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Abstract 

Introducing generative artificial intelligence (AI) into organizational processes represents 

a watershed moment, demanding a fundamental rethinking of processes and culture (Benbya 

et al., 2020). Traditional change management processes, like ADKAR (Hiatt, 2006), offer 

research-based tools and strategies to assess readiness for AI adoption but are more effective 

when adapted and infused with sensemaking to help employees navigate an unknown future 

state.  

In this qualitative study, employees in a global solutions services company (“The 

Company”) revealed a strong desire and readiness to adopt AI-powered advanced analytics. 

This desire exceeded employees’ awareness of the change and how it would be applied. 

Drawing from the literature on change management and sensemaking, interviews, 

observations, and document analysis from The Company, we recommend adopting an AI-

specific change management methodology and strategy focusing on what we call the “AI 

Change Catalyst Loop,” in which The Company simultaneously focuses on desire, awareness, 

and knowledge infused with sensemaking. Intentional sensemaking for shared use cases and 

articulation of the value of advanced analytics will help The Company create a flywheel of 

momentum to build the ability and skills needed to adopt and utilize advanced analytics 

successfully.  

For The Company, we recommend applying the methodology in three phases. Phase 1 

involves establishing an internal change management office focused on data analytics to guide 

employees through this mindset shift, ensuring continuous learning and leadership alignment. 

Phase 2 recommends an internal communications strategy emphasizing sensemaking, using 
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narratives and clear messaging to help employees understand their role in the broader 

organizational goal. Lastly, phase 3 links business success metrics with role-based training to 

foster continuous improvement and innovation. The new change management approach aims 

to build a culture of trust, relevancy, and a data-driven decision mindset.  

 

 

Keywords: data analytics; generative artificial intelligence; change management; ADKAR; 

sensemaking; antenarratives. 

  



   

 

  Diggins – Ferinde 8 of 102 

 

Introduction 

Rapid technological advancements have been introduced in the home and workplace 

today, specifically generative AI (GenAI). This advancement and introduction in employees’ 

homes and workplaces cause intense curiosity and urgency among workers and requires 

leaders to rapidly guide their teams through uncertainty and unknowns (Poudel, 2019). 

Introducing GenAI for data analytics into the workplace arguably represents a watershed 

moment, demanding a fundamental mind shift in organizational cultures (Benbya et al., 2020). 

When navigating this mind shift, leaders will face complexity, unpredictability, and ambiguity 

(Bolman & Deal, 2010). 

Leveraging data through advanced analytics in an era of ubiquitous information is 

critical to staying competitive and optimizing people and processes (Roy et al., 2022). As 

organizations evolve, their transition from descriptive analytics (insights into past events) to AI-

powered predictive and prescriptive analytics (forecasting and providing recommendations) 

marks a significant shift toward proactive and strategic workforce decision-making (Davenport, 

2018a). This shift demands technological updates and changes in organizational culture and 

employee mindsets (Harmat, 2023; Rafferty et al., 2013). 

With the rise of GenAI, successful leaders will likely enable adaptive systems that 

encourage shifts from daily actions to systems approaches with future orientation (Raelin, 

2016). As organizations navigate this transformation, change management and sensemaking 

skills become indispensable (Lüscher et al., 2006). Change management provides 

methodologies, strategies, and tools to guide teams to readiness through a transition, ensuring 

that technological advancements like GenAI are integrated smoothly and beneficially (Poudel, 
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2019). Concurrently, sensemaking brings coherence to mysterious situations, enabling action by 

developing comprehensive pictures that evolve with data collection, experience, and 

collaboration (Ancona, 2012). Together, change management and sensemaking empower 

organizations to manage the change needed with AI adoption and leverage it as an opportunity 

for innovation and growth. 

This study aims to uncover employees' readiness and sensemaking approaches at a large 

solutions and manufacturing organization, “The Company,”*  through an AI-powered 

transformation. Focusing on change management and sensemaking, this study provides insights 

and recommendations to navigate the human elements of change through AI transformations 

to the global industry and its workforce. 

  

  

*The partner organization requests anonymity. We refer to this organization as “The 
Company.” All quotes are unattributed, and specific information that may lead to The 
Company’s identification is generalized.  
  

 

  

  

  



   

 

  Diggins – Ferinde 10 of 102 

 

The Organizational Context 

The Company is a global leader providing essential solutions across diverse industries. 

Operating in more than 170 countries, The Company employs nearly 50,000 individuals and 

serves over three million customers annually. For more than 100 years, The Company has been 

a leader in sustainability and innovation.  

The Company relies on quality data and strategic analysis to make small and large 

decisions. With the acquisition of many companies across many industries, The Company has 

focused on developing an integrated and trusted data platform. As this study started in 2023, 

leaders shared a tension that The Company needed to strengthen its current data systems and 

shift mindsets and culture on how data is used across the organization to remain competitive in 

a marketplace increasingly fueled by AI-powered tools.  

The Enterprise Data Office (EDO) focuses on data governance, quality, management, 

and strategic use of data across the organization. EDO leadership stated their ambition: shifting 

employee mindsets from relying on descriptive analytics (non-customizable standardized 

reports that tell what happened in the past) to embracing predictive and prescriptive analytics 

(dynamic reports that forecast future trends and prescribe strategic actions). Leadership 

believed this shift will enhance The Company’s ability to leverage data to its fullest potential, 

securing its position at the forefront of its industry in a data-driven world. 

While EDO leads data solutions, they closely integrate with Global Business Intelligence 

(Global BI) and Business Units to understand business issues and provide insights based on 

data. The complexity of the organizational structure requires strategic coordination, especially 
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in the face of a transformational shift to predictive and prescriptive analytics. See Figure 1 for 

how teams interact, as seen on an organizational chart. 

Figure 1 

Cross-Functional Teams Interaction 

Note. From an employee of The Company, personal communication, March 4, 2024. Copyright 2024 by The 
Company.  

The Company’s expertise in its field is a product of its innovative solutions and people. 

The workforce, strong in experience, diversity, and expertise, is the backbone of its operations 

and innovation, which embody its values. However, as The Company stands at the beginning of 

a new analytical era, the project sponsors, our project team's primary contact points, and 

company leaders acknowledge that adopting advanced analytics is slow and challenging. 

Leadership shared that they recognize that the journey from advanced analytics awareness to 

fluency is a critical strategic pivot, which calls for an intentional shift in mindset. One of the 

project sponsors stated: 

 So, there's a journey we probably need to lay out for them, just so they can   

understand in a non-technical way, because that's where we're losing. They [see] AI, 
 and it's all over the place. That's why we split it up with descriptive—reporting the news 
 —[then] predictive—reporting where the news could be—and then prescriptive is 
 changing the news. 
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The Company recognizes the need to focus on data literacy as a first step in moving to 

advanced analytics. The EDO annually hosts an annual “Enterprise Technology Solutions Data 

Fest.” This spring event is an open house to deepen data awareness, foster an appreciation for 

data, and better understand how data drives The Company and contributes to customers’ 

success. Data Fest features booths and speakers focused on discovering, trusting, and using 

data. During our study, The Company launched a “Data Community of Practice,” which aims to 

provide communications, training, “lunch and learn” sessions, and spotlight interviews with 

leaders. The Company’s leadership envisions cultivating a data-centric culture—where every 

employee understands and embraces predictive and prescriptive analytics.  

Problem of Practice and Project Questions 

With the industry's ambition in a data-driven world, The Company plans to implement 

predictive and prescriptive analytics to enhance strategic decision-making and innovation. This 

shift requires technology updates integrating AI, a fundamental organizational culture change, 

and employee mindsets shifting toward advanced data usage. This study focused on the shift of 

employee mindsets to embrace advanced analytics that anticipate future trends and prescribe 

strategic actions. The Company is in the early stages of this transformation and needs to 

understand the readiness of its employees for this mindset shift and gain insights into how to 

manage the change.   

This study explored how The Company can effectively manage this significant mindset 

shift, focusing on the roles of change management and sensemaking as they transition to 

advanced analytics. The outcome aims to provide actionable insights into The Company’s 

current transformation and inform broader practices of AI adoption in the industry.  
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Project Questions 

The project investigated the following questions: 

Q1: How is The Company poised to manage change regarding adopting and utilizing 

advanced analytics? 

Q2:  In what ways does an intentional focus on sensemaking help The Company speed 

the adoption of new technology?  
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Research Synthesis 

Introduction 

Across industries, individuals constantly seek to predict what will happen next. The 

deep-rooted need to predict helps humans gain control of their environment, reduce 

uncertainty, and make decisions that optimize outcomes (Gilbert & Wilson, 2009). The ability to 

predict incites awe and fear (Silver, 2020) depending on how one perceives what is known and 

unknown about the future. In 2024, just a year after American tech giant Bill Gates declared 

that the “Age of AI has begun” (Gates, 2023), businesses worldwide are grappling with the 

potential for AI to facilitate prediction more easily and fundamentally change how business 

operates.  

Just as the world of commerce shifted when electricity became widespread or the 

Internet became accessible on a desktop, industries today now exist in what may be described 

as the “in-between times” (Agrawal et al., 2022) when the power of AI to facilitate prediction 

seems possible but just out of reach. AI is now commonplace in predicting what products we 

might want to buy on Amazon or suggesting connections on LinkedIn. In the workplace, a global 

survey from McKinsey & Company (2023) reported that most employees have some exposure 

to generative AI, and nearly a quarter of American workers—mainly in the tech sector—use AI 

regularly in their work. Increasingly, workers across industries are seeing how AI can lead to 

shifts in their work by automating tasks and saving 60-70% of their time (McKinsey & Company, 

2023). While workers are increasingly adopting AI to enhance productivity, leveraging AI 

systemically to directly reduce operational costs or generate new revenue in core businesses 

presents additional challenges, including the need for strategic application of AI, investment in 
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worker support and training, and the broader economic context (McKinsey & Company, 2023). 

