting with the 

analytics system before full implementation (with 2 percent reporting academic leaders 

were very involved and 14 percent reporting they were somewhat involved) and 

designing screen layouts or data presentations, with more than half of the respondents 

saying academic leaders were not at all involved (51 percent).  
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Table 7: Descriptive Analysis: Collaboration Scale Items (n=234) 

      

How engaged have deans and 

department chairs, heads, or directors 

at your institution been in the following 

aspects of data analytics? Very 

Some 

what A little 

Not  

at all 

Don't 

know 

      

Defining data and metrics 8.8% 23.3% 44.3% 20.2% 3.4% 

Overall planning of the analytics 

system for tools 
6.9 21.4 42.7 24.8 4.2 

Designing screen layouts or data 

presentations 
3.1 13.4 26.0 50.8 6.9 

Experimenting with the analytics tools 

before full implementation 
2.3 13.8 30.7 43.3 10.0 

 

Cronbach’s Alpha = 0.880 
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Authenticity: Organizational Culture Related to Data Analytics and Data Usage 

A majority of respondents report that their institutions are moving toward a more 

data-driven culture (Table 8). More than 86 percent strongly agree or agree that their 

administration largely accepts the use of data in measuring performance. Nearly 72 

percent strongly agree or agree that their institution has a culture that supports the use of 

data to make decisions. Respondents also report that their faculty largely accepts the use 

of data in measuring performance (65 percent), but not at the same levels as their 

administration.  

Respondents were less positive about activities at their institution that directly 

link data to actions. More than half of respondents report that their institution has clearly 

defined performance outcomes (57 percent strongly agree or agree), consistently make 

changes based on data (57 percent strongly agree or agree), and direct resources to units 

where decisions are data driven (51 percent strongly agree or agree). Interestingly, 10 

percent of respondents said they “don’t know” if resources flow to units that are data 

driven, indicating a possible lack of visibility in the connection between data use and 

resource distribution.  
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Table 8: Descriptive Analysis: Authenticity Scale Items (n=283) 

      

To what extent do you agree 

with the following statements 

about your institution? 

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Our administration largely 

accepts the use of data in 

measuring performance 

27.7% 58.5% 10.9% 1.6% 1.3% 

We have a culture that supports 

the use of data to make 

decisions 

16.7 55.0 20.6 5.5 2.3 

Our faculty largely accept the 

use of data in measuring 

performance 

12.8 52.6 26.3 5.4 2.9 

We have clearly defined 

performance outcomes 
14.5 42.8 34.1 7.4 1.3 

We consistently make changes 

based on data 
8.0 49.0 35.6 5.1 2.2 

Resources flow to units where 

decisions are data driven 
4.5 46.9 29.1 9.4 10.0 

 

Cronbach’s Alpha = 0.831 
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Institutional Support: Organizational Backing for Implementing Data Analytics 

From the perspective of academic leaders, their organizations have not done a 

particularly good job of supporting data analytics at their institution (Table 9). Fewer than 

half of respondents agree their institution has provided appropriate tools and software (43 

percent). Approximately one-third agree their institution has provided timely information 

about changes to the data analytics system (35 percent) or has provided well-trained staff 

to develop models and provide analysis (33 percent). Less than one-quarter agree their 

institution has provided adequate funding for data analytics (24 percent).  

Training:  Individual Support for Data Analytics Adoption 

Academic leaders indicate that their institutions have not provided adequate 

support to them so they could more successfully use data analytics in their own practice 

(Table 10).  Fewer than one-third of respondents agreed that their organization provided 

clear definitions of data used for data analytics (32 percent). Fewer than one-quarter 

agreed that their organization provided effective training for users (23 percent) or 

provided professional development in using data in decision-making (21 percent). The 

finding is important because academic leaders are reporting that they have not received 

sufficient professional development on how to use data, even as higher education 

institutions are experiencing growing pressure to increase the use of data in decision-

making.  
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Table 9: Descriptive Analysis: Institutional Support Scale Items (n=209) 

      

For data analytics, my 

institution has provided:  

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Appropriate tools and software 

for data analytics 
2.3% 40.2% 38.6% 9.8% 9.1% 

Timely information about 

changes to the system 
2.7 32.7 44.5 14.1 6.1 

Well-trained staff to develop 

models and provide analysis 
2.3 30.2 47.3 15.6 4.6 

Adequate funding 1.9 22.3 45.8 19.3 10.6 

 

Cronbach’s Alpha = 0.838 
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Table 10: Descriptive Analysis: Training Scale Items (n=242) 

      

For data analytics, my 

institution has provided:  

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Clear definitions of data used 2.7% 29.2% 50.8% 12.9% 4.5% 

Effective training for users 1.5 21.6 57.2 15.5 4.2 

Appropriate professional 

development on how to use 

data in decision-making 

2.3 19.0 58.9 17.5 2.3 

 

Cronbach’s Alpha = 0.810 
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Integrated Use: Incorporating Data Analytics into the Institution 

Survey respondents report that data analytics is somewhat integrated with other 

systems and operations at their institution (Table 11). Fifty-five percent of respondents 

report that their data analytics tools report data linked to their strategic goals to at least 

some extent. Fewer than half said their data analytics systems provide data to external 

stakeholders (46 percent) or integrate data from different sources (37 percent). With more 

than half of respondents reporting that their institution’s data analytics systems integrate 

data from different sources very little or not at all, it is not surprising that many higher 

education organizations struggle to implement data analytics successfully.  

Analytics Maturity: Systems and Structures to Support Data Analytics 

The frequency of responses for each of the DELTA framework questions provides 

a picture of the overall level of data analytics maturity of the responding institutions 

(Table 12). The largest percentage of respondents report that their organization has Level 

2 Data “usable data but in silos” (39 percent), Level 2 Enterprise Systems, “unconnected 

data systems” (35 percent), Level 4 Leadership, “most administrators usually use data” 

(33 percent), Level 3 Targets, “a small set of goals linked to our strategic plan” (38 

percent), and Level 3 Analytical Talent, “skilled analysts in a few key areas” (43 

percent).   
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Table 11: Descriptive Analysis: Integrated Use Scale Items (n=201) 

      

To what extent do your institution’s 

data analytics tools:  

Great 

extent 

Some 

extent 

Very 

little 

Not  

at all 

Don't 

know 

      

Report data linked to your strategic 

goals  
11.5% 43.5% 33.8% 7.3% 3.8% 

Provide data to external 

stakeholders 
10.7 35.2 27.6 7.7 18.8 

Integrate data from different 

sources 
5.0 32.2 42.9 10.0 10.0 

 

Cronbach’s Alpha = 0.755 
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Table 12: Analytics Maturity Scale Construction (n=266) 

Data Quality: Which phrase best describes the quality of data available to you for 

decisions? 

Integrated, accurate and accessible data with new data incorporated regularly 7.0% 

Integrated, accurate and accessible institutional data 11.0 

Usable data that is centrally stored 30.2 

Usable data but in silos 38.9 

Unintegrated, poor quality data 11.3 

Don’t know 1.7 
  

Enterprise Systems: Which phrase best describes your institution’s data systems? 

Central data system for analysis 11.6% 

Central data system for standard reporting 30.6 

Central data system in development 16.6 

Unconnected data systems 35.2 

No real data system 1.0 

Don’t know 5.0 
  

Leadership: Which phrase best describes the use of data in decision-making at your 

institution? 

All administrators regularly use and promote the use of data 17.1% 

Most administrators usually use data 32.9 

Many administrators are beginning to use data 25.8 

A few administrators use data 19.5 

Administrators are uninterested in using data 2.3 

Don’t know 2.3 
  

Targets: Which phrase best describes the use of performance goals at your institution? 

A comprehensive set of strategic goals with ongoing data  analysis 15.3% 

A comprehensive set of goals linked to our strategic plan 31.7 

A small set of goals linked to our strategic plan 38.0 

A few disconnected goals 12.0 

No strategic or operational goals 2.0 

Don’t know 1.0 
  

Analysts: Which phrase best describes the availability of staff to conduct data analysis at 

your institution? 

Highly skilled analysts available to all areas 2.6% 

Skilled analysts available to all areas 7.3 

Skilled analysts in a few key areas 43.4 

Some with basic skills in data analysis 22.8 

A few skills in  data analysis 21.9 

Don’t know 2.0 

Cronbach’s Alpha = 0.825 
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On average, institutions are between Level 2 and Level 3 on the Analytics 

Maturity Scale, which is defined by Davenport and Harris (2010) as being somewhere 

between “Localized Analytics” and having “Analytical Aspirations,” but the range of 

maturity across institutions is surprising. Many institutions report characteristics of their 

data analytics program that would place them at “Level 1: Analytically Impaired.” 

Especially striking is the percentage of respondents who report they have “unintegrated, 

poor quality data” (11 percent) and “a few [people] with skills in data analysis” (22 

percent). On the other end of the spectrum are respondents who report characteristics of 

“Stage 5: Analytical Competitors.” Seven percent of respondents said their organizations 

have “integrated, accurate and accessible data with new data incorporated regularly”; 15 

percent said they have a comprehensive set of performance goals with ongoing data 

analysis; 17 percent said “all administrators regularly use and promote the use of data”; 

12 percent report having a “central data system for analysis”; but only 3 percent report 

having “highly skilled analysts available to all areas.”  

Consistent with both the McKinsey Group study (Manyika et al., 2011) and the 

EDUCAUSE Analytics 2012 report (Bischel 2012), access to highly trained analysts to 

conduct data analytics appears to be a significant challenge facing higher education 

organizations in implementing a data analytics program.  
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Functionality: Addressing Organizational Needs through Data Analytics 

Academic leaders are having a mixed experience with the functionality of data 

and reporting available to them through the analytics system (Table 13). Just over two-

thirds of respondents said the data analytics tools available to them provide accurate data, 

to some or a great extent (69 percent), but just over one-third said they allow for 

adaptations (36 percent) to at least the same extent. Fewer than 40 percent agree that the 

system provides the right kind of data (39 percent) or has significantly improved 

decision-making at their institution (37 percent). These results indicate that there may be 

a disconnect between the data available to academic leaders and the type of data they 

need to make organizational decisions.  

 

 

 

  



83 

 

Table 13: Descriptive Analysis: Functionality Scale Items (n=192) 

      

To what extent do your 

institution’s data analytics 

tools:  

Great 

extent 

Some 

extent 

Very 

little 

Not  

at all 

Don't 

know 

      

Provide accurate data 10.4% 58.5% 19.6% 3.1% 8.5% 

Allow for adaptations to meet 

different needs 
3.8 32.2 41.4 11.5 11.1 

      

In my experience, my 

institution’s data analytics 

tools:  

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Provide the right kind of data 1.1% 38.2% 45% 9.2% 6.5% 

Have significantly improved 

decision-making at my 

institution 

3.8 33.5 38.8 9.5 14.4 

 

Cronbach’s Alpha = 0.789 
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Usability: Ease of Incorporating Data Analytics into Professional Practice 

Overall, academic leaders do not find the data analytics tools available to them to 

be particularly usable (Table 14). Fewer than one-third of respondents agree that their 

institution’s data analytics tools provide reports in the right format (32 percent), make 

information easy to access (30 percent), or do what they want them to do (28 percent). 

Only one-quarter of respondents agree that their data analytics tools are versatile in 

addressing needs as they arise (26 percent) or were easy to operate (23 percent). In fact 

not a single respondent strongly agreed that their institution’s data analytics tools were 

easy to operate.  

Usefulness: Using Data Analytics to Improve Professional Practice 

Academic leaders report that data analytics are having a limited impact on their 

own decision-making (Table 15). More than 60 percent of respondents said that data 

analytics has improved their ability to make good decisions to a great or some extent (60 

percent), while just over one-third agree that data analytics enables them to make 

decisions more quickly (36 percent).  
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Table 14: Descriptive Analysis: Usability Scale Items (n=215) 

      

In my experience, my 

institution’s data analytics 

tools:  

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Provide data in the right format 1.1% 30.7% 50.8% 12.5% 4.9% 

Make information easy to 

access 
1.1 29.2 53.4 13.6 2.7 

Do what I want them to do 1.1 27.3 52.3 12.5 6.8 

Are versatile in addressing 

needs as they arise 
1.9 24.0 51.7 12.2 10.3 

Are easy to operate 0.0 23.2 51.3 16.3 9.1 

 

Cronbach’s Alpha = 0.879 
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Table 15: Descriptive Analysis: Usefulness Scale Items (n=243) 

      

In my experience, my 

institution’s data analytics 

tools:  

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

      

Enable me to make 

decisions quickly 
1.1% 35.1% 47.7% 11.1% 5.0% 

      

To what extent do your 

institution’s data analytics 

tools:  

Great 

extent 

Some 

extent 

Very 

little 

Not  

at all 

Don't 

know 

      

Improve my ability to 

make good decisions 
10.7 49.6 30.5 6.9 2.3 

 

Correlation = 0.601 
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Legitimacy: Perception of Benefits of Data Analytics 

Respondents were asked to indicate the level of potential benefit from the use of 

data analytics. Academic leaders report the greatest benefits of data analytics to be in the 

areas of optimizing resources, recruiting students, demonstrating higher education’s 

benefit to external audiences, and informing strategic investments, with more than 50 

percent of respondents indicating they believe data analytics could provide a “major 

benefit” in these areas. Academic leaders anticipated lower levels of benefit from data 

analytics in improving administrative and faculty performance and containing or 

lowering the cost of education, with 35 percent or fewer of respondents indicating they 

saw data analytics providing a major benefit in these areas (Table 16).  
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Table 16: Descriptive Analysis: Legitimacy/Benefit Scale Items (n=283) 

 
    

What kind of benefit do you think data 

analytics will yield in the following 

areas? 

Major 

benefit 

Minor 

benefit 

No 

benefit 

Don’t 

know 

     

Optimizing use of resources 60.5% 33.0% 3.7% 2.7% 

Recruiting students 57.0 35.8 3.4 3.8 

Demonstrating higher education’s 

effectiveness to external audiences 
54.4 36.4 5.8 3.4 

Informing strategic investments 50.3 33.2 5.5 11.0 

Helping students learn more 

effectively 
49.7 41.5 6.1 2.7 

Helping students graduate on time 46.6 42.1 8.9 2.4 

Containing or lowering the cost of 

education  
35.0 46.3 9.9 8.8 

Improving administrative performance 35.0 45.9 13.6 5.4 

Improving faculty performance 27.9 56.8 12.9 2.4 

 

Cronbach’s Alpha = 0.880  

  



89 

 

Legitimacy/Concerns with Data Use  

As in the case of perception of benefit, respondents were asked to indicate their 

level of potential concern with the use of data analytics (Table 17). Their greatest areas of 

concern are that wrong conclusions will be drawn about their institution, with 94 percent 

reporting a major or minor concern, and that data will be misused, with more than 80 

percent of respondents reporting a concern. Respondents were split about concern that 

governing bodies may mandate the use of data, with 44 percent reporting a major 

concern, 32 percent reporting a minor concern and 24 percent reporting no concern. They 

also were split on the appropriateness of data analytics as a model for higher education, 

with 29 percent of respondents reporting a major concern, 35 percent reporting a minor 

concern, and 32 percent saying it was no concern.  

Legitimacy/Concerns with Current Models 

The greatest concern among all respondents is that current models of measuring 

both quality and productivity could be inadequate, with 64 percent and 53 percent 

respectively reporting a major concern (Table 18). Only 4 percent and 6 percent 

respectively indicated that they had “no concern” with these issues.  

When taken together, responses to concern with use and concern with current 

models may indicate that academic leaders are not necessarily concerned that data 

analytics is the wrong approach for higher education, but they believe that the current 

models in use are inadequate and do not serve them well.  
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Table 17: Descriptive Analysis: Legitimacy/Concern with Data Use Scale Items 

(n=269) 

     

What kind of concern, if any, do you 

have about the use of data analytics? 

Major 

concern 

Minor 

concern 

No 

concern 

Don't 

know 

     

Governing bodies may mandate the 

use of data 
44.0% 31.7% 23.5% 0.7% 

Wrong conclusions may be drawn 

about our institution 
38.6 55.3 5.5 0.7 

Data will be misused 30.1 51.7 17.1 1.0 

Using  data analytics may be the 

wrong model for higher education 
28.6 34.8 32.4 4.2 

 

Cronbach’s Alpha = 0.744 
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Table 18: Descriptive Analysis: Legitimacy/Concern with Model Scale Items 

(n=284) 

     

What kind of concern, if any, do you 

have about the use of data analytics? 

Major 

concern 

Minor 

concern 

No 

concern 

Don't 

know 

     

Current models of measuring quality 

could be inadequate 
63.7% 31.2% 3.8% 1.4% 

Current models of measuring 

productivity could be inadequate 
53.2 38.6 5.5 2.7 

 

Correlation = 0.792 
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External Pressure: Environmental Drivers for Data Analytics Adoption  

 Academic leaders report experiencing widespread external pressure to adopt more 

extensive use of data analytics (Table 19). When the response categories of “great extent” 

and “some extent” are combined, at least 70 percent of respondents reported that each 

category will drive expanded data use. Respondents hold an almost universal view that 

accrediting bodies are a driver for the expanded use of data and data analytics. More than 

97 percent of respondents said that the reporting requirements of accrediting bodies will 

drive expanded use of data, to a great or to some extent. Not a single respondent 

answered “not at all.” Reporting requirements of accrediting bodies is the only potential 

driver for which a majority of respondents indicated it will drive adoption to a great 

extent. 

 After the influence of accrediting bodies, the next three most important external 

drivers are pressure to improve student learning and student completion rates and to 

identify cost savings. Each of the areas involves more specific analysis of internal 

operations, which are likely driven by external pressure for performance.   
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Table 19: Descriptive Analysis: External Pressure Scale Items (n=287) 

      

To what extent do you think the 

following will drive expanded 

use of data at your institution? 

Great 

extent 

Some 

extent 

Very 

little 

Not at 

all 

Don't 

know 

      

Reporting requirements of 

accrediting bodies 
67.7% 29.4% 2.2% 0.0% 0.6% 

Pressure to improve student 

learning 
37.2 53.5 7.1 1.9 0.3 

Pressure to improve student 

completion rates  
45.5 41.0 10.0 1.9 1.6 

Pressure to identify cost savings 39.6 45.4 12.5 0.6 1.9 

External competition 21.5 55.4 17.6 3.2 2.2 

Public accountability 24.9 49.5 19.2 4.8 1.6 

Reporting requirements of your 

board of trustees 
29.6 42.8 20.6 4.5 2.6 

 

Cronbach’s Alpha = 0.796 
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Individual Adoption of Organizational Innovations 

 An examination of the frequencies of responses to each question that makes up 

the individual adoption scale indicates that most respondents use data analytics to some 

extent (Table 20), with more than 83 percent reporting they use data analytics to a great 

or some extent to guide their decision-making in the last year. Nearly 83 percent said they 

used data analytics in discussions at college or department meetings, and nearly 76 

percent used data analytics during informal conversations with colleagues in the last year.  

A separate survey question assessed respondents’ future use of data analytics 

(Table 21). Not only do academic leaders report relatively strong usage of data analytics 

within the last year, they also report anticipating increased use over the next year. Nearly 

80 percent said their usage of data analytics will increase either substantially or slightly.   
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Table 20: Descriptive Analysis: Individual Adoption Scale Items (n=262) 

     

To what extent have you used data 

analytics for the following in the 

last year? 

Great 

extent Somewhat Very little Not at all 

     

Used data analytics to guide your 

own decision-making in the last 

year 

37.4% 46.2% 14.5% 1.9% 

Used data analytics in discussions 

at college or department meetings 

in the last year 

35.9 46.9 13.4 3.8 

Used data analytics during 

informal conversations with 

colleagues in the last year 

23.7 51.9 21.0 3.4 

 

Cronbach’s Alpha = 0.884 

  



96 

 

Table 21: How do you anticipate your usage of data analytics will change in the next 

year? (n=262) 

  

Response Percentage 

Increase substantially 37.4% 

Increase slightly 42.4 

Stay about the same 19.1 

Decrease slightly 0.4 

Decrease substantially 0.8 
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Organizational Implementation: Depth of Data Usage Across Operational Functions 

As originally indicated in the 2012 EDUCAUSE study (Bischel 2012), data usage 

varies across institutions and across operational functions within institutions. A question 

format similar to that of the 2012 EDUCAUSE survey asked academic leaders to indicate 

the level of data usage within their own unit across seven functional categories: grants 

and research administration, enrollment management, student retention and graduation, 

course scheduling and staffing, cost of delivering programs, student learning assessment, 

and strategic plan implementation. Respondents were asked to indicate the highest level 

of data usage within their unit for each functional category: use data to forecast 

performance, use data to inform planning, use data to monitor progress, collect data but it 

is rarely used, and don’t collect data.  

The fourth and fifth categories (use data to inform planning and use data to 

forecast performance) traditionally define entrance into the realm of data analytics. When 

these two categories are combined, it appears that higher education institutions have 

made the most progress in the more operations-centric functions of course staffing and 

scheduling (69 percent) and enrollment management (68 percent), with nearly 70 percent 

of respondents indicating they use data to inform planning or forecast performance in 

these areas. The functional categories in which data analytics is least utilized is in 

managing the cost to deliver programs (44 percent) and grants and research 

administration (35 percent). Surprising is the moderate use of data analytics in the area of 

student learning assessment (52 percent) and student retention and graduation (60 

percent), given the high profile these operational areas have achieved among accrediting 

bodies and public accountability reports (Table 22).  
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Table 22: Descriptive Analysis: Organizational Implementation Scale Items (n=212) 

       

What is the 

highest level at 

which data is 

used in your 

unit? 

Use data to 

forecast 

performance 

Use data 

to inform 

planning 

Use data 

to 

monitor 

progress 

Collect 

data 

but it is 

rarely 

used 

Don’t 

collect 

data 

Don’t 

know 

       

Course 

schedules and 

staffing 

18.2% 50.8% 15.7% 7.0% 6.7% 1.6% 

Enrollment  

management 
30.4 37.7 17.3 5.4 3.2 6.1 

Student 

retention and 

graduation 

26.0 34.0 26.6 7.4 3.2 2.9 

Strategic 

planning 
17.6 41.3 17.9 9.6 6.4 7.1 

Student 

learning 

assessment 

16.6 35.1 34.5 10.5 2.6 0.6 

Cost to deliver 

programs 
11.3 32.8 14.1 17.0 11.6 13.2 

Grants and 

research 

administration 

9.7 25.5 25.8 9.7 10.0 19.4 

 

Cronbach’s Alpha = 0.884   
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Within each functional category, academic leaders are using data at different 

levels depending on their role and academic discipline. The mean level of data usage for 

strategic plan implementation is 3.6, which means the average academic unit is moving 

from using data to monitor the progress of their strategic plan to using data to inform 

changes to their strategic plan. The mean level of usage is similar across all individual 

and organizational characteristics, with the exception of academic discipline (Table 25).  

The mean level of data usage for student learning assessment is 3.5, which means 

the average academic unit is moving from monitoring student learning to using data to 

inform curricular planning. Again, the mean level of usage is similar across all individual 

and organizational characteristics, with the exception of academic discipline (Table 25). 

Academic leaders in nursing and education report using data at higher levels in the area 

of student learning assessment.  

The mean level of data usage related to student retention and graduation is 3.7 but 

varies considerably across individual and institutional characteristics. A statistically 

significant difference exists based on status as a best-practice institution, but it is 

academic leaders from institutions that have not been recognized as best-practice 

institutions that report a higher level of data usage in this area (Table 23). Statistically 

significant differences are reported based on role, with deans reporting higher usage 

(Table 24), and institutional control, with private institutions reporting higher usage 

(Table 26). Within academic disciplines, biology and nursing report higher usage levels 

(Table 25).  
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The mean level of data usage for managing the cost of delivering programs is 3.2, 

with little variability across individual and organizational characteristics. The one 

exception is academic discipline (Table 25).  

The mean data usage for enrollment management is 3.9, which means institutions 

are consistently using data to inform enrollment planning. Usage does vary based on role 

within the institution, institutional control and Carnegie Classification. Deans report their 

units engage in higher levels of data usage for enrollment management than department 

chairs (Table 24); private institutions report higher levels than public institutions (Table 

26); and baccalaureate institutions report higher levels than the other Carnegie 

Classifications (Table 27).  