Harnessing generative AI for specific purposes depends on good data, good judgment (Bedué & 

Fritzsche, 2022; Dwivedi et al., 2023; McKinsey & Company, 2023), and developing a systems 

mindset to understand how AI might facilitate prediction in context (Agrawal et al., 2022; 

Kissinger et al., 2021). 

Prediction is possible with advanced analytics. Advancing to the next era for business 

analysis and decision-making will require a mix of strategy, technology, investment, and 

leadership. Change management processes will be essential to scale and spread the promise of 

advanced analytics (Davenport, 2018a). Moreover, the complexity of this specific change will 

require sophisticated sensemaking at every stage of the process (Steigenberger, 2015). To 

support this inquiry for The Company, the literature review delved into three key areas: change 

management, sensemaking, and technology adoption specific to AI in data analytics. The review 

explored which change management process might best support The Company and how 

sensemaking might contribute to success in advanced analytics adoption with AI.  

Using Generative AI for Strategy and Data Analysis 

Today’s leaders will need a strong foundation in analytics, with trusted data and a data-

forward culture, to navigate this new epoch of AI (Davenport, 2018a). Imagining a future where 

AI adds new knowledge beyond human reason (Kissinger et al., 2021) requires collective 

understanding and readiness. Companies need to build data competencies and then be ready 

for the Analytics 4.0 era, where they go “all in” to radically transform their products, processes, 

strategies, customer relationships, and cultures (Davenport, 2013, 2018a, 2018b; Davenport & 

Mittal, 2023). Moving to the era of Analytics 4.0 requires close assessment and shoring up 
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culture, analytics capabilities, data and technology capabilities, and individual capabilities 

(Davenport, 2018a). Davenport (2018a) conceptualized a “leading tail” where organizations 

mainly experiment with advanced analytics while shoring up data platforms and building 

expertise. Figure 2 illustrates the evolution of business analytics ranging from a less mature 

program to one operational with GenAI. 

Figure 2 

Evolution of Business Analytics 

Note. From “From Analytics to Artificial Intelligence,” by T. H. Davenport, 2018a, Journal of Business Analytics, 1(2), 

p. 74 (https://doi.org/10.1080/2573234X.2018.1543535). Copyright 2018 by Taylor & Francis Journals. 
 

In the root cause analysis for this study, leaders in The Company described the demand 

to be competitive by shifting from reliance on descriptive analytics to embracing predictive and 

prescriptive analytics to leverage data to predict the future better, increase efficiencies, and 

improve outcomes. The transition to advanced analytics represents a shift in how organizations 

leverage data to inform strategic decision-making and promote new mindsets for systems 

thinking.  
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In their 2022 book, Power and Prediction, Agrawal and co-authors outlined three 

approaches to adopting technology. Point solutions address specific, well-defined problems 

within an existing system. They are often the first step in technological adoption, providing 

immediate benefits without requiring significant changes to the current system. Depending on 

the users' interpretations, an HR chatbot serves as a point solution in technology adoption by 

facilitating operations and acting as a self-service system or an HR assistant (Harmat, 2023). 

Application solutions, on the other hand, target specific related problems or processes. They 

may necessitate changes to the system but are confined to improving specific functions within 

the organization. An example might be digital health records that connect related processes 

around tracking a patient’s health and may or may not connect to billing, thus improving how 

existing systems work together (Agrawal et al., 2022). Ultimately, systems solutions involve 

entirely rethinking and redesigning existing systems to integrate and fully leverage the new 

technology. In a global company with multiple delivery points, a systems solution would 

reimagine how goods and services are delivered to each customer across many product lines 

and predict what the customer might buy in the future. For a multinational business-to-

business corporation, the leap to systems solutions requires awareness, understanding, trust, 

imagination, and a collective change in mindset (Beer & Nohria, 2000; Kotter, 1996). 

Understanding Analytics 

Analytics is the science of applying statistics and other quantitative methods and 

technology to large amounts of data to obtain insights and strengthen decision-making 

(Davenport, 2018a; Roy et al., 2022). It is a multidisciplinary approach that combines machine 

learning, operations research, and data-driven methods to analyze data, predict future trends, 
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and prescribe actionable decisions to optimize outcomes (Bertsimas & Kallus, 2020). Analytics 

involves the use of statistical, computational, and mathematical methods to derive insights 

from data, which can then inform decision-making processes, particularly under conditions of 

uncertainty (Bertsimas & Kallus, 2020; Davenport, 2018a; Mortenson et al., 2015; Roy et al., 

2022).  

There are three types of analytics in today’s business environment. Descriptive analytics 

focuses on what has happened in the past and is used widely throughout organizations, serving 

as a foundation for advanced analytics (Davenport, 2018a). Predictive analytics then tells us 

what will likely happen in the future based on the data (Roy et al., 2022). Prescriptive analytics 

takes the process further, recommending how to act in real time and showing potential 

outcomes for decisions (Roy et al., 2022). Utilizing this range of analytics requires skills and a 

mindset that enables organizations to leverage organizational learning and thrive by making 

decisions rooted in data analysis (Davenport, 2018a; Roy et al., 2022). With the explosion of AI 

and the push to predictive and prescriptive analytics, fluency about these terms and the 

opportunities and challenges of these tools extends beyond operations employees and data 

scientists to encompass a broader range of positions within the organization (Jöhnk et al., 

2021). Furthermore, adopting predictive and prescriptive analytics significantly increases 

employee productivity, optimizes efficiency, and elevates overall performance (Wijayati et al., 

2022). Figure 3 describes the different descriptive, predictive, and prescriptive analytics 

considerations. 
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Figure 3 

Descriptive, Predictive, and Prescriptive Analytics 

 
 

Key findings from the literature underscore the necessity of a structured change 

management strategy for organizations to facilitate the transition to predictive analytics 

(Davenport, 2018a). The need for an effective change management strategy is profound, 

suggesting that a successful transition and change relies on the technological infrastructure and 

a culture receptive to advanced analytics, comprehensive training programs, transparent 

communications, and leaders that are change champions for the vision (Kanitz et al., 2023; 

Phillips & Klein, 2023). Organizations effectively managing this shift can expect benefits in 

efficiency, productivity, risk management, innovation, and problem-solving, positioning 

themselves at the forefront of the AI-driven evolution (Jöhnk et al., 2021; McKinsey & 

Company, 2023; Wijayati et al., 2022). 

Change Management: Identifying a Theoretical Framework 

Shifting from descriptive to predictive and prescriptive analytics requires new 

approaches and mindsets. A change management framework can guide The Company through 
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a research-based process to lead the people side of change (Galli, 2018). As the organization 

transitions from a current state to a desired future state, leaders, project teams, and individuals 

must recognize the need for change and implement strategies to evolve (Phillips & Klein, 2023). 

Given widespread fears of how artificial intelligence will replace jobs and change the nature of 

the workforce, change management strategies that put people first are essential. While 

tempting to emphasize Theory E (Economic, often top-down-driven focus on value) and how 

predictive analytics will increase efficiencies, the combination with Theory O (Organizational 

Capability, with strong stakeholder engagement) is needed to simultaneously enhance 

shareholder value and build a strong corporate culture (Beer & Nohria, 2000). 

Selecting and adopting a change management model depends on corporate culture, 

historical experience with given models, and leadership preferences. Given the potential 

enormity of the shift to predictive analytics, a fresh examination of the potential models 

provides new insights relevant to this specific change management need. Research-based and 

tested change management models provide a starting point for potential approaches for 

corporate adoption of predictive and prescriptive analytics in strategy decisions. Models 

frequently follow a three- to five-step approach with varying names, generally focused on 1) 

identifying the needed change; 2) gathering data and knowledge; 3) designing and explaining 

the approach; 4) implementing the change; and 5) monitoring and refining the approach (Galli, 

2018). Table 1 provides an overview of proven strategies with potential applicability. 
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Table 1 

Change Management Models in Order of Introduction 

Model Strength  Basic Stages  

Lewin's Change 
Management Model 
(Lewin, 1951)  

Simplicity. A gradual 
approach breaks the 
change process into 
manageable steps. 

Unfreezing  
Changing  
Refreezing  

McKinsey 7-S Model 
(Waterman, 1982) 

A comprehensive, balanced 
view of organizations with 
emphasis on hard and soft 
elements and recognition 
of the interconnectedness 
of organizational 
components. 

1. Strategy 
2. Structure 
3. Systems 
4. Skills 
5. Staff 
6. Style 
7. Shared goals 

Bridges' Transition 
Model  
(Bridges, 1986) 

A comprehensive, human-
centered approach to 
change. 

Ending, losing, and letting go 
The neutral zone 
The new beginning  

Kotter's 8-Step 
Change Model 
(Kotter, 1996) 

Clear steps that engage 
employees throughout the 
process. Requires strong 
and focused leadership. 

1. Create a sense of urgency. 
2. Create a core coalition. 
3. Develop and form a strategic vision. 
4. Communicate and share vision plans. 
5. Empower employees to act on the 
vision. 
6. Generate short-term wins. 
7. Consolidate gains and produce more 
change. 
8. Initiate and set new changes. 

Six Sigma (Harry & 
Schroeder, 2000) 

Data-driven, structured 
approach to process 
improvement. 

DMAIC: 

• Define 

• Measure 

• Analyze 

• Improve 

• Control 

ADKAR Model 
(Hiatt, 2006) 

Supports managing the 
people side of change. 

Stages or goals: 
1. Awareness 
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2. Desire 
3. Knowledge 
4. Ability 
5. Reinforcement 

Switch Change 
Management 
(Heath & Heath, 
2010) 

Clear and practical 
approach with an easy-to-
understand metaphor that 
garners buy-in. 

Direct the rider 
Motivate the elephant 
Shape the path 

  

Evaluating Change Management Approaches for Adopting Advanced 
Analytics 

To support The Company’s desired embrace of advanced analytics, we sought a change 

management model that is simple enough to grasp quickly, emphasizes the people side of 

change, including leadership and culture imperatives, and is sophisticated enough to embrace 

the complexities of a technological transformation. Lewin's Change Management Model is 

known for its simplicity and effectiveness, breaking the change process into three digestible 

stages: unfreezing, changing, and refreezing (Cummings et al., 2016; Lewin, 1951). The ADKAR 

change management model is also easy to grasp, spelling out a linear framework designed to 

guide individuals and organizations through the process of change at a personal and 

professional level (Hiatt, 2006). Also simple in its metaphor approach is the Switch Change 

Management model that emphasizes securing buy-in across all levels of an organization while 

explaining how to direct the rider and motivate the elephant to adopt change (Heath & Heath, 

2010). 

Seeking a people-forward change management approach, we sought a framework that 

allowed the exploration of individual readiness and adoption. Bridges' Transition Model excels 

at handling employees' psychological transitions, which is potentially vital in shifting to a data-
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centric culture. Its focus on beginnings, transitions, and endings aligns well with the iterative 

nature of analytics projects (Bridges, 1986). However, the model may not provide enough 

structure for the technical aspects of implementing analytics solutions, requiring additional 

frameworks to address these needs. The ADKAR model emphasizes that successful change is 

rooted in facilitating change one person at a time, acknowledging that organizational change is 

the cumulative result of individual changes (Jones-Schenk, 2019). The model structures around 

five sequential and cumulative milestones or outcomes that an individual must achieve for 

change to be successfully realized (Hiatt, 2006). Offering possibilities, the Lewin model’s core 

assumption is that employees need time to reflect, adapt, and incorporate new changes (Galli, 

2018). 

Understanding that the shift to advanced analytics is a leap in mindsets, processes, and 

organizational culture, we sought a robust change management process. Kotter's 8-Step 

Change Model provides a detailed roadmap for change, encouraging broad-based employee 

engagement and strong leadership (Kotter, 1996). Its stepwise approach is beneficial for 

aligning large teams toward incorporating analytics into decision-making processes. The 

emphasis on creating short-term wins, building on the change, and anchoring the changes in 

corporate culture (Galli, 2018) might be beneficial in this scenario. McKinsey 7-S Model’s 

holistic view of organizations ensures that all critical elements, including skills and staff, are 

aligned, which is essential for successfully integrating analytics systems. However, its broad 

focus might dilute attention from specific analytics needs, such as data governance or the 

development of predictive models, without supplementary, more focused change strategies 

(Galli, 2018). Six Sigma offers a rigorous, data-driven approach that complements the adoption 
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of analytics well, focusing on defining, measuring, analyzing, improving, and controlling 

business processes (Harry & Schroeder, 2000). However, the highly structured nature of Six 

Sigma can be rigid, potentially stifling innovation and adaptation in fast-evolving fields like 

analytics (Galli, 2018). 

In a thorough review of the change management literature, we sought a frame that 

would fit The Company’s context and speak to the key leaders we were engaging. We thought 

the Kotter model could be highly relevant in adopting AI in a business setting with an emphasis 

on creating a sense of urgency for the change (Kotter, 1996). While the Kotter model may adapt 

quickly to the dynamic change needed to shift mindsets toward predictive analytics, the 

sequential steps may delay the rapid adaptation needed in fast-paced analytics projects. The 

Lewin and Switch models seemed too simplistic for the complexity of the change. The McKinsey 

7-S and Six Sigma models offered more robust solutions but seemed to expand the scope of 

what was possible to study for the project's purpose.  

After careful consideration and thorough review of multiple models, we chose the 

ADKAR model for the blend of simplicity and sophistication. The clear structure—awareness, 

desire, knowledge, ability, and reinforcement—makes intuitive sense to people. Since its 

release by John Hiatt in 2006, the spread of the ADKAR model has been supported by the Prosci 

organization (https://www.prosci.com/) and is well-known in business schools, providing 

common language and baseline knowledge among industry leaders. Despite its simplicity, the 

ADKAR model covers all essential dimensions, creating a holistic approach to managing change. 

The steps provide a diagnostic tool to identify gaps in the change process. Organizations can 

pinpoint specific areas that need improvement by evaluating each milestone, making the 

https://www.prosci.com/
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change process more targeted and effective (Holt et al., 2007). Finally, the ADKAR model 

emphasizes individual change and ensures that the emotional and psychological needs of 

employees are addressed, which is crucial for successful change implementation (Weick et al., 

2005) and potentially the upskilling and reskilling of the workforce needed for advanced 

analytics (Jöhnk et al., 2021). Ultimately, the ADKAR model is flexible and can be adapted to 

other known or proprietary change management models The Company may use, contributing 

to the project’s relevancy and usefulness. 

Making Sense of Sensemaking 

One of the limitations of the ADKAR model is that while the model outlines the phases 

individuals go through, it does not provide detailed instructions for leaders on how to facilitate 

these transitions effectively (Galli, 2018). We dove into the sensemaking literature to deepen 

the ADKAR conceptual frame and provide The Company with strategies to become a 

sensemaking organization.  

Sensemaking is essential to change management because it involves interpreting and 

creating order, particularly during organizational change (Lüscher et al., 2006). Sensemaking 

helps individuals and groups understand and interpret the changes around them, enabling 

them to respond effectively and adapt to new technologies (Maitlis & Sonenshein, 2010). 

Initially conceived by Weick (1995), sensemaking theory describes how individuals and 

organizations interpret and give meaning to their experiences, particularly in ambiguous, 

unexpected, or confusing situations. According to Weick, sensemaking is a process triggered by 

events that disrupt an individual's or group's expected reality, prompting them to seek 

explanations that restore continuity and rationalize their experiences (Harmat, 2023). The 
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theory emphasizes that sensemaking is retrospective, as individuals look back on events to 

understand them, but it can also be prospective, shaping future actions and interpretations 

(Maitlis & Sonenshein, 2010). 

A subsequent interpretation of sensemaking by Boje (2001) leans into the prospective 

possibilities in conceptualizing “antenarratives.” An antenarrative is a form of narrative that is 

not yet fully formed or is in the process of taking shape. Boje (2011) described antenarratives as 

emergent, fragmented, and polyphonic. These qualities enable antenarratives to link lived 

experiences with fully developed narratives. When trying to predict or increase comfort with 

the possibilities of prediction, the concept of antenarrative is helpful in the context of 

organizational change and the adoption of AI-based solutions. In a study of a large financial 

organization aiming to become a digital leader, Poudel (2019) offered that antenarratives help 

managers and practitioners make sense of the ambiguous and uncertain landscape that AI 

technology presents. He posited that antenarratives could categorize themselves into positive 

and negative themes, influencing how strategy practitioners perceive and respond to the 

introduction of AI (Poudel, 2019). Figure 4 illustrates Poudel’s framework.  
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Figure 4 

Poudel’s (2019) Antenarrative Theoretical Framework 

 
Note. From “Making Sense or Betting on the Future?: Identifying Antenarratives of AI Projects in a Large Financial 
Organization,” by D. Poudel, 2019, Electronic Journal of Business Ethics and Organization Studies, 2(2), p. 24 
(http://ejbo.jyu.fi/pdf/ejbo_vol24_no2_pages_20-33.pdf). Copyright 2019 by the Business and Organization Ethics 
Network. 

 

Positive antenarratives, such as normalized change and anticipated benefits, promote 

strategy practices by framing AI adoption as a necessary response to an ever-changing business 

landscape and emphasizing AI's potential benefits to the organization. These narratives help 

practitioners overlook uncertainties and focus on the competitive advantages that AI projects 

may offer. On the other hand, negative antenarratives can impede strategy practices by 

highlighting the risks and uncertainties associated with AI, potentially leading to resistance or 

skepticism toward change (Poudel, 2019). Encouraging positive antenarratives and addressing 

negative antenarratives provides promise for accelerating technology adoption in a change 

management framework.  

Adopting generative AI in advanced analytics is not a typical technology adoption 

process. The nature of technology requires advanced conceptualization at all levels of the 

organization. Prospective sensemaking—the forward-looking process where individuals or 

https://nam04.safelinks.protection.outlook.com/?url=http%3A%2F%2Fejbo.jyu.fi%2Fpdf%2Fejbo_vol24_no2_pages_20-33.pdf&data=05%7C02%7Cteresa.ferinde%40vanderbilt.edu%7C341384d1bf2348bc710208dca45c2a72%7Cba5a7f39e3be4ab3b45067fa80faecad%7C0%7C0%7C638565963770585658%7CUnknown%7CTWFpbGZsb3d8eyJWIjoiMC4wLjAwMDAiLCJQIjoiV2luMzIiLCJBTiI6Ik1haWwiLCJXVCI6Mn0%3D%7C0%7C%7C%7C&sdata=iI8JycQxQ0mVXJmoQVfHids%2Bacbcx%2BHx6mnmfhFFn6Q%3D&reserved=0
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groups within an organization anticipate and make sense of future events, changes, or 

uncertainties—can help create mental models or narratives about what might happen and how 

to respond to those potential future scenarios. This type of sensemaking is beneficial when 

organizations face significant changes or unknowns (Boje, 2001; Boje, 2011).  