Academic leaders report mean data usage in the area of grants and research 

administration of 3.2, which can be interpreted as the average institution is using data to 

monitor progress of their grants and research activity. Mean data usage for grants and 

research administration varied significantly based on the following: role within the 

institution, with deans reporting higher levels of usage than department chairs (Table 24); 

academic discipline, with nursing and education reporting higher levels of usage (Table 

25); institutional control, with public institutions reporting significantly higher levels of 

usage than private, not-for-profit institutions (Table 26); and Carnegie Classification, 

with research institutions reporting higher levels of usage than baccalaureate institutions 

(Table 27). 
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Table 23: Mean Data Usage by Best Practice Status 

     

 

Overall 

Mean 

Best-Practice 

Institution 

Not Best-

Practice 

Institution F 

     

Course 

Scheduling and 

Staffing 

3.7 (1.07) 3.7 (1.06) 3.7 (1.07) 0.117 

Enrollment 

Management 
3.9 (1.02) 3.9 (1.14) 3.9 (1.00) 0.268 

Student Retention  

and Graduation 
3.7 (1.04) 3.5 (1.22) 3.8 (0.99) 4.482* 

Strategic Plan 

Implementation 
3.6 (1.12) 3.5 (1.31) 3.6 (1.08) 0.698 

Student Learning 

Assessment 
3.5 (0.98) 3.5 (1.05) 3.5 (0.96) 0.404 

Cost of 

Delivering 

Programs 

3.2 (1.27) 3.1 (1.32) 3.2 (1.26) 0.047 

Grants and 

Research 

Administration 

3.2 (1.18) 3.3 (1.26) 3.2 (1.16) 0.172 

 

Response categories: 1=Don’t collect data; 2=Collect data but it is rarely used; 3=Use data to 

monitor progress; 4=Use data to inform planning; 5=Use data to forecast performance. 

Significance: * p<.05; ** p<.01;*** p<.001 
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Table 24: Mean Data Usage by Role at Institution 

     

 

Overall Mean Dean 

Department 

Chair F 

     

Course 

Scheduling and 

Staffing 

3.7 (1.07) 3.8 (0.96) 3.6 (1.14) 2.529 

Enrollment 

Management 
3.9 (1.02) 4.1 (0.97) 3.8 (1.05) 3.912* 

Student Retention 

and Graduation 
3.7 (1.04) 3.9 (0.96) 3.6 (1.08) 5.032* 

Strategic Plan 

Implementation 
3.6 (1.12) 3.6 (1.02) 3.5 (1.19) 0.803 

Student Learning 

Assessment 
3.5 (0.98) 3.6 (0.99) 3.4 (0.96) 3.309 

Cost of 

Delivering 

Programs 

3.2 (1.27) 3.3 (1.19) 3.0 (1.32) 3.029 

Grants and 

Research 

Administration 

3.2 (1.18) 3.4 (1.00) 3.0 (1.31) 6.535* 

 

Response categories: 1=Don’t collect data; 2=Collect data but it is rarely used; 3=Use data to 

monitor progress; 4=Use data to inform planning; 5=Use data to forecast performance. 

Significance: * p<.05; ** p<.01;*** p<.001 
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Table 25: Mean Data Usage by Academic Discipline 

F
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Table 26: Mean Data Usage by Institutional Control 

     

 Overall Mean Public 

Private,  

not-for-profit F 

     

Course 

Scheduling and 

Staffing 

3.7 (1.07) 3.7 (1.01) 3.5 (1.17) 2.603 

Enrollment 

Management 
3.9 (1.02) 3.8 (1.01) 4.1 (1.01) 6.376* 

Student Retention 

and Graduation 
3.7 (1.04) 3.6 (1.07) 3.9 (0.95) 5.809* 

Strategic Plan 

Implementation 
3.6 (1.12) 3.6 (1.14) 3.6 (1.07) 0.457 

Student Learning 

Assessment 
3.5 (0.98) 3.6 (0.99) 3.5 (0.95) 0.672 

Cost of 

Delivering 

Programs 

3.2 (1.27) 3.2 (1.25) 3.1 (1.30) 0.969 

Grants and 

Research 

Administration 

3.2 (1.18) 3.3 (1.10) 2.8 (1.27) 9.786** 

 

Response categories: 1=Don’t collect data; 2=Collect data but it is rarely used; 3=Use data to 

monitor progress; 4=Use data to inform planning; 5=Use data to forecast performance. 

Significance: * p<.05; ** p<.01;*** p<.001 
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Table 27: Mean Data Usage by Carnegie Classification 

       

 

Overall 

Mean Research Masters Baccalaureate Associates F 

       

Course 

Scheduling and 

Staffing 
3.7 (1.07) 3.8 (1.00) 3.7 (1.00) 3.6 (1.32) 3.5 (1.10) 0.657 

Enrollment 

Management 
3.9 (1.02) 3.8 (1.10) 4.1 (0.93) 4.2 (1.02) 3.8 (1.01) 2.698* 

Student 

Retention and 

Graduation 
3.7 (1.04) 3.6 (1.11) 3.8 (1.01) 3.9 (1.07) 3.7 (0.96) 0.949 

Strategic Plan 

Implementation 
3.6 (1.12) 3.4 (1.24) 3.6 (1.09) 3.8 (0.96) 3.7 (1.01) 1.984 

Student 

Learning 

Assessment 
3.5 (0.98) 3.5 (1.03) 3.6 (0.95) 3.5 (0.90) 3.6 (1.01) 0.277 

Cost of 

Delivering 

Programs 
3.2 (1.27) 3.2 (1.35) 3.2 (1.27) 2.7 (1.22) 3.4 (1.08) 2.064 

Grants and 

Research 

Administration 
3.2 (1.18) 3.4 (1.12) 3.1 (1.07) 2.7 (1.42) 3.3 (1.23) 2.849* 

 

Response categories: 1=Don’t collect data; 2=Collect data but it is rarely used; 3=Use data to 

monitor progress; 4=Use data to inform planning; 5=Use data to forecast performance. 

Significance: * p<.05; ** p<.01;*** p<.001 
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Understanding the differing levels of data usage across operational categories and 

individual and organizational characteristics is important because previous research 

indicates that successful innovation adoption requires that the innovation be legitimate 

and useful. The findings from this section seem to support this position. The level of data 

usage by an institution appear to be influenced by the following: business need, such as 

the increased level of usage of enrollment management and student retention analytics by 

private institutions because of their need to strategically manage tuition revenue; or 

organizational mission, such as the increased level of usage for research and grants 

administration analytics by research institutions. The level of data usage also appears to 

be influenced by the discipline of the adopters and the type of institution at which they 

are employed.  

Relationships between Scale Variables and Control Variables 

To see if significant differences in experiences with and attitudes toward data 

analytics exist across groups, the mean scores for the independent and dependent variable 

scales were analyzed by the control variables of best-practice status, role, academic 

discipline, institutional control, and Carnegie Classification. No significant differences in 

scales were found between best-practice and other institutions (Table 28).  
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Table 28: Mean Score of Analytical Scales by Best-practice Status 

 Overall Mean 

Best-practice 

Institution 

Not Best-

practice 

Institution F 

Collaboration 7.7 (2.92) 7.2 (2.99) 7.8 (2.91) 1.002 

Authenticity 16.4 (3.28) 16.6 (3.25) 16.4 (3.30) 0.209 

Institutional 

Support 
8.9 (2.43) 9.3 (2.02) 8.8 (2.49) 1.101 

Training 6.4 (1.75) 6.3 (1.61) 6.4 (1.78) 0.034 

Integrated Use 7.6 (1.95) 7.2 (1.89) 7.7 (1.95) 1.889 

Analytics 

Maturity 
15.2 (3.99) 15.6 (3.80) 15.1 (4.02 0.553 

Functionality 10.0 (2.22) 9.3 (2.57) 10.1 (2.14) 2.475 

Usability 10.8 (2.80) 10.7 (2.93) 10.8 (2.79) 0.073 

Usefulness 4.9 (1.30) 4.7 (1.49) 5.0 (1.25) 1.749 

Legitimacy/ 

Benefit 
21.7 (3.98) 21.6 (4.51) 21.7 (3.88) 0.037 

Legitimacy/ 

Concern with 

Data Use 

8.7 (2.14) 8.7 (2.06) 8.7 (2.17) 0.011 

Legitimacy/ 

Concern with 

Model 

5.1 (1.10) 5.1 (1.17) 5.1 (1.09) 0.006 

External Pressure 18.8 (3.16) 18.9 (3.61) 18.8 (3.08) 0.013 

Individual 

Adoption 
9.3 (2.08) 9.0 (2.21) 9.4 (2.05) 0.899 

Organizational 

Implementation 
25.1 (5.69) 24.6 (6.27) 25.1 (5.58) 0.236 

 

Significance: * p<.05; ** p<.01;*** p<.001 
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Significant differences by role were found to exist, with deans reporting higher 

levels of analytics maturity, functionality, usefulness, individual adoption, and 

organizational implementation of data analytics at their institution (Table 29). There 

appears to be a relationship based on role between an academic leader’s perception of the 

usefulness of data analytics, their concern with the use of data analytics and individual 

adoption. It may be that as individuals begin to use analytics, its usefulness becomes 

more apparent (or not), which begins to impact their concern with how the data is used. 

Deans may experience higher levels of use, both individually and organizationally, 

because their role provides a broader organizational view and greater opportunity for use. 

Significant differences also exist across academic disciplines (Table 30). 

Academic leaders in education report higher levels of collaboration in the development of 

data analytics, while those from English report lower levels. There are also significant 

differences in the extent to which campuses are data-driven, with nursing and education 

reporting higher levels than management and political science. Academic leaders from 

political science report the lowest levels of usefulness and benefit of data analytics 

compared to their peers from the remaining disciplines. It appears academic leaders are 

experiencing different levels of external pressure to adopt data analytics, with nursing 

reporting greater amounts of pressure, especially compared to management who report 

experiencing lower levels of pressure. Finally, respondents report a small but significant 

difference in individual adoption, with academic leaders in education reporting the higher 

levels of adoption and those in English and political science reporting lower levels.   
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Table 29: Mean Score of Analytical Scales by Role 

 Overall Mean Dean 

Department 

Chair F 

Collaboration 7.7 (2.92) 7.6 (2.56) 7.7 (3.25) 0.053 

Authenticity 16.4 (3.28) 16.5 (3.17) 16.3 (3.39) 0.315 

Institutional 

Support 
8.9 (2.43) 9.2 (2.31) 8.5 (2.52) 3.533 

Training 6.4 (1.75) 6.6 (1.58) 6.2 (1.87) 2.931 

Integrated Use 7.6 (1.95) 7.6 (1.64) 7.7 (2.24) 0.193 

Analytics 

Maturity 
15.2 (3.99) 15.7 (3.90) 14.6 (4.01) 5.135* 

Functionality 10.0 (2.22) 10.3 (2.01) 9.6 (2.35) 6.138* 

Usability 10.8 (2.80) 11.1 (2.63) 10.6 (2.94) 1.849 

Usefulness 4.9 (1.30) 5.2 (1.08) 4.7(1.42) 10.829** 

Legitimacy/ 

Benefit 
21.7 (3.98) 22.2 (3.20) 21.2 (4.58) 3.353 

Legitimacy/ 

Concern with 

Data Use 

8.7 (2.14) 8.1 (1.91) 9.2 (2.21) 18.988*** 

Legitimacy/ 

Concern with 

Models 

5.1 (1.10) 5.1 (1.07) 5.1 (1.13) 0.068 

External 

Pressure 
18.8 (3.16) 19.2 (2.76) 18.6 (3.43) 2.284 

Individual 

Adoption 
9.3 (2.08) 9.7 (1.89) 8.9 (2.15) 10.495** 

Organizational 

Implementation 
25.1 (5.69) 25.9 (5.10) 24.0 (6.23) 5.708* 

 

Significance: * p<.05; ** p<.01;*** p<.001  
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Table 30: Mean score of Analytical Scales by Academic Discipline 
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From the previous analysis, it appears that external pressure may play a catalyzing 

role in the adoption of data analytics. Those disciplines that report higher levels of 

external pressure to adopt data analytics also report that their units are more data-driven 

and report greater benefit from use.  

When institutional control is considered, little significant difference exists in the 

experiences and attitudes of academic leaders from public and private, not-for-profit 

institutions except in the area of external pressure (Table 31). Academic leaders from 

public institutions report higher levels of external pressure to adopt data analytics than 

their peers at private, not-for-profit institutions.  

When mean responses to the scales are compared across Carnegie Classification, 

four areas of significant difference are identified (Table 32). Academic leaders from 

Associates-degree institutions have a more data-driven culture (authenticity) and report 

that data analytics is more integrated into their plans and operations (integrated use). 