When prospective sensemaking integrates with a people-forward change management 

process, it can help the leap into embracing predictive and prescriptive analytics. The literature 

shows that such an approach will increase understanding of change and employee buy-in. 

Leaders can ensure that multiple perspectives are considered by involving others in the 

sensemaking process, leading to a more comprehensive understanding of the change and its 

implications for different parts of the organization (Ancona, 2012). Sensemaking supports 

adaptability to help organizations remain agile and responsive to new information and changing 

circumstances, which is crucial in dynamic business environments (Steigenberger, 

2015). Sensemaking can facilitate better communication by helping leaders articulate the 

reasons for change in a way that resonates with employees, thus aligning their perceptions and 

expectations with the organization's goals (Maitlis & Sonenshein, 2010).  

Integrating the concept of sensemaking from Weick et al. (2005), antenarratives can be 

seen as tools that facilitate the sensemaking process during organizational change. 

Sensemaking involves turning circumstances into comprehensible situations that prompt 

action, and antenarratives contribute to this by offering preliminary, adaptable stories that can 

evolve as situations change. This adaptability is crucial in managing organizational change, 

where new information and contexts can shift the direction of planned changes. In practice, 

using antenarratives in change management involves encouraging the creation and sharing of 
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these stories among stakeholders to explore different perspectives and potential outcomes. 

This process not only aids in sensemaking but also in sensegiving, where leaders and managers 

help others in the organization to understand and engage with the change process. By fostering 

a narrative environment, organizations can better manage the uncertainties and complexities 

associated with change, leading to more effective and coherent organizational actions. In 

summary, antenarratives serve as a vital component in the toolkit for change management by 

providing a flexible, inclusive, and dynamic approach to understanding and navigating change 

within organizations.  
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Conceptual Framework and Project Questions 

Conceptual Framework: From Descriptive to Predictive Analytics 

The leap from utilizing descriptive analytics in daily operations to embracing predictive 

and prescriptive analytics requires a thoughtful and deliberate change management approach 

infused with sensemaking. Our conceptual framework accepts the uncertainty of the “in-

between times” (Agrawal et al., 2022) as generative AI spreads rapidly in industry, testing the 

ability of organizations to change quickly. This leap may require extensive sensemaking to 

change practice and comprehend the enormity of a technology that can change all elements of 

society (Davenport & Mittal, 2023). With its focus on how individual people experience change, 

we identified ADKAR as the change management model (Hiatt, 2006) and considered how 

sensemaking might be embedded throughout the process. Prospective sensemaking with 

antenarratives (Boje, 2011; Poudel, 2019), representing dynamic and evolving stories, was 

examined as essential for understanding how change is negotiated throughout all stages of the 

change management process (see Figure 5). 
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Figure 5 

Conceptual Framework of an AI-Fueled Analytics Shift with a Change Management Process 
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Data Collection and Project Design 

Introduction 

The project was designed to examine the readiness for change within The Company and 

the positive and negative narratives from leaders. The goal is to provide recommendations to 

guide employees’ mindsets from relying on descriptive analytics to adopting AI-powered 

advanced analytics. The ADKAR curve and the antenarrative theoretical framework were the 

tools we utilized for the project design.   

The project was structured to answer our two project questions. First, we aimed to 

identify how The Company is poised to manage the change by exploring employees' readiness. 

Second, we examined how an intentional focus on sensemaking by leadership can foster a 

mindset shift among employees, leading The Company toward a future where data-centric 

decision-making is standard practice. The data collection approach consisted of two primary 

methodologies: 1) interviews with selected organizational leaders and end-users, and 2) 

observational fieldnotes and document analysis at The Company’s annual Data Fest. The 

interviews with leaders and end-users were designed to capture current experiences, 

perceptions, and attitudes toward change. The observations and the document analysis from 

Data Fest aimed to capture the current culture of The Company through different observations 

of stories, symbols, and sensemaking. These methods were designed to understand the current 

state and provide recommendations for The Company, emphasizing the qualitative data that 

quantitative data alone could not reveal. Table 2 illustrates a high-level overview of the 

methods used.  
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Table 2 

Data Collection Methods 

Method Audience Approach 

Interviews Leaders 
End users 
Project sponsors 

21 interviews total 
   -8 end users 
   -13 leaders 

Observations Various levels -Observations at Annual Data Fest 
-Document analysis of display 
materials 

 

The project design was co-created between the project team and the project sponsors. 

These sponsors served as the primary points of contact for The Company and provided insights 

and direction throughout the process. The sponsors played a role in selecting interview 

participants, scheduling interviews, helping create interview questions, and inviting us to the 

Annual Data Fest. Their understanding of the organizational culture and strategic vision from a 

leadership perspective helped refine the statement of work and project focus. The following 

sections elaborate on the interviews, observations, and document analysis, including 

limitations. 

Interviews 

Purpose 

The interviews were designed to gain insights that are aligned with the project’s 

conceptual framework of change management and sensemaking, utilizing the ADKAR model as 

our tool and antenarrative use. The interviews explored employees’ experiences with data 

analytics and their readiness to adopt predictive and prescriptive analytics.   
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Participant Selection 

The project sponsors selected the interview participants, classifying participants as 

leaders or end users. The selection process included those leading the change (leaders) and 

those impacted by it (end users). Initially, 23 interviews were scheduled for interviews, nine 

with end users and 14 with leaders. The project sponsors added calendar invites with a 

Microsoft Teams link to each calendar invite, but two participants did not attend. However, the 

21 interviews provided enough perspectives for our findings and recommendations. See 

Appendix A for a list of the interview schedule.  

Participants were strategically chosen from key departments—Enterprise Architecture 

and Enterprise Data Organization, Global Business Intelligence, International Markets, and 

Finance Planning and Analysis—ensuring a comprehensive understanding of analytics usage 

across The Company. This representation from multiple departments was crucial to capturing 

the overall view of the culture and The Company’s readiness for change.  

Interview Protocol  

The interview protocol included change readiness and sensemaking, aligning with the 

project’s conceptual framework. The protocol utilized the ADKAR model and antenarratives as 

the tools to create interview questions (see Appendix B for the full interview protocol). The 

project team utilized a semi-structured interview approach and a customized replication 

structure, guided by Ravitch and Carl (2019), allowing for conversation flexibility and 

encouraging descriptive narratives. This approach used the same vital questions but customized 

each conversation through individualized specifics.  
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Interviews were conducted on Microsoft Teams for 30 minutes. Each session was 

facilitated by one of the project team members and began with an introduction of participants, 

an overview of the interview purpose, and a confidentiality statement, highlighting that any 

shared analysis would be anonymized. We were prepared to describe descriptive, predictive, 

and prescriptive analytics with a pre-made graphic but found that most participants had shared 

language. We used the phrase “advanced” analytics throughout the interviews when discussing 

predictive and prescriptive analytics. Interviews were recorded by Fathom and Otter.ai by the 

project team and recorded through Microsoft Teams by The Company. The project team 

utilized Fathom and Otter.ai transcripts for the data analysis. 

Embracing a Participatory Action Research approach (Ravitch & Carl, 2019), the 

questions were co-created between the project sponsors and the project team, ensuring the 

questions aligned with the project's scope conceptual framework and matched The Company's 

culture. The interview protocol consisted of two sets of questions tailored to either leaders or 

end-users, and each set had question categories of 1) change management, 2) sensemaking, 

and 3) investment in learning. The questions focused on experience, behavior, opinions, values, 

feelings, and knowledge.  

For the change management phase, questions were formulated to assess The 

Company’s readiness along each stage of the ADKAR model: awareness, desire, knowledge, 

ability, and reinforcement. Participants were asked to rank their own, if they were an end user, 

or their teams’ engagement, if they were a leader, with each stage. The questions for this 

included:  

Please answer the degree to which your team: 
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1. Is aware of the potential to utilize advanced analytics.  

2. Desires to adopt and explore advanced analytics.  

3. Has the knowledge to apply and utilize advanced analytics. 

4. Has the skills and abilities they need to use advanced analytics. 

5. Regularly uses advanced analytics to measure impact.  

Additional questions were asked, such as, “Can you identify specific areas of your daily 

tasks that could benefit from advanced data analytics?” and, “Do you make a distinction 

between descriptive and predictive analytics in your work?” to learn more about interviewees’ 

placement on the ADKAR curve and their readiness for change.   

The questions on sensemaking uncovered the stories and narratives surrounding using 

advanced analytics. Leaders were asked about their strategies for promoting data literacy 

within their teams, while end users were encouraged to share their perceptions of such efforts 

by their leaders. Questions identified positive and negative antinarratives within these answers. 

A few examples include: 

• “What kinds of stories or conversations do people tell about using advanced analytics?” 

• “Can you walk us through how new technologies have typically been introduced and 

used within your team?”  

Lastly, the investment in the learning phase sought to identify barriers to learning 

advanced data analytics and determine the most effective formats and time commitment for 

enhancing data analytics capabilities.  

Appendix B contains the full interview protocol, with a detailed outline of specific 

questions during each phase.   
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Observational Fieldnotes 

Purpose 

The observational field notes of the project aimed to complement the insights from the 

interviews by capturing authentic employee reactions and the culture at The Company’s third 

Annual Data Fest. The real-time observation validated information gathered from the 

interviews (Ravitch & Carl, 2019). These observations were critical in revealing sensemaking 

processes, particularly the antenarratives that leaders and end users construct around the 

transition to advanced analytics.  

Site Selection 

The site for observation was The Company’s Annual Data Fest, an event that 

congregates a diverse representation of the organization’s workforce. This event was chosen as 

the observation site because it provided a dynamic setting where leaders set the tone for the 

future state of a data-driven organization, and employees’ behaviors and dialogues around 

analytics naturally manifest within an unstructured setting. The event was held at The 

Company’s headquarters and hosted over 900 attendees. There was a post-event event happy 

hour for everyone involved in organizing the event, from booth hosts to event coordinators to 

the Chief Information Officer (CIO).  

Observational Fieldnotes Protocol 

The observational fieldnotes protocol during The Company’s Data Fest was designed to 

function as a data collection method in the data triangulation to bolster the validity of the 

findings. Utilizing Ravitch and Carl's (2019) suggestion, the role of the project team members at 

the event was participatory and fully engaged as observers and participants. This dual role was 
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essential for capturing authentic experiences and understanding the ongoing sensemaking 

process. As active participants, we attended the keynotes, engaged in discussions at each 

booth, interacted with attendees, and attended the post-event happy hour. 

Continuing to draw on the advice of Ravitch and Carl (2019), careful consideration was 

given to what was documented in the field notes, paying particular attention to interactions 

suggesting antenarratives and prospective sensemaking. Decisions on how to write down 

observations were guided by the project’s conceptual frame and emerging themes from the 

interviews that were done pre-event. The timing of notetaking was also strategic; observations 

were recorded promptly via voice memos or writing, and keynotes were recorded using 

Otter.ai. 

We understood that any printed and digital materials provided at Data Fest would be 

essential for context and history. At The Company’s Data Fest, there were more than 20 exhibit 

booths throughout the meeting space organized in categories: Discovering Data, Using Data, 

and Protecting Data. At Data Fest, documents were collected by photographing poster boards 

set up at every booth, table displays, handouts, and computer demonstrations. All poster 

boards used a template to describe the initiative, including information on the name, purpose, 

significant activities, efficiencies provided (time, cost, alignment), internal customers, and 

technology partners. Handouts and displays provided details on engaging with the initiative or 

accomplishments thus far. Computer demonstrations provided emerging use cases. (We heard 

at several booths that the demos and handouts had been prepared primarily for the Data Fest 

and completed just in time for the event.) 
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Limitations 

The project team acknowledges some limitations in the data collection process. First, 

the project sponsors selected the interview participants, introducing potential selection bias. 

Second, the project sponsor attended the first few interviews, which may have influenced 

participants’ responses and potentially caused bias, as participants could have held back some 

of their answers. The project sponsor, however, quickly recognized this issue and decided not 

to attend the subsequent interviews. Document analysis was added to the data analysis design 

to provide additional data and balance the insights gathered through the interviews. 

Additionally, participants self-selected to attend Data Fest, likely indicating a pre-existing 

positive disposition toward AI and advanced analytics, which may not represent the broader 

employee sentiment. 

The project timeline was another constraint, as it did not allow the extended 

engagement necessary for a comprehensive understanding of the dynamics and evolving 

perspectives on AI and predictive analytics within a large global company. The timeline caused a 

limited number of interview participants, which may also impact the generalizability of findings 

across the broader employee population of a large company.  
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Data Analysis  

Introduction 

 This section describes the approach to analyzing the qualitative data obtained from the 

interviews with leaders and end users at The Company, the observational field notes from Data 

Fest, and the document analysis collected at Data Fest. The analysis answered the two project 

questions:   

Q1: How is The Company poised to manage change regarding adopting and utilizing 

advanced analytics? 

Q2: In what ways does The Company intentionally use sensemaking to facilitate the 

adoption of new technology? 

Data Preparation and Coding System 

 The interviews were transcribed through Otter.ai and Fathom. We then transferred the 

interview transcriptions to MAXQDA, a software program by VERBI Software based in Berlin, 

Germany, designed for computer-assisted qualitative and mixed methods data, text, and 

multimedia analysis. This software facilitated the systematic coding of the interview transcripts, 

data organization, and analysis. (See Appendix C for a description of using artificial intelligence 

tools in academic research.)  

 The coding process involved categorizing transcript data into predefined codes aligned 

with the conceptual framework. For example, we utilized the codes aligned with the ADKAR 

model for question one regarding change management. “Segment(s)” refers to sentences or 

phrases we coded with these codes. The codes included: 

• Sensemaking 

• Negative Narrative 
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• Positive Narrative 

• Change Management: Awareness 

• Change Management: Desire 

• Change Management: Knowledge 

• Change Management: Ability  

• Change Management Reinforcement 

Data Analysis Approach 

 We thoroughly examined our data through discourse, thematic, and sentiment analysis. 

Specifically, discourse analysis was utilized to explore how meaning was constructed through 

language (Ravitch & Carl, 2019), particularly during observations at the Data Fest. Thematic 

analysis was applied across all data collection methodologies to identify recurring themes that 

addressed our project questions (Ravitch & Carl, 2019). Sentiment analysis was used to assess 

the positivity and negativity of statements, providing some quantitative analysis of feelings 

toward advanced analytics while understanding the limitation of needing context for the 

sentiments (Nanli et al., 2012).  

Data Organization 

Utilizing the QTT (Questions-Themes-Theories) method via MAXQDA, we assigned a 

“worksheet” to each project question to stay organized throughout our data analysis process. 

These worksheets held our segments coded from the transcripts from the interviews.  

For the document analysis, we scanned and sorted all photographs using a Google Slides 

template to analyze the documents. Each slide included one to three photographs of a booth 

display. We coded each slide, noting the internal customers and words aligned with the sub-

codes emerging from the interviews under positive and negative narratives, including 

Excitement, Value, Safety, Mindsets, Trust, and Literacy. We analyzed the frequency of codes 
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and looked at the accessibility of the materials in terms of understandability and relevancy for 

key users. We also reviewed the transcripts of the keynote conversations at Data Fest, 

especially the plenary conversation with senior leadership, to understand the key messages The 

Company wanted all participants to understand.   

The following provides an expanded discussion of our qualitative analysis for each question:  

Q1: How is The Company poised to manage change regarding adopting and utilizing 

advanced analytics? 

In this part of the analysis, we assessed the readiness of employees to adopt predictive 

and prescriptive analytics to answer the question of how The Company is positioned to manage 

change. We utilized the ADKAR change curve as our tool for measuring this. The ADKAR 

model—awareness, desire, knowledge, ability, and reinforcement—is the theoretical 

framework for understanding the human elements of change readiness and adoption within 

this technological transition. We reviewed the change management segments we coded from 

our data collection, including: 

• Change Management - Awareness 

• Change Management - Desire 

• Change Management - Knowledge 

• Change Management - Ability  

• Change Management - Reinforcement 

The overall distribution of the segments was analyzed to understand their prevalence within 

the dataset, as shown in Table 3. Note that “segment(s)” refers to sentences or phrases we 

coded with the above codes: Awareness, Desire, Knowledge, Ability, and Reinforcement.  
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Table 3 

Code Segment Distribution 

Code Segments Percentage of all codes 

Awareness 82 8.7 
Desire 98 10.4 

Knowledge 79 8.4 

Ability  45 4.8 

Reinforcement 24 2.5 

 

Analyzing the numbers in the above table, we created a heat map in RStudio to visually 

represent the distribution of segments across the ADKAR curve within the organization (see 

Figure 6). Each ADKAR stage is displayed along the horizontal axis, and the colors represent the 

number of segments from Table 3 associated with each stage. The color legend is included in 

Figure 6.  

Figure 6 

Distribution of Codes Heat Map 
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A key observation from the heatmap is that the desire stage has the highest number of 

segments, shown in bright red, surpassing the awareness stage, which is different from other 

enterprise-wide technology transformations. This indicates that employees are excited to 

embrace this change, but after further analyzing the qualitative segments, we saw they are not 

necessarily aware of what The Company uses advanced data analytics for and how they can 

utilize it. As one interviewee pointed out: “So I think it's, the willingness is there, the want is 

there, how do I get there and what does that mean and how complex is it, is what we are 

worried about?” (Note: Some quotes are slightly edited for readability.) 

We then reviewed the original segments with the same ADKAR codes and chose the 

most relevant or significant segments that interviewees identified as more important. For 

example, if an interviewee said that success metrics were a top priority for change adoption, 

this segment would be coded as a relevant segment under Reinforcement. Another example is 

an interviewee mentioning the need for basic foundational knowledge, which would be re-

coded in the relevant segment category under Knowledge. A total of 274 relevant and 

significant segments were analyzed from those original codes and categorized according to the 

ADKAR stages as follows: 

• Awareness: 58 segments 

• Desire: 85 segments 

• Knowledge: 66 segments 

• Ability: 41 segments 

• Reinforcement: 24 segments 
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Continuing our qualitative analysis of the significant segments, we noticed the same 

observation from above that there is a high concentration of segments from the code Desire. 

The qualitative analysis of these segments indicates employees' high interest and motivation to 

embrace advanced analytics. As one interviewee highlighted, “There is a high level of 

excitement and desire among employees to adopt advanced analytics.” At the leadership panel 

at Data Fest, one leader stated, “Over lunch, I got the opportunity to listen to our earnings call. 