They perceive data analytics as having a greater potential benefit to their organization 

and the higher education industry (legitimacy/benefit) and are feeling greater pressure to 

adopt data analytics (external pressure).  
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Table 31: Mean Score of Analytical Scales by Institutional Control 

 

Overall Mean Public 

Private,  

not-for-profit F 

Collaboration 7.7 (2.92) 7.5 (2.84) 8.0 (3.08) 1.235 

Authenticity 16.4 (3.28) 16.7 (3.12) 15.9 (3.56) 3.384 

Institutional 

Support 
8.9 (2.43) 8.8 (2.33) 8.9 (2.64) 0.053 

Training 6.4 (1.75) 6.4 (1.72) 6.2 (1.82) 0.891 

Integrated Use 7.6 (1.95) 7.6 (2.02) 7.7 (1.83) 0.128 

Analytics 

Maturity 
15.2 (3.99) 15.3 (4.02) 14.8 (3.94) 0.993 

Functionality 10.0 (2.22) 10.0 (2.28) 10.0 (2.11) 0.004 

Usability 10.8 (2.80) 10.8 (2.78) 10.8 (2.87) 0.017 

Usefulness 4.9 (1.30) 4.9 (1.28) 4.9 (1.34) 0.206 

Legitimacy/ 

Benefit 
21.7 (3.98) 22.0 (3.93) 21.1 (4.03) 2.574 

Legitimacy/ 

Concern with 

Data Use 

8.7 (2.14) 8.6 (2.05) 8.8 (2.35) 0.504 

Legitimacy/ 

Concern with 

Model 

5.1 (1.10) 5.1 (1.07) 5.0 (1.16) 1.120 

External Pressure 18.8 (3.16) 19.3 (2.95) 17.8 (3.35) 15.223*** 

Individual 

Adoption 
9.3 (2.08) 9.3 (2.04) 9.2 (2.16) 0.199 

Organizational 

Implementation 
25.1 (5.69) 25.2 (5.52) 24.8 (6.15) 0.148 

 

Significance: * p<.05; ** p<.01;*** p<.001 
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Table 32: Mean Score of Analytical Scales by Carnegie Classification 

 Overall 

Mean Research Masters Baccalaureate Associates F 

       

Collaboration 7.7 (2.92) 7.3 (2.90) 7.5 (2.85) 8.3 (3.18) 8.1 (2.89) 1.254 

Authenticity 16.4 (3.28) 16.1 (3.20) 16.3 (3.31) 15.6 (3.51) 17.5 (3.04) 2.872* 

Institutional 

Support 
8.9 (2.43) 8.4 (2.41) 8.8 (2.28) 9.6 (2.68) 9.3 (2.47) 2.195 

Training 6.4 (1.75) 6.1 (1.71) 6.4 (1.82) 6.6 (1.74) 6.6 (1.71) 0.797 

Integrated Use 7.6 (1.95) 7.0 (1.97) 7.8 (1.64) 7.4 (2.01) 8.4 (2.07) 5.095** 

Analytics 

Maturity 
15.2 (3.99) 14.7 (3.99) 15.3 (3.78) 15.0 (3.77) 15.7 (4.52) 0.753 

Functionality 10.0 (2.22) 9.5 (2.61) 10.1 (2.03) 10.0 (2.09) 10.4 (1.98) 1.385 

Usability 10.8 (2.80) 10.1 (2.96) 11.3 (2.61) 11.0 (2.51) 10.8 (2.96) 2.325 

Usefulness 4.9 (1.30) 4.7 (1.28) 5.0 (1.24) 4.7 (1.38) 5.1 (1.35) 1.275 

Legitimacy/ 

Benefit 
21.7 (3.98) 21.8 (4.15) 21.8 (3.90) 19.8 (3.76) 22.8 (3.62) 3.795* 

Legitimacy/ 

Concern with 

Data Use 

8.7 (2.14) 8.6 (1.99) 8.6 (2.13) 8.8 (2.53) 8.8 (2.53) 0.099 

Legitimacy/ 

Concern with 

Model 

5.1 (1.10) 5.2 (1.11) 5.2 (0.95) 4.7 (1.33) 5.1 (1.16) 1.634 

External Pressure 18.8 (3.16) 18.6 (3.73) 19.2 (2.59) 17.2 (3.16) 19.5 (2.82) 5.189** 

Individual 

Adoption 
9.3 (2.08) 9.1 (2.13) 9.5 (1.91) 9.1 (2.14) 9.4 (2.22) 0.651 

Organizational 

Implementation 
25.1 (5.69) 24.7 (5.93) 25.5 (5.21) 25.1 (5.43) 24.9 (6.37) 0.262 

 

Significance: * p<.05; ** p<.01;*** p<.001 
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Testing Relationships in the Conceptual Framework 

With the dependent and independent scales that represent the variables in the 

conceptual framework, multiple regressions were conducted to test the relationships in 

the model. As suggested by the conceptual framework, adoption of data analytics by 

academic leaders may be associated with: 1) the organizational context in which the data 

analytics program is being implemented; 2) the characteristics of the data analytics 

program itself; 3) and the attitude of the individual toward data analytics.  

The first analysis tested the relationship between the organizational context 

variables of collaboration, authenticity, institutional support, training and integrated use 

and the innovation characteristics of functionality and usability. Based on the findings 

from the multiple regression analysis (Table 33), academic leaders’ perceptions of the 

innovation characteristics of usability and functionality are influenced by different sets of 

variables within the organizational context.  

The variables of collaboration, authenticity, training, and integrated use are 

significant in a model that explains over 60 percent of the variability in an academic 

leader’s perception that the data analytics program is functional. When an institution has 

a data-driven culture (authenticity), involves academic leaders in the collaborative 

development of the program (collaboration), successfully integrates data analytics with 

other information and operations within the institution (integrated use), and provides 

appropriate training (training), academic leaders perceive data analytics as more 

functional.  
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Table 33: Regression of Innovation Characteristics on Organizational Context 

 Functionality Usability 

Organizational Context   

     Collaboration 0.207** 0.152 

     Authenticity 0.185* 0.101 

     Institutional Support 0.118 0.229* 

     Training 0.256** 0.275** 

     Integrated Use 0.242** 0.131 

External Pressure 0.093 0.025 

Control Variables   

     Best-practice Institution: Yes
1
 0.014 0.046 

     Role: Dean
2
 0.074 -0.037 

     Discipline: Biology
3
 -0.083 0.013 

     Discipline: Management
3
 0.066 0.010 

     Discipline: Political Science
3
 -0.075 -0.036 

     Discipline: Nursing
3
 -0.087 0.001 

     Discipline: Education
3
 -0.095 0.087 

     Control: Private Institution
4
 0.032 -0.086 

     Carnegie: Masters
5
 -0.030 0.095 

     Carnegie: Baccalaureate
5
 -0.042 0.097 

     Carnegie: Associates
5
 -0.033 0.000 

R
2
 0.609*** 0.534*** 

 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution  
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The variables of institutional support and training are significant in a model that 

explains over 50 percent of the variability in an academic leaders’ perception that data 

analytics were usable (Table 33). When academic leaders find their institution provides 

appropriate funding, tools, and staff to support and maintain data analytics (institutional 

support) and provides training and professional development for use (training), they are 

more likely to perceive that the data analytics program at their institution is usable within 

their own practice.  

Next adopter attitudes (usefulness, legitimacy/benefit, legitimacy/concern with 

data use, and legitimacy/concern with models) were regressed on the innovation 

characteristics and organizational context variables (Table 34). It may be that usefulness 

and legitimacy are not inherent characteristics of an innovation but are acquired through 

the actions of the organization and the experiences of individual adopters as an 

innovation is implemented and supported within a specific organization.  

The perception of the usefulness of data analytics is influenced by both the 

characteristics of the data analytics program and by the organizational context in which 

the program is implemented. Functionality, usability, authenticity, training, and 

integrated use are significant in a model that explains over 73 percent of the variability in 

the academic leaders’ perception that data analytics is useful. 
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Table 34: Regression of Adopter Attitudes on Innovation Characteristics and 

Organizational Context 

 

Usefulness 

Legitimacy/ 

Benefit 

Legitimacy/ 

Concern 

with Data 

Use 

Legitimacy/ 

Concern 

with Models 

Innovation Characteristics     

     Functionality 0.520*** 0.510** -0.313* -0.024 

     Usability 0.284** -0.134 0.164 -0.245 

Organizational Context     

     Collaboration -0.048 0.007 -0.119 0.067 

     Authenticity 0.182** -0.083 -0.107 -0.106 

     Institutional Support 0.036 -0.157 0.024 -0.212 

     Training -0.228** 0.033 0.012 0.232 

     Integrated Use 0.194** -0.063 -0.059 -0.150 

External Pressure 0.031 0.045 0.164 0.309** 

Control Variables     

     Best-practice Institution: Yes
1
 0.021 0.014 -0.029 -0.047 

     Role: Dean
2
 0.083 -0.046 -0.150 0.048 

     Discipline: Biology
3
 -0.045 0.145 0.023 0.074 

     Discipline: Management
3
 0.091 0.067 -0.096 -0.164 

     Discipline: Political Science
3
 0.012 -0.043 0.047 -0.125 

     Discipline: Nursing
3
 -0.056 0.306* -0.199 -0.061 

     Discipline: Education
3
 -0.104 0.155 0.017 0.020 

     Control: Private Institution
4
 -0.008 0.115 0.166 0.087 

     Carnegie: Masters
5
 -0.074 -0.049 0.063 0.117 

     Carnegie: Baccalaureate
5
 -0.132 -0.307* 0.008 0.145 

     Carnegie: Associates
5
 -0.080 0.081 0.240 0.199 

R
2
 0.736*** 0.329** 0.220 0.203 

 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution  
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When academic leaders experience their institution as having a data-driven 

culture (authenticity), they are more likely to perceive data analytics as useful to them 

personally. In addition, when available data are accurate and appropriate (functional), 

easy to incorporate into their practice (usability), and integrated with other systems and 

data within the organization (integrated use), academic leaders perceive data analytics as 

more useful. There is a negative relationship between usefulness and training. Training 

has a positive relationship with both functionality and usability, but when all three 

variables are included in the model for usefulness, training has a negative association 

with usefulness.  

The drivers of the perception of legitimacy are more difficult to interpret. 

Functionality, academic discipline, and Carnegie Classification made significant 

contributions to a model that explains 33 percent of the variability in the respondent’s 

perception that data analytics was legitimately beneficial (Table 34). High levels of 

functionality are associated with greater perceived benefits. Respondents in nursing 

report higher levels of benefit than those in the referent group (English), and those in 

Baccalaureate institutions see less benefit than those in Research institutions.  

Even though the overall models for the variables of legitimacy/concern with data 

usage and legitimacy/concern with models were not significant, functionality was 

negatively associated with respondents’ level of concern with how data analytics will be 

used (legitimacy/concern with data use). As functionality increases, respondents’ concern 

with how the data in the system is being used decreases. External pressure to adopt data 

analytics (external pressure) is positively associated with respondents’ level of concern 

with the current data analytics models (legitimacy/concern with model). As external 
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pressure to adopt data analytics increases, respondents’ concerns with the current models 

in use also increase. It may be that backgrounds, professional experiences, and theories in 

use influence the level of concern with data usage and models, which are not easily 

changed by actions of the organization.  

A final multiple regression tests relationships among organizational context, 

innovation characteristics, adopter attitudes, and individual adoption (Table 35). The 

variables of usefulness and legitimacy/benefit are significant in a model that explains 

nearly 50 percent of the variability in the level of individual adoption. From the 

perspective of academic leaders, data analytics must be both useful, meaning that use 

enhances their ability to do their job, and it must be legitimate, meaning academic leaders 

must believe that use of data analytics is the right tool to improve or address different 

challenges facing their organization, in order for them to adopt the use of data analytics 

into their own practice. 