And if you have a chance to listen to the earnings call, I counted and lost track [of how much AI 

was mentioned].” This comment indicated excitement about the opportunity of advanced 

analytics due to the widespread discussion of generative AI benefits. 

The lower number of segments in awareness started to show a somewhat different 

change curve, where employees are skipping over Awareness for the “what” and “how” but 

going directly to Desire. One interviewee noted, “There is awareness of the need for change but 

an understanding of the detailed implementation is lacking.” Another one said, “So, is there 

excitement in it at the leadership level? 100% there is. Kind of don’t know which pistol to shoot 

first. Do you shoot? It’s, like, hurry up and shoot. Forget about aiming just shoot. There is a little 

bit of that.” Another one said, “I think for the most part, folks are more open to it. But again, 

they don’t really understand it.” This helped us further see a disconnect between the 

awareness and knowledge stages. Across the comments, we also saw efforts at sensemaking as 

both leaders and end users try to comprehend the strong desire for something that is not 

entirely understood as a tool or application. 

Further analyzing desire, we were participants and observers at Data Fest, where we 

observed the excitement of over 900+ employees who had self-registered to attend the event. 
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Some notes we wrote down were “crowded,” excited,” “value,” and “lots of energy.” One 

leader told us at Data Fest, “People are so excited they want to know more.” All three keynotes 

at the event centered around advanced analytics and generative AI, helping participants make 

sense of the technology with use cases from other global companies. Although we used 

“advanced analytics” for prescriptive and predictive analytics in our interviews, “AI” appeared 

84 times in 70% of our transcripts.  

The desire to adopt advanced analytics is vital; however, foundational knowledge is low, 

and skills in descriptive analytics are still being developed. In MAXQDA analysis, 70% of the 

interviews included the words “literacy” and “training,” and 100% included the word “learning,” 

with more than 100 hits. Interestingly, most of this word frequency came when interviewees 

talked about descriptive analytics, indicating employees are still working to make sense of their 

current state. This current state is a notable observation because we were focused on advanced 

analytics at the beginning of our project and discovered that The Company is still going through 

a change curve related to descriptive analytics. We were in the early stages of seeing another 

change curve emerge from our original project plan. This other change curve is descriptive 

analytics. We will discuss the double change curve in our findings section.  

We then created another heatmap in RStudio to visually show where The Company is 

currently on the ADKAR curve and the importance of each stage for The Company (the future 

state vision) utilizing the relevant and significant segments in Figure 7. The heatmap uses a 

color gradient like the one in Figure 6 to indicate the value of each metric, with warmer colors 

representing higher values and cooler values representing lower values. The importance metric 

highlights how critical each stage is perceived from the qualitative analysis, while the current 
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status metric indicates the current state of each stage. The heatmap allows us to visualize 

employees' current state of where they are on the change curve in adopting advanced analytics 

(the bottom) and the future state vision of what they find most important for their employees 

to be at (the top). We considered phrases indicating “excitement” or importance to be a 

positive narrative, appearing more often in the Desire conversations, and comments about 

concerns or unknowns to be negative narratives, appearing more often in the Awareness 

discussions. 

Figure 7 

ADKAR Stage Importance and Current Status Heat Map 

  

 We then compared The Company's current location in ADKAR to the ideal progression of 

the ADKAR stages. Figure 8 visually represents the distribution of significant or relevant 

segments across the ADKAR stages within The Company.  
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Figure 8 

Comparison of Current and Ideal ADKAR Change Curves 

 

 

The red line indicates the current state, showing how employees progress through awareness, 

desire, knowledge, ability, and reinforcement. An increase in desire suggests high motivation 

and interest in adopting advanced analytics. However, awareness is lower, and combined with 

our qualitative analysis of the segments, we see that employees are unaware of how The 

Company will proceed with this change. We also see a gap between awareness and knowledge. 

This gap shows us that employees need that foundational knowledge to progress.  

 In contrast, the blue line represents the ideal progression, where segments steadily 

increase from awareness to reinforcement, reflecting a balanced and systematic approach to 

change management. The Prosci ADKAR Model emphasizes the need for progression: “The 

goals or outcomes defined by ADKAR are sequential and cumulative. They must be achieved in 
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order” (Prosci Inc., 2016, p. 4). The ideal curve would be that each stage could build upon the 

previous one, ensuring a comprehensive understanding and reinforcement of new practices for 

successful change adoption. This analysis highlights the discrepancy between the current state 

of The Company and the need for targeted interventions to enhance awareness and 

foundational knowledge to reinforce the change for long-term success. This analysis in 

MAXQDA and RStudio gave us an understanding of The Company’s readiness for adopting 

advanced analytics by visualizing where they are in the ADKAR Change Curve and then seeing 

what is needed for the future state.  

Lastly, we summarized the qualitative insights utilizing the MAXQDA AI Summary 

Insights feature from the segments in Table 4. 

Table 4 

ADKAR Qualitative Insights 

ADKAR Stage Insights 

Awareness There is a general awareness of what advanced analytics is globally 
and why it is essential. However, at The Company, while there is 
awareness of why the shift toward advanced analytics should 
happen, there is a lack of detailed understanding of what the shift 
entails and how to implement it. Employees are exposed to the 
broader concept from AI's worldwide excitement but not The 
Company's specifics.  

Desire There is strong excitement and motivation to adopt advanced 
analytics. Interviewees expressed high excitement and a desire to 
engage with new technologies. However, the urgency to act on this 
desire is low to medium, with a need for empowerment, trust, and 
relevancy.  

Knowledge The overall knowledge level is low. There needs to be a more 
foundational and basic understanding of data literacy. The 
Community of Practice is viewed positively. Middle managers need to 
learn the basics of analytics and leadership skills to guide their teams. 
There must also be cohesive language between the business and 
information technology (IT) teams. 
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Ability The abilities required for this change are low, and the organization is 
not ready for training yet. The Company heavily relies on subject 
matter experts, and there is a recognized gap in the ability to perform 
advanced analytics without foundational knowledge. An 
infrastructure must support the upskilling process and a role-based 
training program. 

Reinforcement Defining use cases and measuring success is not there. There is a 
focus on the broader impacts of advanced analytics but not the 
detailed aspects to measure.  

 

Q2: In what ways does The Company intentionally use sensemaking to facilitate the 

adoption of new technology? 

To explore the intentional use of sensemaking, we manually coded all segments focused 

on storytelling, explanations, or instructions as “General Sensemaking,” resulting in 371 

segments. We manually coded across the interviews for generally positive and negative 

narratives to assess the potential use of antenarratives in moving the organization to an 

unknown future (Poudel, 2019). To augment this effort, we utilized MAXQDA’s feature to auto-

assign “sentiment”—also called “opinion mining”—based on algorithms that identify words 

indicating feeling, attitude, or emotional tone.  

As the data landscape is quickly emerging, we sought the most up-to-date presentation 

materials for document analysis to understand the public narrative on data. There is evidence 

that The Company is employing sensemaking intentionally, notably seen in the public-facing 

Data Fest, but several interviewees spoke about creating their messages and examples to the 

best of their abilities without guidance. At Data Fest in the spring of 2024, employees absorbed 

the carefully curated booths and messaging from the main stage. The Company’s investment of 

time and expenses was evident. The lead organizer explained the event's purpose: “We have to 

know how to tell a story with data or [we will not get] beyond our competitors.” Each booth 
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poster articulated the internal audience for the specific tool or approach, justifying a “What is in 

it for me?” (WIIFM) strategy. One leader explained the strategy to make subject matter experts 

explicitly part of the sensemaking strategy:  

One of the very early things we identified is that you got to get these key voices in here. 
And then you pull them in, you make them a part of the project...because guess what? 
It's really hard to complain about change and the new way of working if you were the 
one who did it. 
 
Nearly half of the interviewees mentioned the power of story. One said, “We can help 

tell the story [that] there's real benefit here.” The need to clearly explain the potential of 

advanced analytics was evident; however, when talking to those who could bridge the main 

data office with the business units, they seemed to employ sensemaking to the best of their 

ability without a clear strategy: 

I found honestly that a lot of the best use cases have come from...shadowing some of the 
business users and learning where their problems are at where they struggle with it? 
With things and kind of seeing where are they doing that they have to go back and forth 
what's going to actually make an impact on what they're doing? 

 

The examples generated in the field proved invaluable to deepen understanding and engage 

more users in advanced analytics. A different analyst explained: 

I would say we have done, like, several broad efforts—not retraining—but reinvigoration 
sessions where we're meeting with hundreds of users and showing them some of the 
value that [a specific tool] brings. Now we have business users who can say, ‘Hey, I built 
this thing. Here's what it does here. [Here’s] how it helps our business.’ We've been 
doing kind of this road show with different divisions and putting together actual 
examples.  

 

For some, this "build it while you are flying" approach was invigorating and a stimulating 

creative exercise; for others, it was frustrating and challenging. 
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Thematic Analysis 

Across the interviews, we analyzed themes, looking for how interviewees interpreted or 

made sense of advanced analytics in their context. We read all the coded segments and 

interpreted them for intent. Then, we tested the strength of those themes with a word count 

analysis in Table 5. “Value” (67 hits) was the most prevalent theme in sensemaking, followed by 

“trust” (24 hits). Next, we applied these themes in the document analysis to see if the printed 

materials at Data Fest reflected the same ideas. 