  



120 

 

Table 35: Regression of Individual Adoption on All Predictor Variables 

 Individual Adoption 

Adopter Attitudes  

     Usefulness 0.414** 

     Legitimacy/Benefit 0.223* 

     Legitimacy/Concern with Data Use -0.181 

     Legitimacy/Concern with Models -0.120 

Innovation Characteristics  

     Functionality -0.059 

     Usability -0.098 

Organizational Context  

     Collaboration -0.126 

     Authenticity 0.075 

     Institutional Support 0.095 

     Training 0.024 

     Integrated Use 0.047 

External Pressure 0.021 

Control Variables  

     Best-practice Institution: Yes
1
 -0.075 

     Role: Dean
2
 0.085 

     Discipline: Biology
3
 0.000 

     Discipline: Management
3
 0.009 

     Discipline: Nursing
3
 -0.202 

     Discipline: Political Science
3
 0.012 

     Discipline: Education
3
 0.051 

     Control: Private Institution
4
 0.029 

     Carnegie: Masters
5
 0.045 

     Carnegie: Baccalaureate
5
 -0.104 

     Carnegie: Associates
5
 -0.097 

R
2
 0.486*** 

 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution  
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Organizational Implementation of Data Analytics at Higher Education Institutions 

 The previous section focused on variables that contribute to the extent of 

individual adoption of data analytics by academic leaders. This section investigates the 

second component of the conceptual framework – the variables that contribute to 

organizational implementation. The conceptual framework includes the possibility that 

the dependent variables that influence individual adoption also influence organizational 

implementation. A multiple regression analysis was completed to test the association of 

organizational context, innovation characteristics and adopter attitudes, individual 

adoption, and the control variables of best-practice status, role, academic discipline, 

institutional control, and Carnegie Classification (Table 36).   

The variables of authenticity, external pressure and legitimacy/concern with 

models are significant in a regression model that explains over 54 percent of the 

variability in the level of organizational implementation. When the campus culture is 

data-driven (authenticity), the external environment exerts pressure to adopt data 

analytics (external pressure), and there is increasing concern with the effectiveness of the 

current models used in data analytics (legitimacy/concern with models), institutions are 

more likely to expand their implementation of data analytics. Noteworthy is that the level 

of individual adoption was not significant in the organizational implementation model.  
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Table 36: Regression of Organizational Implementation on All Predictor Variables 

and Individual Adoption 

 Organizational Implementation 

Individual Adoption 0.112 

Adopter Attitude  

     Usefulness -0.287 

     Legitimacy/Benefit -0.103 

     Legitimacy/Concern with Data Use -0.050 

     Legitimacy/Concern with Model 0.243* 

Innovation Characteristics  

     Functionality 0.040 

     Usability 0.036 

Organizational Context  

     Collaboration -0.070 

     Authenticity 0.603*** 

     Institutional Support -0.136 

     Training 0.252 

     Integrated Use 0.050 

External Pressure 0.226* 

Control  

     Best-practice Institution: Yes
1
 0.004 

     Role: Dean
2
 -0.051 

     Discipline: Biology
3
 0.030 

     Discipline: Management
3
 0.040 

     Discipline: Nursing
3
 -0.127 

     Discipline: Political Science
3
 -0.088 

     Discipline: Education
3
 0.039 

     Control: Private Institution
4
 0.094 

     Carnegie: Masters
5
 -0.040 

     Carnegie: Baccalaureate
5
 0.025 

     Carnegie: Associates
5
 -0.072 

R
2
 0.547*** 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution  
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The finding that having a data-driven culture supports organizational 

implementation of data analytics is somewhat circular. It appears an organization needs a 

data-driven culture to support implementation of data analytics yet needs implementation 

of data analytics to develop a data-driven culture. It is possible the level of organizational 

implementation of data analytics and the extent to which the organization is data-driven 

reinforce each other. As data are put into use in some segments of the organization, the 

culture of the organization begins to shift toward more data-driven practices. As data-

driven practices increase, opportunities to expand implementation increase. Also not 

surprising is the role external pressure plays in implementation. The influence of the 

external environment on the behavior of organizations is well-documented (Pfeffer & 

Salancik 2003). As higher education institutions experience increasing pressure to adopt 

innovative practices, leaders pursue methods to incorporate them into the organization in 

order to continue to receive support from the external environment.  

A more surprising finding is that concern with the current models in use may 

drive implementation. It may be that pressure to use and report increasing levels of data 

coupled with the dissatisfaction with the status quo or existing models drives an 

institution to develop and adopt systems in pursuit of better models. Though not 

significant, the negative relationship between usefulness, which was a significant 

predictor for individual adoption, and organizational implementation warrants further 

investigation. Davenport and Harris (2010) speak to the importance of focusing on a few 

key business processes in order to achieve the greatest benefit from data analytics. It may 

be that as institutions press to adopt data analytics across an increasing number of 

functional areas, the implementation moves away from key business processes and 
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therefore the usefulness of the overall system decreases. Another possible explanation 

may be that as senior leaders press to adopt organizational innovations that are driven 

from outside the organization, the usefulness of the innovation to individuals within the 

organization declines because the innovation is not driven by actual organizational need.  

Testing the Impact of Analytics Maturity on Individual Adoption and 

Organizational Implementation 

The conceptual framework analyzed in the previous section (Figure 1) was 

designed to explain the generalized process by which organizational innovations are 

adopted within higher education institutions. The modified conceptual framework that 

was adapted to investigate the individual adoption and organizational implementation of 

data analytics (Figure 2) is now investigated. 

A regression analysis was completed for individual adoption and organizational 

implementation that includes organizational context, including the analytics maturity 

variable, external pressure, innovation characteristics, and adopter attitudes, and the 

control variables, as described in the modified conceptual framework (Figure 2). 

Inclusion of analytics maturity in the regression model for individual adoption of data 

analytics increases the explanatory power of the model slightly. The regression model for 

individual adoption is significant and explains nearly 50 percent of the variability in 

individual adoption. As was the case with the regression model for individual adoption 

that did not include the analytics maturity variable, the variables of usefulness and 

legitimacy/benefit remain significant, while analytics maturity is not significant in the 

model (Table 37).  
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Table 37: Regression of Individual Adoption on All Predictor Variables and 

Analytics Maturity 

 Individual Adoption 

Adopter Attitudes  

     Usefulness 0.442** 

     Legitimacy/Benefit 0.263* 

     Legitimacy/Concern with Data Use -0.134 

     Legitimacy/Concern with Models -0.145 

Innovation Characteristics  

     Functionality -0.131 

     Usability -0.170 

Organizational Context  

     Collaboration -0.059 

     Authenticity -0.025 

     Institutional Support 0.134 

     Training -0.066 

     Integrated Use -0.018 

Analytics Maturity 0.210 

External Pressure 0.042 

Control Variables  

     Best-practice Institution: Yes
1
 -0.086 

     Role: Dean
2
 0.077 

     Discipline: Biology
3
 -0.011 

     Discipline: Management
3
 0.003 

     Discipline: Political Science
3
 -0.033 

     Discipline: Nursing
3
 -0.227 

     Discipline: Education
3
 0.068 

     Control: Private Institution
4
 -0.020 

     Carnegie: Masters
5
 0.025 

     Carnegie: Baccalaureate
5
 -0.079 

     Carnegie: Associates
5
 -0.153 

R
2
 0.492*** 

 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution  
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The relationship between analytics maturity and organizational implementation is 

not clear. Inclusion of analytics maturity increases the explanatory power of the 

regression model for organizational implementation. The regression model for 

organizational implementation is significant and explains nearly 60 percent of the 

variability in organizational implementation (Table 38). Analytics maturity has a positive 

impact on the organizational implementation R
2
 value, but it was not significant in the 

model. Also, the inclusion of analytics maturity offsets some of the influence of other 

variables in the model. The variables of legitimacy/concern with models and external 

pressure remain significant. Authenticity also remained significant in the model but the 

level of significance decreased. In addition, the negative relationship between usefulness 

and organizational implementation increased and became significant.  

The increase in predictive value is not surprising since the analytics maturity 

score represents the organizational systems and structures that should be in place in order 

for data analytics to develop and be successful. The findings from the regression analysis 

may indicate that the organizational systems and structures are not sufficient for 

successful organizational implementation. Implementation of data analytics in higher 

education organizations is more complex than simply acquiring a new software program 

or system. Successful implementation may be more directly influenced by the existence 

of a data-driven culture and pressure from the external environment.    
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Table 38: Regression of Organizational Implementation on All Predictor Variables 

and Analytics Maturity 

 Organizational Implementation 

Individual Adoption 0.124 

Adopter Attitudes  

     Usefulness -0.356* 

     Legitimacy/Benefit -0.135 

     Legitimacy/Concern with Data Use -0.049 

     Legitimacy/Concern with Models 0.284** 

Innovation Characteristics  

     Functionality 0.093 

     Usability -0.055 

Organizational Context  

     Collaboration -0.054 

     Authenticity 0.481** 

     Institutional Support -0.215 

     Training 0.219 

     Integrated Use -0.015 

Analytics Maturity 0.307 

External Pressure 0.244* 

Control Variables   

     Best-practice Institution: Yes
1
 0.021 

     Role: Dean
2
 -0.023 

     Discipline: Biology
3
 0.032 

     Discipline: Management
3
 0.024 

     Discipline: Political Science
3
 -0.108 

     Discipline: Nursing
3
 -0.113 

     Discipline: Education
3
 -0.013 

     Control: Private Institution
4
 0.082 

     Carnegie: Masters
5
 -0.078 

     Carnegie: Baccalaureate
5
 0.010 

     Carnegie: Associates
5
 -0.063 

R
2
 0.584*** 

 

Significance: * p<.05; ** p<.01;*** p<.001 

(1) Referent is not a best-practice institution (2) Referent is chair; (3) Referent is English;  

(4) Referent is public institution; (5) Referent is research institution   
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CHAPTER FIVE 

DISCUSSION OF RESULTS 

The results of this study of the implementation of data analytics at U.S. colleges 

and universities suggest that the successful implementation of innovations in higher 

education organizations is more complex than simply introducing a new technology, 

program, or service into the organization. Adoption of an organizational innovation is 

associated with the interaction between: 1) the organizational context in which the 

innovation is implemented; 2) the characteristics of the innovation itself; and 3) the 

attitude of the individual adopter toward the innovation. 

Individual adoption of an organizational innovation is related to two critical 

elements that define adopters’ attitudes. From the perspective of academic leaders, an 

innovation must be useful, meaning that its use enhances their own ability to do their job, 

and it must be legitimate, meaning they must believe that the innovation is the right tool 

for addressing challenges facing the organization. Usefulness and legitimacy are not 

inherent characteristics of an innovation but are acquired through actions of the 

organization and individual adopters as the innovation is implemented and supported 

within a specific context. When academic leaders experience the innovation as being 

consistent with their organizational culture and purpose, they are more likely to perceive 

the innovation as useful to them personally. In addition, when they experience the 

innovation as functional and easy to integrate into their practice and with other systems 

within the organization, their perception that the innovation is useful is enhanced. 

Academic leaders do not consider an innovation in isolation but through the lens of their 
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academic discipline and the type of organization at which they work. Over time, as a 

specific innovation is implemented within a specific organizational context, the 

innovation may take on a greater degree of legitimacy if the organization manages 

implementation successfully.   

Functionality is a critical variable in the process of individual adoption. As 

adopters engage with the innovation and experience it as functional, their perception of 

both its usefulness and legitimacy increases and their concern with use decreases. The 

results of the study indicate that academic leaders’ perception of functionality is 

positively associated with the alignment of the innovation with the purpose and culture of 

their organization (authenticity), the engagement of academic leaders in its development 

(collaboration), the availability of training and professional development related to use 

(training), and the integration with strategies and operations in the institution (integrated 

use). Usability is the second critical innovation characteristic that leads to increased 

perception of usefulness. The perception of the usability of an innovation increases when 

institutions provide appropriate funding, tools, and staff to support and maintain the 

innovation and training and professional development for the end user to use an 

innovation successfully in their own practice. 

The findings indicate that the variables that support the introduction of an 

innovation into an organization are not the same variables that drive individual academic 

leaders to incorporate the innovation into their own practice. Successful organizational 

implementation is associated with the alignment of the innovation with organizational 

culture and purpose, by the pressure exerted on the organization by the external 

environment, and with the dissatisfaction with the current methods or practices in use.  
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Discussion 

 Higher education does not lack good ideas for improvement. What institutions 

may lack is an implementation approach that allows organizational leaders to select those 

innovations that best align with the strategic and operational needs and culture of their 

organization and that support the redefinition and clarification of the innovation to match 

the needs of the academic leaders who will be expected to incorporate it into their 

everyday practices.  

 This study of the implementation of data analytics provides empirical support for 

a model of innovation implementation that recognizes the critical connection between the 

specific context in which an innovation is introduced and how potential adopters perceive 

the usefulness and legitimacy of the innovation in their own practice (Greenhalgh et al., 

2004). The findings of the study may serve as a challenge for organizational leaders and 

change agents who are given responsibility to bring new practices, programs, or 

technologies to a campus community. It is not enough to identify and acquire a new 

innovation and introduce it into a campus by touting its success at other institutions or as 

answering calls for accountability from the external environment. The implementation 

process may also need to involve an individual-adoption process, which is more personal 

and directed toward building confidence among academic professionals that the 

innovation is right for them and right for the organization. This study provides a number 

of new insights into the process of implementation of organizational innovations in U.S. 

colleges and universities that increases the likelihood of engagement and support from 

the academic professionals and provides a number of cautionary notes for how to avoid 

implementation pitfalls that may limit implementation success. 
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First, organizations should be selective in the innovations introduced into the 

campus environment, with organizational need as the driver for adoption. One of the 

more surprising findings in this study is that even academic leaders within what the 

industry has identified as best-practice institutions did not report higher levels of use of 

data analytics for themselves or the organization, nor were they more likely to perceive 

data analytics as legitimate compared to their colleagues at institutions that were not 

recognized as best-practice schools. Simply introducing an innovative best practice into 

an organization is not sufficient to implement the innovation and engage academic 

professionals in its use. Innovations do not have a set of inherent characteristics that drive 

adoption but instead acquire those characteristics through the implementation process.  

Organizations may need to consider more carefully the types of innovations and 

change programs they attempt to bring to their organization, even as the external 

environment is creating pressure to engage at greater levels. The process of matching 

between organizational problems and possible innovations may be more critical to 

successful implementation than previously thought. Higher education’s tendency to 

identify an innovation first and then go looking for a problem to solve makes the 

purposeful matching process more critical and challenging (March, Cohen & Olsen, 

1972). Introducing innovations that closely match the organizational culture and specific 

needs are likely to be more successful than innovations that lack close alignment.  

Davenport and Harris (2010) speak to the importance of strategic choice in data 

analytics. They argue that organizations cannot be equally analytical about everything, 

and those that are successful focus on a few key business processes in order to achieve 

organizational success. This study provides some support for their position. Academic 
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leaders consistently reported higher levels of benefit for certain types of analytics that 

were aligned with particular business needs of the organization. Academic leaders at 

private institutions perceived greater benefit of analytics that focused on enrollment 

management and student recruitment, likely because they are aware of the importance of 

achieving enrollment goals because of their tuition-driven business model. Similarly, 

academic leaders at public institutions reported higher levels of potential benefit of data 

analytics to improve student learning and improve graduation rates, likely because they 

are feeling increasing pressure from state legislatures and the general public to show 

performance improvement in those areas.  

Second, innovations should be adapted to a particular organizational context and 

not simply adopted from the outside. Within the higher education industry, innovation 

options are often introduced from outside the organization, through accrediting bodies, 

professional conferences, sponsored studies, trade publications, and private consultants 

and vendors, in a type of mimetic change process. Results achieved from implementing 

an innovation at one organization are publicized as holding the promise for similar results 

if implemented at another organization. Findings from this study indicate that this may 

not always be the case. Implementation of innovations in higher education organizations, 

especially those originally developed from the outside, is more complex than simply 

deciding to acquire a new technology, practice or program that was successful elsewhere.  

For example, a recent study by the Gardner Institute (Drake 2010) found that not 

all colleges and universities experience the same level of change in first-year retention 

rates as a result of implementing First Year Experience programs. When investigating the 

differences in performance, they found that the level of implementation was the driving 
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factor. The present study provides additional empirical support for the position that 

adoption choice alone is not sufficient to change organizational performance but requires 

adaptation of the innovation to a specific organization. The analytics maturity score, 

which was developed by data analytics scholars outside of higher education, provides a 

proxy for the systems and structures that should be in place in order for data analytics to 

develop and be successful. The data analytics maturity scale was not significant in the 

regression model for individual adoption of data analytics in higher education 

institutions. Academic leaders were less influenced by the technical infrastructure that 

their organization had put in place to deploy data analytics than by how useful and 

legitimate the data was to their own practice. Technically solid systems might be in place, 

but, unless they are designed and delivered in such a way that the data and information 

that comes out of the systems are useful and legitimate, use is diminished.  

Findings were consistent when the analytics maturity score was applied to 

organizational implementation. Though the predictive value of the model increased 

slightly, the analytics maturity score did not contribute significantly to the regression 

model for organizational implementation. The authenticity of the innovation (in this case, 

the existence of a data-driven culture) and external pressure continued to play a 

significant, positive role in organizational implementation. Analytics maturity, which was 

developed outside of higher education, includes an emphasis on centralization, an 

enterprise view, and standardization that is critical for business environments but may be 

seen as inappropriate by academic leaders who see the centralization as limiting their 

own program or discipline. The findings may suggest that as higher education 

organizations have moved to centralized data systems, standardized reporting, and 
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organization-oriented metrics, academic leaders within departments and colleges find the 

output from the systems less useful and grow increasingly concerned with the metrics 

being used. Simply adopting an analytics model using a best-practice approach from 

outside higher education was not sufficient for success.  

Third, once an innovation is identified, redefinition should focus on aligning the 

systems and structures of the innovation with the culture of the organization. 

Authenticity, the development of a shared understanding of the purpose of the innovation 

and the creation of consistency between the innovation and the organization’s culture and 

values, is critical to both individual adoption and organizational implementation. 

Authenticity was the major predictor for organizational implementation and was 

significantly associated with the perception that data analytics was both functional and 

useful. It is the only factor significantly related to both individual adoption and 

organizational implementation. As an innovation is introduced into an organizational 

context, either because of pressure for adoption from outside the organization or because 

of dissatisfaction with institutional performance, it is important that a specific innovation 

be selected so that it has the greatest potential to align or at least not directly conflict with 

the culture and purpose of the organization.  

In order for the realignment to occur, academic leaders should be directly engaged 

in altering the systems and structures of the innovation so they more closely fit the 

organizational context, and in integrating the innovation with other systems and 

structures, so it becomes incorporated into the regular operations of the organization. In 

the present study, the level of involvement of academic leaders in the design and 

implementation of data analytics was significantly related to their perception of the 



135 

 

functionality of data analytics system. Their involvement in the redefinition of data 

analytics through the design of the data, metrics, and reports available increased the 

likelihood that they would see the resulting information was accurate and right for the 

organization.  

As academic leaders choose to adopt the innovation into their practice, the extent 

to which they are supported and rewarded for the adoption may communicate to the rest 

of the academic community the commitment of organization leaders to the innovation, 

encouraging others to adopt the practice as well. As increasing numbers within the 

campus community incorporate the innovation into their own practice, the campus culture 

may continue to shift as the innovation is continually adapted to align with the work of a 

greater number of academic professionals within the organization. In this way, the 

innovation and the culture of the organization may change together, with academic 

professionals central to the transformation effort.  

Fourth, as the purpose of the innovation is clarified, the functionality and 

usefulness of the innovation to academic professionals should remain central to its 

ongoing development. The fact that colleges and universities are staffed by autonomous, 

highly educated professionals is important when considering the implementation of 

organizational innovations. Academic professionals have substantial discretion in the 

work they do and how they do it. In this study, the usefulness of data analytics showed a 

significant association with the extent of adoption by academic leaders. Usefulness is 

related to a number of variables, including the functionality and usability of the system. 

Though it was not significant in individual adoption, the importance of 

functionality in the model is apparent. The functionality of the innovation, meaning the 
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extent to which it delivers on its promise of solving a problem, was significant in an 

academic leader’s perception that the data analytics system was both useful and 

legitimate. Functionality both increased their perception that data analytics could be 

beneficial to the organization and reduced their concern with how the data from the 

system will be used. As mentioned previously, however, functionality is defined by the 

end user and is not an inherent characteristic of the innovation. It must be purposely 

cultivated through the implementation process – a process that should include a close 

partnership with academic professionals if they are to be expected to embed the 

innovation in their practice.  

Functionality, use, and usefulness might be reinforcing phenomena. Academic 

leaders who reported increased levels of use of data analytics also reported decreasing 

levels of concern with how data are used at their institution. It may be that as individuals 

begin to use analytics, the functionality of the analytics system to the end user becomes 

apparent (or not). If academic professionals find that the system produces accurate, 

adaptable data that assist them in making decisions, they perceive the system to be more 

useful and begin to experience the potential benefits and become less concerned with use.  

It is the importance of usefulness and functionality that may make ongoing, 

institution-wide implementation challenging. In the study, there was a negative 

relationship between organizational implementation and usefulness. The finding is 

intriguing. It may be that as institutions press to adopt data analytics across an increasing 

number of functional areas, the implementation moves away from key business processes 

of concern to academic leaders or becomes more standardized and centrally focused, and 

therefore the functionality and usefulness of the overall system decreases. The finding is 
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counter-intuitive and unexpected, so it is unclear if the negative relationship is true for 

organizational adoption of innovations in general or if the relationship is idiosyncratic 

and specific to data analytics. The relationship between usefulness and organizational 

implementation warrants further investigation. 

 Fifth, the implementation process should be adaptable within the organization to 

address the legitimacy concerns of academic leaders. The study of the adoption of data 

analytics provides further evidence of the relationship between legitimacy and adoption 

choice and provides additional insight into the challenge that the need for legitimacy 

brings. Individual adoption choice, while most significantly related to usefulness, was 

also significantly related to the perception of benefit of data analytics. Complicating the 

implementation process is the finding that legitimacy is related to the academic leader’s 

own background and discipline. Throughout the analysis, academic leaders from 

disciplines of political science and English reported lower levels of use and perceived 

benefit and higher levels of concern with data analytics, while nursing and education 

consistently reported higher levels of use and perceived benefit and lower levels of 

concern. These findings may indicate that college and university cultures are not 

monolithic but multiple and pluralistic. The task may not be alignment of the innovation 

with the organizational culture but the ongoing alignment of the innovation with many 

cultures, including various and sometimes conflicting norms and values that exist within 

an academic community.    
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Implications for Theory 

The conceptual framework used to guide data collection and analysis was based 

on findings from previous research on implementing organizational innovations. Results 

from the present study provide additional support for and extend existing theories of 

organizational innovation but also provide evidence for the need to reconsider elements 

of the theories, especially as they are applied to higher education organizations or 

professional organizations with a substantial professional employee population.  

Scott and Davis (2007) distinguish between the concepts of organizations and 

organizing. They argue that organizations are not static but are in a continual state of 

organizing as they change to respond to ongoing pressures to adapt to internal and 

external exigencies. The same could be said for implementing service innovations in 

professional organizations. Service innovations are not implemented with a finite end 

date and outcome, but instead organizations may be implementing continuously as the 

external environment changes, as ideas central to the innovation evolve, as additional 

professionals incorporate new routines into old, and as new professionals join the 

organization. 

Innovations in service organizations are not adopted independently but in 

connection to key processes and systems in order to improve service delivery or 

performance outcomes. For example, in higher education organizations, new instructional 

design approaches are not adopted in isolation but as an approach to improve existing 

processes of teaching and learning and to improve student performance and outcomes. 

Similarly, data analytics is not adopted for its own sake but to improve decision-making, 

resource allocation or other critical outcomes of the organization. As a result, adoption 
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does not occur separately from existing processes. Innovations are incorporated into them 

(Fonseca, 2002; Kozma, 2005). Previous models represent implementation as a single 

process. Findings here point to the possibility of multiple implementation streams that are 

experienced and recognized by different individuals within the organization. 

It may be that, before innovations can be implemented, organizations need to 

understand the organizational processes into which the innovations are being inserted. 

The close connection between organizational process and the successful deployment of 

data analytics (Davenport & Harris, 2007; Manyika et al., 2011) may also exist for other 

types of service innovations. The redefinition and clarification of the innovation within 

the organization and the adaptation of organizational structures to align with the 

innovation (Rogers 2003) may actually be connected to the underlying organizational 

processes at work. Adaptation of the innovation and the organization to each other 

(Fonseca, 2002; Van de Ven et al., 2008) may be most closely related to changing the 

organizational processes that drive the performance or the outcome that the innovation is 

designed to address. The development of an understanding and disaggregation of the 

organizational processes into which the innovation is being introduced may be a 

component of the implementation process that needs to be incorporated into future 

models.  