Table 5 

Frequently Used Words Related to Sensemaking Overall  

 Hits  Related words/meanings 

Value 67 Impact  
Savings  
Quality 
 

Trust 24 Data quality 
Job security 
Change process/unknowns 

 
Value emerged as a critical driver, emphasizing the necessity of sensemaking to 

advocate for adopting advanced analytics effectively. In many instances, there was a binary 

choice that the analytics either had value or did not have value. One leader explained, “We get 

them to see the return on their investment and kind of being able to truly show them the true 

instrumental value.” Another stressed that their team had “nailed it” in explaining value. 

However, other leaders did not see a binary; they viewed the discussion on value as surface and 

depth and cautioned against “hype”:  

I don't think the challenge is that we have to convince people that this is a good thing. I 
think the challenge is the other way around, where people can attribute all sorts of value 
to something that may or may not have any value at all. 
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Another leader addressed the tension in building excitement without awareness of what is 

behind the technology: 

Because that storytelling, that benefit, that value generation is kind of what would build 

the hype up, right? But that's something that we always kind of fill out because you 

know, once you have the insight, somebody really has to do something with it. 

 
Three interviewees mentioned “value” and “excitement” in close proximity to each other, and 

two noted concerns about how excitement might mask value that may not be present. 

“Value” was applied to multiple levels, from employees to clients. For individuals, it was 

repeatedly suggested that it would be valuable for individuals to embrace and learn advanced 

analytics for their job growth and potential in The Company. One leader explained, “I think that 

[analytics is] really a key space to be like this is something that will help you grow in your 

career. This is something that will help you do more value-added activity.” For clients, the value 

was in developing comprehensive solutions and savings. Many interviewees mentioned the 

“One [Company]” initiative to integrate the multiple business lines at The Company. At Data 

Fest, the Enterprise Solutions office shared the “One Customer” dashboard, which incorporates 

master data. The display poster asserted, “Acting as one delivers the best of [The Company] to 

drive growth.” Another poster declared that the optimization of data would “sav[e] time, miles 

driven and money!” At the Leader level, they could imagine the potential value of predictive 

analytics to both the client and the organization: 

So, there is application throughout commercial finance. I could somehow predict that: 
hey, based on the customer behavior, they are going to definitely purchase this or not 



   

 

  Diggins – Ferinde 54 of 102 

 

purchase this. Either way, having the ability to predict customer behavior would be 
absolutely awesome and say, hey, are we going to make that sale or not?  
For The Company, value translated most often to revenue and cost savings. In the One 

Customer documents, The Company specifically asked, “Why are we doing this?” and answered 

that with an enterprise selling solution, which predicted an increase of more than $2.5 billion 

with the top 35 customers. One end user imagined:  

I know our current use cases, even though they are very descriptive, we are talking 
upwards of $5–10 million in dollar savings. So, I can only imagine that, you know, once 
we move along further, it would, it would be somewhere in and around that, if not more. 
 
As research shows, trust is essential for data analytics, and narratives are critical to 

building trust in technology, accuracy, and relevancy of the data, especially in unknown 

processes (Benbya et al., 2020; Chubb et al., 2022; Davenport, 2018a). Leaders talked about 

trust as a process and how users needed proof to move forward in their thinking. Referencing 

the descriptive analytics change curve and the One [Company] initiative, the most recent effort 

has focused on gathering and cleaning the correct data. “We want to make sure our data is 

clean even before we talk about analytics,” stressed one leader. With a solid foundation, trust 

building evolves, especially with generative artificial intelligence. The models will develop as 

they are used, explained one leader, and it takes time: “Once you have people trust in the data, 

being able to just ask these one-off questions, then you can start building these models and 

doing this more predictive stuff...like with technology adoption really that trust and verify 

aspect to it.” Accuracy is essential in trust building. Errors erode trust. One leader explained, 

"Well, that's the classic, right? We...send out a report that's got bad master data. It could be, 

like, a 5% error rate. Well, then it may become 100% unused. So, it doesn't take a lot if people 

don't have trust in a report, know, it's like they're going to go from using it to not using it 
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entirely." Finally, explaining the relevancy of data is essential. The Company collects data that 

can overwhelm people. Leaders are considering how to get more specific about which data to 

analyze for which challenges. Leaders noted, "We build reports that try to solve too many 

problems” and added, “It's all about specificity and making it as relevant as possible for the 

audience.” Narratives that suggest trust and relevancy are more likely to help shift mindsets.  

Sentiment Analysis: Positive or Negative? 

Sentiment analysis examines—often with the help of computer algorithms—opinions, 

sentiments, emotions, and attitudes expressed in written language, determining the sentiment 

polarity (positive, negative, or neutral) of words (Nanli et al., 2012), while thematic analysis 

looks for word count trends and patterns (Ravitch & Carl, 2019). We applied and combined 

both techniques by 1) manually coding for positive and negative phrases; 2) using algorithm-

aided coding on words considered positive, slightly positive, neutral, slightly negative, and 

negative; and 3) examining themes within all positive segments and themes within all negative 

segments. 

We started with an overall sentiment analysis across the interviews by roles (lead or 

end-user), as shown in Table 6. We found that leads and end users use more positive words 

than negative words, and leads are somewhat more positive than end users.  

Table 6  

Sentiment on Advanced Analytics 

 Generally positive narratives Generally negative 
narratives 

Leads 74 58 

End users 52 38 

Sentiments from all study 
participants 

126 96 
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Then we analyzed all segments coded as “positive” and looked for themes (see Table 7) 

“Positive narrative is important during times of change and growth,” stressed one leader in 

response to the question, “Are people generally more positive or more negative about adopting 

advanced analytics?” Those convincing others to try the analytics emphasized that positive 

narrative development requires a mindset shift that will not happen immediately. Leaders 

noted that building positive narratives over time and stressing long-term benefits is critical, as 

generative analytics can have initial pain points. Another strategy is focused on the non-

technical journey of analytics adoption and the need to start small. Two interviewees noted 

that they observed more positive narratives among younger workers in The Company.  

Table 7 

Frequently Used Words Within Positive and Negative Sentiments 

 Hits  Related words/meanings 

Positive: Excitement 14 Excite/exciting 
Anticipation 

Negative: Fear 7 Worry  
Trepidation 

 

“Excitement” was the most common word in segments focused on positive narratives. 

Fourteen speakers shared their own excitement and that felt by those around them: “And so, I 

mean, that's where some of the excitement then comes, delivering on some of that art of the 

possible, like, just helps to build upon that.” They reported, “If you're talking to leaders, from a 

business function price standpoint, from a technology standpoint...there's ton of excitement. If 

you're talking to technologists, there's ton of excitement.” Interviewees indicated that the 

excitement spreads as one division builds an analytics tool and shares its success with other 
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divisions. One end user stressed the need for positive narratives to support outcomes: “The 

more prepared one is with a positive narrative, the more positive results can be seen in 

discussions,” she explained. 

Negative narratives were codes when the word or tone suggested pessimism, 

hopelessness, dissatisfaction, or frustration. Negative narratives included words like 

“resistance” and “reluctance.” Leaders felt pressed to “prove value.” One leader was resigned: 

“Some people simply do not like change.” Early frustrations were observed when the tools did 

not deliver as promised. This was attributed to the challenge of generative technology as a 

chicken and egg situation where users needed “to buy into the tools before they are valuable.” 

Leaders noted that some narratives were overly hyped and had conflicting messages, making it 

challenging to build trust. End users expressed concerns about data quality, availability, 

accuracy, and frustration with the needed time to learn and iterate with the analytic tools. 

Fear was the most common word in negative narratives. Leaders noted a “fear of 

change” and a “fear of the unknown.” One leader explained how data is currently analyzed in 

Excel spreadsheets and imagined that for those analysts, there might be a fear of their jobs 

changing or being eliminated: “So, then there's a little bit of fear that okay, so is my job going to 

be redundant?” Leaders noted a need to acknowledge worry and trepidation directly. 

We conducted an additional analysis of the data to understand the overall impressions 

of the different stages of change management according to the ADKAR framework. For this 

analysis, we relied on MAXQDA sentiment analysis of all interviews (not limited to the segments 

we had manually indicated as positive or negative). The heat map analysis in Table 8 indicates 

that most people, most of the time, were neutral or slightly positive in the interviews and most 
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often in talking about awareness (72 positive/neutral comments) and desire (85 

positive/neutral comments), suggesting more engagement at the beginning of the change curve 

toward advanced analytics. 

Table 8 

Sentiment Analysis Across Interviews 

 Sentiment: 
 

Positive Slightly 
Positive 

Neutral Slightly 
Negative 

Negative 

Awareness 6 26 40 4 2 

Desire 12 41 32 7 1 

Knowledge 3 28 30 1  

Ability 1 4 4   

Reinforcement 4 10 6 1  

Sum 26 109 112 13 3 

 

A limitation of the sentiment analysis approach was that sometimes comments had 

mixed messages, in which the speaker used positive words, but the meaning of the segment 

expressed skepticism or concern. Another limitation was potential bias in interpreting positivity 

and negativity. The analysis software MAXQDA offered an AI-generated sentiment analysis, 

which we ran to test our judgment. According to MAXQDA trainer Alicia Taylor, while 

computer-generated sentiment analysis can confirm trends and add depth of understanding to 

manual coding, it has a limitation in understanding context or mixed messages (personal 

communication, June 9, 2024). We mitigated this concern with a deeper analysis of the 

interview transcripts. Each researcher coded half of the interviews manually, seeking positive 

and negative narratives, and then the other researcher reviewed the other’s approach and 

coding, seeking inter-rater reliability. 
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Findings  
Throughout this study, we sought to understand where The Company’s readiness for 

adopting advanced analytics and how sensemaking was intentionally employed to advance 

employee mindset from reliance on descriptive analytics to embracing predictive and 

prescriptive analytics. We found that The Company is managing an enormous amount of 

change simultaneously, and employees are cautiously excited but lack specifics on what they 

need to do to advance through a change curve. Table 9 shows the significant findings from our 

data analysis and alignment with the study questions. They provide an understanding of The 

Company’s current state assessment and lay the groundwork for adopting advanced data 

analytics for a competitive edge. 