The models for the implementation of organizational innovations represent the 

organization as the adopting unit (Rogers, 2003). While there has been recognition that 

individual adoption plays an important role in organizational implementation (Argyris & 

SchÖn, 1996; Fonseca, 2002; Kozma, 1985; Van de Ven et al, 2008), the relationship 

between individual adoption and organizational implementation has not been well 
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addressed by previous models. The results of the present study indicate that individual 

adoption and organizational implementation are not the same, nor are they influenced by 

the same variables. Progress on organizational implementation appears to be driven by 

the more macro-level variables of external pressure and organizational culture that 

provide attention and traction for a particular innovation within a particular organization. 

Individual adoption of organizational innovations appears to be driven by more micro-

level variables that influence the framing of the innovation within an organizational 

context that influences the perceptions and attitudes of the individual adopters. Future 

models should consider how the organizational implementation and individual adoption 

processes diverge from and converge with each other in the process of implementing over 

time.   

  Previous models of the innovation implementation process point to the 

importance of functionality of the innovation to the adoption choice (Kozma, 1985; 

Rogers, 2003; Van de Ven, 1996). Findings here indicate that, while functionality plays 

an important role, it may not alone be sufficient. Models of the individual adoption 

process may need to be expanded to include the concepts of usability and usefulness, 

both closely tied to the end-user’s experience with and personal benefit from an 

innovation. The concepts of usability and usefulness are most closely aligned with 

individual technology adoption (Barki & Hartwick, 1994; Davis, 1989; Wixom & Todd, 

2005), but findings from the study suggest that these concepts could be extended to more 

generalized innovation implementation models. The importance of usability and 

usefulness in individual adoption choices provides additional support for the need for 
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organizations to understand organizational processes prior to identifying and 

implementing an innovation to ensure a close alignment between the two.  

 The tight integration of the innovation with the underlying organizational process 

that it is designed to impact – in conjunction with the importance of usability and 

usefulness of the innovation to the end user – points to the need to revisit the role of 

collaborative development (Heckscher & Adler, 2006) in the implementation process. 

Collaborative development of data analytics is related to the end user’s perception of the 

functionality of data analytics. Academic leaders who reported higher levels of 

involvement of their colleagues in the development of data analytics on their campus 

reported higher levels of functionality of the system. Professionals within the 

organization have a unique perspective on how the organization delivers its programs and 

services, as well as the decision points that are embedded in each of the processes. A 

revised model of the implementation of organizational innovations may need to include 

the disaggregation of the organization into its underlying operational process and include 

the points of intersection between the organizational process to be improved, the 

innovation designed to improve it, and the individual adopter’s role in the process as the 

innovation is redesigned and deployed.  

Finally, the role of the external environment in individual adoption and 

organizational implementation of innovations appears to be complex. In the study, 

external pressure did increase the level of organizational implementation. Academic 

leaders who reported higher levels of pressure to adopt data analytics also reported their 

organization had implemented data analytics to a greater extent across more operational 

categories. Increased levels of external pressure also are related to academic leaders’ 
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concern that the current models in use were inadequate. This finding is noteworthy 

because concern with current models in use was significant in organizational 

implementation. It may be that dissatisfaction with current models in use and with the 

type of pressure received from the external environment may move organizations to 

implement innovative practices that they feel are more appropriate for their organization. 

In this way, some organizations may be attempting to manage their environments by 

identifying and implementing innovations to replace sub-optimal programs or practices 

received from the outside.  

Implications for Practice 

As senior administrators implement an organizational innovation at their own 

institutions, they should give careful consideration to the technical aspects of 

implementation, such as tools, training and resources. These elements are significant in 

the implementation process and are positively associated with the perceived 

characteristics of the innovation at their institution. Senior administrators also should 

consider the personal components of implementation. Variables such as the level of 

collaborative development that engages professional employees in the design, testing, and 

ongoing improvement of the innovation and the integration of the innovation into existing 

processes and routines also are significant in the implementation process. It may be the 

quality of the experience with the implementation process and the consistency with the 

organization culture that is related to the perception of, attitudes toward, and eventual use 

of an innovation by adopters.  
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Also important is the translation of the pressures for adoption from the external 

environment. External pressure is universal and is felt at similar levels across different 

institution types and disciplines, but external calls for an innovation are not sufficient to 

drive adoption. Senior leaders may play a critical role in the translation of external 

pressure into institution-specific needs and actions that compel academic leaders to 

integrate innovative practices into their daily routines. If not appropriately translated, 

external pressure may be associated with increased levels of concern about adoption, 

which is negatively related to adoption choice.  

Finally, an innovation should be implemented in a way that gives consideration to 

the specific institution in which it is being developed. The higher education sector is not 

homogeneous. Institutional cultures and professional norms vary substantially across 

institutions based on mission, constituencies served, and mix of academic programs. 

Similarly, individual institutions are not homogeneous. Deans, department chairs, and 

faculty members within a particular institution come from various disciplines and work 

and educational experiences that may influence their perception of what is legitimate and 

appropriate for their programs and students. Any strategy to implement an innovation 

must be technically excellent, but equally critical is the strategy to engage a diverse set of 

academic leaders fully in the idea the innovation represents. When campuses reach a 

consensus on the purpose and need for deploying the innovation and create a shared 

responsibility for its development and use, they will begin to experience the improved 

effectiveness, efficiencies, and student success that are promised.  

Within the specific area of data analytics, a number of implications for practice 

were identified. It is clear that while data analytics is receiving attention and is seen as a 
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priority on many college campuses, organizations need to build capacity in deploying 

data analytics and in behaving analytically before the benefits can accrue.    

Senior leaders need to consider carefully the data analytics technology and 

methods they choose to deploy within their own institution. McKinsey (Manyika et al., 

2011) recommends that organizations invest in technology and develop analytical 

techniques that fit their own business need. From the research findings, it appears that 

institutions may be adopting technology and analytical techniques from the outside that 

do not fit their own organization. Academic leaders do not necessarily object to the idea 

of using data analytics in higher education, but they do see the current models used to 

measure both productivity and quality to be inadequate. In fact, the dissatisfaction with 

current models pushed from the outside might be used as an impetus for local 

developments and adaptations.  Consistent with the McKinsey recommendation, the 

analytical techniques used need to be developed to fit within the specific organizational 

context to provide insight into specific academic processes and strategies. Before 

deploying data analytics, organizations will need to collect and analyze relevant data to 

understand better the underlying operational processes.   

A key component of deploying analytics is leaders acting analytically and using 

data to inform decisions. Senior leaders cannot assume that those in management 

positions come into their roles equipped with the knowledge and competencies to use 

data in their own decision-making processes. They must cultivate the skills and 

competencies required in all members of the institution who are responsible for 

organizational processes and actions. Academic leaders report needing more support and 

training in the use data analytics, especially as it relates to incorporating data-based 
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decision-making into their own practices. This finding is important, because academic 

leaders are reporting that they have not received sufficient professional development on 

how to use data, even as higher education institutions are experiencing growing pressure 

to increase the use of data in managing the institution.  

Dissatisfaction with current models in use might be related to the dissatisfaction 

with both the functionality and usability of information available from the current 

systems. While two-thirds of respondents said the data available to them were accurate, 

fewer than 40 percent believe they have the right kind of data or that the current systems 

improve decision-making at the institution. Current systems fare even worse when it 

comes to usability. Fewer than one-third of respondents said that the data system is easy 

to operate or that data are presented in the right format or are easy to access. As senior 

leaders pursue implementation of data analytics at their own institution, they should 

assess whether the current data systems in use are tools and technologies that have been 

repurposed from existing business environments or are systems that have been designed 

specifically with the analytical needs of higher education organizations in mind.  

Finally, academic leaders report that current data analytics systems in use are not 

well integrated. McKinsey (Manyika et al., 2011) identified the need for organizations to 

pursue access to data from multiple sources and develop the capacity to integrate the 

multiple data sources into actionable information as critical to capturing the full potential 

of data analytics. With more than half of respondents reporting that their institution’s data 

analytics systems integrate data from different sources very little or not at all, it is not 

surprising that many higher education organizations struggle to implement data analytics 

successfully. Higher education organizations have been recognized as siloed, loosely-
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coupled organizations. Data systems that treat data in isolation from other organizational 

data or that serve only a particular organizational function reinforce the silos and 

diminish the functionality and usability of organizational data because the decision-maker 

can get only a partial view of any organizational decision. Senior leaders should move 

away from single-purpose analytics tools toward an integrated approach to data 

management, analysis, and reporting that allows for a full organizational view and an 

understanding of business, student, and academic processes from beginning to end and 

across strategic and operational areas.  

Limitations of the Study 

The sampling methodology for the survey respondents was not random across the 

entire population of U.S. higher education organizations. The institutions selected to 

participate in the survey had already responded to an initial survey on analytics. As a 

result, the findings regarding level of implementation may not be representative of all 

higher education institutions in the US. In addition, the individual response rate to the 

survey was low (16.4 percent), which could negatively impact generalizability. 

Data analytics is the “innovation” studied here. As a service innovation, data 

analytics is not just a specific technology but an approach to interacting with and using 

data to manage decisions and operations. As a result, identification of the presence of the 

innovation and the level of implementation on the campus was based on the respondent’s 

own awareness. Using individual awareness could lead to under or over reporting of 

extent of implementation within the organization. Overall the extent of prioritization of 

data analytics was consistent across two groups: 69 percent of CIOs and 65 percent of 
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academic leaders reported data analytics as a priority at their institution. The similarity of 

reported prioritization by two different groups within the same set of organizations could 

indicate that respondents had the ability to identify the innovation and its level of 

implementation within the organization regardless of their own level of use.  

Finally, the conceptual framework attempts to describe a generalized process for 

the implementation of innovations within higher education organizations, and data 

analytics is the specific innovation used to test the model. The findings from the study of 

the implementation of data analytics support the conceptual framework, but it is unclear 

if the specific findings are generalizable to other types of technological or service 

innovations. Additional research of the conceptual framework using other types of 

innovations will need to be completed before any claims of generalizability can be made.  

Directions for Future Research 

In this exploratory study, the intent of the research is to develop and test an initial 

set of variables related to innovation adoption and implementation in higher education. 

The study represents a first attempt at operationalizing the conceptual framework for the 

individual adoption and organizational implementation of innovations in higher education 

institutions. The conceptual framework, including the variables upon which the survey 

instrument was created, was developed from previous theory and research but had not yet 

been tested in an empirical setting. Additional research must be completed before more 

generalizable findings can be claimed. Data analytics, as the specific innovation studied, 

may have unique features that are not directly applicable to other types of innovations. 

Future research that applies the conceptual framework to different types of organizational 
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innovations will be needed to understand if the innovation implementation process is 

generalizable beyond data analytics. In addition, findings from the study raised a number 

of questions that could not be answered with the current data set and will require 

additional research. 

The concept of legitimacy is well-documented in innovation research and played 

an important role in influencing an academic leader’s adoption patterns in this study, but 

the context and innovation variables investigated in the study provided little insight into 

what influences academic leaders’ perception of the legitimacy of the innovation. In the 

study, the functionality of the innovation was related to the respondents’ perceptions of 

legitimacy – both increasing the perception that the innovation will benefit their 

organization and decreasing their level of concern with data use. The control variables of 

academic discipline and Carnegie Classification are related to the perception that data 

analytics are legitimately beneficial. External pressure also is related to legitimacy but in 

an unexpected way. Increasing levels of external pressure are related to increasing levels 

of concern with current models in use. This finding is consistent with earlier research in 

that innovations that come from outside of the organization have a greater difficulty in 

being adopted or at least need to be modified to fit the culture of the organization. It may 

be that if academic leaders perceive adoption is being driven from the outside as opposed 

to from organizational need, their concern with its appropriateness for their organization 

increases. A more comprehensive understanding of what drives an academic leader’s 

perception of legitimacy is an important area of future research, especially as it relates to 

how an innovation acquires legitimacy over time.  
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 A closely related topic for future research is the differing role the external 

environment plays in individual adoption and organizational implementation. In the 

regression model, external pressure to adopt an innovation was positively related to 

organizational implementation. Academic leaders who reported higher levels of external 

pressure to adopt data analytics also reported higher levels of organizational 

implementation. External pressure did not have the same impact on individual adoption. 

In fact, as academic leaders perceived increasing pressure to adopt data analytics, they 

reported increasing levels of concern with the current models in use. This finding may 

mean that external pressure from accrediting bodies, the public, and boards may be a 

double-edged sword. While these external pressures are pushing senior leaders to adopt 

innovations within their organization, they may be alienating academic leaders from 

incorporating the innovations into their own practice. Simply adopting an innovation 

from the outside, without proper translation to the organizational culture or to align with 

internal purposes, may result in implementation failure. An area for future research is 

how the translation of external pressure occurs and its impact on both individual adoption 

rates and organizational implementation. 

Another closely related topic is the role of academic discipline. Academic 

discipline was shown throughout the study to be related to the attitudes toward and the 

adoption of data analytics. In developing the sampling strategy, it was anticipated 

disciplines without programmatic accreditation (biology, English, and political science) 

would behave differently from applied disciplines with programmatic accreditation 

(management, nursing, and education). Results did not support this assumption. In fact, in 

a number of the operational areas, academic leaders from biology reported usage levels 
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more similar to nursing and education, and management reported usage levels more in 

line with English and political science. Could the difference be explained by their 

disciplinary orientation toward data usage, by other types of external pressure or by their 

career experiences? These questions were not addressed in the study and could be fruitful 

areas for future research.  

The methodology used in the previous study was cross-sectional and based on 

point-in-time experiences of academic leaders. The conceptual framework attempts to 

describe a process of implementation that plays out over time. A longitudinal study of the 

process of the implementation of organizational innovations would provide additional 

insight into the nature of the variables and how they impact implementation over time. 

Case studies of higher education institutions implementing data analytics or other 

organizational innovations would provide additional insight into the model.  

Finally, the previous study focused on the innovation implementation process 

within a specific organization and the role organizational context, innovation 

characteristic, and adopter attitude variables played on individual adoption and 

organizational implementation. A different but related line of research would be the 

variables that influence innovation adoption by the industry or sector. Attitudes and 

adoption patterns were different based on organizational type with different experiences 

being reported by academic leaders depending on the type of organization in which they 

worked. A consideration of the innovation processes that occur at the level of industry or 

sector would provide important insights into the ways in which certain innovations 

receive legitimacy and best-practice status and are adopted by multiple organizations 

within a sector or across the higher education industry. The field or industry level would 
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be particularly important to explore because much of the change and innovation that is 

being called for by external stakeholders is directed at the higher education industry and 

not at any one particular organization. 
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APPENDIX A: Correlation Matrix of Dependent Scales 
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APPENDIX B: Survey of the Attitude and Usage of Data and Analytics 

Informed Consent  

Participation in the following survey will pose little risk to you as a participant. I will not be 

asking for personal or sensitive information and your responses will be confidential. While there 

are no direct benefits to you as a participant, the results will advance knowledge in the area of 

change management and decision-making that will be useful for academic leaders across the 

country. Participation in the study is completely voluntary. Your decision whether or not to 

participate will not affect your current or future relationship with the University of Minnesota. If 

you decide to participate, you are free to not answer any question or to withdraw at any time 

without affecting those relationships. There is no compensation for your participation in the 

study. If you agree to be in this study, you will be directed to an electronic survey that will take 

you approximately 10 minutes to complete.   Confidentiality:    Responses to this survey will be 

anonymous. No individual identifiers will be used to connect your responses to you. Your email 

address will be recorded to track completion and will be deleted at the close of the survey prior to 

analysis. Results from the survey will be published in aggregate categories and will not identify 

individuals or institutions who participated in the study. Research records will be stored securely 

and only researchers will have access to the records.  

Contacts and Questions: If you have questions regarding this study, please contact the 

researcher:  Lisa Foss:  320-241-0186 or fossx105@umn.edu or her advisor Prof. Melissa S. 

Anderson:  612-624-5717 or mand@umn.edu. If you have any questions or concerns regarding 

this study and would like to talk to someone other than the researcher(s), you are encouraged to 

contact the Research Subjects’ Advocate Line, D528 Mayo, 420 Delaware St. Southeast, 

Minneapolis, Minnesota 55455; (612) 625-1650. Thank you in advance for your participation.  

 

Statement of Consent:  I have read the above information and consent to the study.  

 Yes (1) 

 No (2) 

If No Is Selected, Then Skip To End of Survey 
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Q1: To what extent do you agree with the following statements about your institution? 

 

Strongly 

agree Agree Disagree 

Strongly 

disagree 

Don't 

know 

We have a culture that supports the use of 

data to make decisions. 
          

We consistently make changes based on 

data.  
          

Access to data for decision-making is better 

today than it was two years ago. 
          

We have clearly defined performance 

outcomes. 
          

Our faculty largely accept the use of data in 

measuring performance.  
          

Our administration largely accepts the use 

of data in measuring performance.  
          

Broader access to data at my institution 

increases internal competition among units 

for resources. 

          

Resources flow to units where decisions are 

data driven. 
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Q2: What is the highest level for which data is used in your unit in the following areas? 

 

Don't 

collect data 

Collect data 

but it is 

rarely used 

Use data to 

monitor 

progress 

Use data to 

inform 

planning 

Use data to 

forecast 

performance Don't know 

Strategic plan 

implementation  
            

Student 

learning 

assessment  

            

Student 

retention and 

graduation 

            

Enrollment 

management 
            

Course 

scheduling and 

staffing 

            

Cost of 

delivering 

programs 

            

Faculty 

promotion and 

tenure 

            

Faculty 

scholarship 
            

Grants and 

research 

administration  
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Q3: To what extent do you think the following will drive expanded use of data at your 

institution? 

 Great extent Some extent Very little Not at all Don't know 

Reporting requirements of 

accrediting bodies 
          

Reporting requirements of 

your board of trustees 
          

External competition           

Public accountability           

Pressure to identify cost 

savings 
          

Pressure to improve student 

learning 
          

Pressure to improve student 

completion rates  
          

Other           

 

Q4: Which phrase best describes the quality of data available to you for decisions? (Select one) 

 unintegrated, poor quality data  

 usable data but in silos  

 usable data that is centrally stored and managed  

 integrated, accurate and accessible common data  

 integrated, accurate and accessible data with new data incorporated regularly  

 don't know  

 

Q5: Which phrase best describes your institution's data systems? (Select one) 

 no real data system  

 unconnected data systems  

 central data system in development  

 central data system for standard reporting  

 central data system for analysis  

 don't know  
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Q6: Which phrase best describes the use of data in decision-making at your institution? 

(Select one) 

 adminstrators uninterested in using data  

 a few administrators use data  

 many administrators are beginning to use data  

 most administrators usually use data  

 all administrators regularly use and promote the use of data  

 don't know  

 

Q7: Which phrase best describes the use of performance goals at your institution? (Select one) 

 no strategic or operational goals  

 a few disconnected goals  

 a small set of goals linked to our strategic plan  

 a comprehensive set of goals linked to our strategic plan  

 a comprehensive set of strategic goals with ongoing data analysis  

 don't know  

 

Q8: Which phrase best describes the availability of staff to conduct data analysis at your 

institution? (Select one) 

 few with skills in data analysis  

 some analysts but they are unconnected  

 skilled analysts in a few key areas  

 skilled analysts available to all areas  

 highly skilled analysts and we purposefully develop analytical skills in all decision makers  

 don't know  
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Data analytics is the extensive use of data, statistical analysis, data mining and modeling to drive 

organizational decisions. It involves the integration and transformation of data into information 

to monitor progress, build and implement strategies and improve performance. It usually involves 

a technical reporting environment that involves dashboards, scorecards, or reports that are 

available directly to decision makers.  

Q9: What kind of benefit do you think data analytics will yield in the following areas? 

 Major benefit Minor benefit No benefit Don't know 

containing or lowering the cost of 

higher education  
        

recruiting students          

helping students learn more effectively          

helping students graduate on time         

improving faculty performance         

optimizing use of resources         

demonstrating higher education's 

effectiveness to external audiences 
        

improving administrative performance         

informing strategic investments         

other         

 

Q10: What kind of concern do you have about the use of data analytics? 

 

Major 

concern 

Minor 

concern No concern Don't know 

data will be misused          

wrong conclusions may be drawn about 

our institution  
        

governing bodies may mandate the use 

of data  
        

implementing and maintaining the 

system could be expensive  
        

current models of measuring 

productivity are inadequate  
        

current models of measuring quality are 

inadequate  
        

using data analytics is the wrong model 

for higher education  
        

other          
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Q11: Which of the following statements best describes the status of data analytics at your 

institution? 

 a major priority institution-wide  

 a major priority for some units, but not the entire institution  

 an interest for some units  

 not a priority or interest  

 I don't know  

If “not a priority or interest” is selected, then skip to end of survey. If “I don't know” is selected, 

then skip to end of survey. 

 

To what extent do you agree with the following statements? 

Q12: For data analytics, my institution has provided: 

 Strongly 

agree Agree Disagree 

Strongly 

disagree Don't know 

adequate funding            

appropriate tools and 

software  
          

well-trained staff to develop 

models and provide analysis  
          

effective training for users            

clear definitions of data used           

IT staff who know how to 

support the technology 
          

timely information about 

changes to the system  
          

appropriate professional 

development on how to use 

data in decision-making  
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Q13: In my experience, my institution's data analytics tools 

 Strongly 

agree Agree Disagree 

Strongly 

disagree Don't know 

provide the right kind of 

data  
          

provide reports in the right 

format  
          

are versatile in addressing 

needs as they arise  
          

have eliminated any single 

unit's ability to control 

access to information  

          

enable me to make 

decisions more quickly 
          

have significantly 

improved decision-making 

at my institution 

          

do what I want them to do           

make information easy to 

access  
          

are easy to operate            

 

 

Q14:  How engaged have deans and department chairs, heads or directors at your 

institution been in the following aspects of data analytics? 

 Very  Somewhat  A little  Not at all  Don't know  

overall planning of the 

analytics system or tools  
          

defining data and metrics            

designing report formats            

designing screen layouts or 

data presentation 
          

experimenting with the 

analytics tools before full 

implementation  
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Q15: To what extent does your institution's data analytics tools: 

 Great extent  Some extent  Very little Not at all Don't know  

allow for adaptations to 

meet different needs  
          

provide accurate data           

improve your ability to 

make good decisions  
          

enhance your 

effectiveness on the job 
          

provide data to external 

stakeholders  
          

report data linked to your 

strategic goals  
          

integrate data from 

different sources 
          

 

Q16: To what extent have you used data analytics for the following in the last year? 

 Great extent Some what Very little Not at all  

in discussions at college or 

department meetings  
        

during informal conversations 

with colleagues  
        

to guide my own decision-

making  
        

 

Q17: How do you anticipate your usage of data analytics will change in the next year? 

 Increase substantially  

 Increase slightly  

 Stay about the same 

 Decrease slightly 

 Decrease substantially 

 

Q18: Please explain the reason for your response above. 

 

Q19: Is there anything else you would like to add or comment on? 
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APPENDIX C: IRB APPROVAL 
 

4/8/13 

  

The IRB: Human Subjects Committee determined that the referenced study is exempt from 

review under federal guidelines 45 CFR Part 46.101(b) category #2 SURVEYS/INTERVIEWS; 

STANDARDIZED EDUCATIONAL TESTS; OBSERVATION OF PUBLIC BEHAVIOR. 
  

Study Number: 1304E30861 

  

Principal Investigator: Lisa Foss 

  

Title(s): 

Perception and Usage of Data and Analytics by Deans, Chairs and Directors at US Colleges and 

Universities 

 
  

This e-mail confirmation is your official University of Minnesota HRPP notification of 

exemption from full committee review. You will not receive a hard copy or letter. 
  

This secure electronic notification between password protected authentications has been deemed 

by the University of Minnesota to constitute a legal signature. 
  

The study number above is assigned to your research.  That number and the title of your study 

must be used in all communication with the IRB office. 
  

Research that involves observation can be approved under this category without obtaining 

consent. 
  

SURVEY OR INTERVIEW RESEARCH APPROVED AS EXEMPT UNDER THIS 

CATEGORY IS LIMITED TO ADULT SUBJECTS. 
  

This exemption is valid for five years from the date of this correspondence and will be filed 

inactive at that time. You will receive a notification prior to inactivation. If this research will 

extend beyond five years, you must submit a new application to the IRB before the study’s 

expiration date. 
  

Upon receipt of this email, you may begin your research.  If you have questions, please call the 

IRB office at (612) 626-5654. 
  

You may go to the View Completed section of eResearch Central at http://eresearch.umn.edu/ to 

view further details on your study. 
  

The IRB wishes you success with this research. 
  

tel:%28612%29%20626-5654
http://eresearch.umn.edu/