Table 9 

Findings in Relation to the Study Questions 

Study Question Finding 

Q1: How is The Company poised to manage 
change regarding adopting and utilizing 
advanced analytics? 

F1: The Company is in the midst of a double 
change curve. Employees are still learning 
how descriptive analytics will help their work 
while being asked to embrace predictive and 
prescriptive analytics. 
 
F2: The Company employees have a high 
level of desire, but there is more desire than 
awareness of specifics on advanced analytics, 
suggesting a new change management 
methodology. 

Q2: In what ways does an intentional focus 
on sensemaking help The Company speed the 
adoption of new technology?  

F3: The Company lacks a centralized 
approach to sensemaking with a focus on 
value and use cases for different divisions. 
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Finding 1: The Company is in the midst of a double change curve. Employees are still 

learning how descriptive analytics will help their work while being asked to embrace 

predictive and prescriptive analytics.  

As we analyzed the readiness for change in adopting advanced analytics, another 

change curve started to come into focus for us. As people discussed the need for “knowledge, 

skills, and abilities,” the conversations were more often focused on descriptive analytics instead 

of advanced analytics. The baseline of knowing and using descriptive analytics is still maturing.  

The Company's current state reflects a critical point in time characterized by a dual 

transition in its analytics capabilities. Employees are simultaneously acquiring proficiency in 

descriptive analytics while being introduced to predictive and prescriptive analytics. The 

Company is setting up its infrastructure and foundational data while employees are excited and 

eager about advanced analytics. This simultaneous progression is conceptualized as a double 

change curve presented below. The visual in Figure 9 represents the overlapping curves of 

where employees are for descriptive analytics (top) and advanced analytics (bottom).  
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Figure 9 

Overlapping ADKAR Curves Happening in The Company 

 

Currently, The Company is at a stage where employees are developing abilities and skills 

regarding descriptive analytics, and there is no reinforcement of success metrics in descriptive 

analytics, which the leaders stated they want to strive for with the organization. One leader 

stated,  

And I think one of the biggest things that I think is key in setting this analytic journey is 
making sure that when we're starting to identify these use cases, we are very, very strict 
in the sense of defining success, what those measurements are, and how do you know 
when to pivot into change? 
 
Foundational knowledge is crucial, as it sets the stage for more advanced analytics. This 

dual transition between the desire for advanced analytics and still gaining capabilities of 

descriptive analytics is the in-between time highlighted in Figure 9 above. The in-between time 

is when the Company experiences unknowns and uncertainties while at the same time, 

foundational basics are built. From the literature, we learned that the in-between times will be 
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crucial for leaders to manage the change and create a practice of sensemaking (Agrawal et al., 

2022). 

Despite the desire to adopt advanced analytics, the foundational understanding of 

descriptive and advanced analytics is still developing while The Company gets the data ready to 

utilize. One leader emphasized,  

First and foremost, we have to get that [foundation and basics] solved before we can 

even talk about analytics. But once we can have a solid foundation, a true master set of 

data, we can advance when it comes to our customers. 

This lack of readiness for foundational data and the strong desire means that employees are 

optimistic but lack clarity on the detailed “what” and “how” aspects of the change. A few end 

users mentioned, “It’s too broad,” highlighting the need for more specific training on the basics 

of descriptive analytics before advancing to predictive or prescriptive analytics.   

This double change curve for The Company’s analytical journey signifies a critical period 

of transformation, unlike other technology transformations in the workplace. Generative AI and 

its popularity in personal and professional spaces have employees jumping to the next change 

curve before progressing through the current one. Employees are progressively learning 

descriptive analytics, and leadership is creating the data infrastructure at The Company while 

adapting to the quick-paced and evolving landscape of predictive and prescriptive analytics. 

One technology leader explained, 

People are ready for it. Even businesspeople with no firsthand technology experience 
have heard of ChatGPT, and they are using it in some way. So, I feel that my personal 
opinion as a technology leader for The Company is that I don't think I've had to convince 
anybody that using predictive and prescriptive analytics or furthering their business is a 
good idea. In fact, I'm spending most of my time fighting off people who think that 
there's some kind of AI magic that can tell them what they need to do. 
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Foundational data readiness and foundational learning on the data were the barriers we found 

hindering The Company from advancing to the next curve. This technology leader continued by 

saying, 

And I'm telling them that I don't know if we have the data to give you those answers. 
That's, that's more me kind of holding people off saying we're not ready and we're still 
trying to figure some of these things out. As opposed to people saying that I'm not ready 
to adopt what you're bringing me.   
 

The dual focus on both descriptive and advanced analytics is essential for fostering a data-

driven culture and data-led decision-making the leaders envision.   

Finding 2: The Company employees have a high level of desire, but there is more desire 

than awareness of specifics on advanced analytics, suggesting a new change management 

methodology.  

 Finding two suggests a revised approach to a change management methodology, 

differing from traditionally going through the ADKAR steps in sequential order, but rather 

capitalizing on the desire The Company has already developed to build awareness and 

knowledge. Employees of The Company showed a high level of desire to engage in advanced 

analytics, yet this desire exceeds the level of awareness regarding the specific use cases of The 

Company’s AI-powered tools for advanced analytics. Since our analysis utilized the ADKAR 

model as a foundational tool to evaluate the readiness for change, we will share our findings on 

where The Company is at for each stage before we discuss the new methodology. 

Awareness: The Company lacks awareness regarding specific use cases of advanced 

analytics but is generally aware of generative AI. The awareness of The Company's specific use 

cases varies significantly across different levels and departments. Leadership demonstrates a 
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high level of awareness and actively pushes for adopting advanced analytics. However, the 

broader team of end users exhibits varied levels of specific awareness, with some employees 

familiar with tools, reports, or projects while others are not. The employees at The Company 

understand the need to shift toward advanced analytics, which is the desire stage, but lack the 

detailed knowledge and awareness of the specific “what” and “how” of these tools.  

Desire: Employees’ desire and excitement to adopt advanced analytics is high. The 

concept of  WIIFM is crucial for sustaining this desire (Jöhnk et al., 2021) as The Company 

moves forward with putting use cases in place. For example, one interviewee stated, “There is a 

high level of excitement and desire among employees to adopt advanced analytics. However, 

[they] also need the importance of relevancy and trust to sustain this.” 

Knowledge: Knowledge of advanced analytics among employees is generally low, with a 

significant need for foundational learning. Foundational knowledge is essential for effectively 

managing change (Cummings et al., 2016). The analysis showed a connection between 

awareness (for the specific use cases) and knowledge (basic education) in The Company’s 

placement on the change curve. One interviewee stated, “Employees need to understand the 

problems that advanced analytics will solve and have access to a library of use cases and an 

FAQ System.” This statement emphasizes the need for practical knowledge and a basic level of 

awareness to gain knowledge of advanced analytics.  

Ability: The ability to apply advanced analytics is low across the organization. Employees 

rely heavily on subject matter experts (SMEs) for current descriptive analytics reporting and 

lack the skills to utilize these tools effectively. We also found that middle managers must be 

upskilled to lead changes efficiently, including learning empowerment and not “just doing what 
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is told of them,” one leader pointed out. The "ability" phase is crucial because it involves 

developing the new skills and behaviors necessary to implement the change daily, often 

requiring ongoing coaching and support (Hiatt, 2006). We did find that role-based training will 

be the preferred training methodology; however, The Company is not ready for official role-

based training, as expressed by the community of practice leader and project sponsors. 

Speaking to leaders, we found that adequate infrastructure and foundational knowledge will be 

needed before implementing an official training pathway.   

Reinforcement: While we found leadership to be aligned and supportive, a part of the 

reinforcement stage, reinforcement regarding metrics, was low. We found that continuous 

advocacy and a top-down approach with leadership alignment are currently present, but to 

maintain momentum and capture the impact, there needs to be a robust evaluation system 

with metrics (Kanitz et al., 2023). Defining success metrics and regularly reviewing and adjusting 

strategies based on these metrics can reinforce positive behaviors (Appelbaum et al., 2012). 

One leader stated, “Defining success metrics and strict measurement criteria are crucial for 

tracking progress and making necessary adjustments.” 

Reviewing the placement of the employees on the ADKAR change curve emphasizes the 

need to redefine the change management methodology for The Company, focusing on 

enhancing awareness of use cases and increasing foundational knowledge simultaneously to 

support the employees’ strong desire for change. In a traditional change management strategy, 

the focus is on helping people adopt the technology, and the leaders are utilizing techniques to 

prepare employees for adoption. However, with this change curve, people already have the 

excitement and readiness for the change but lack awareness, data readiness, and basic 
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knowledge. Capitalizing on the desire while focusing on the connection of awareness and 

knowledge will help The Company progress to its ideal future state.  

The graphic in Figure 10 was created from the Figure 7 heat map in the analysis 

displaying The Company's current state on the ADKAR Curve and the important segments 

creating their ideal state. The triangle around awareness shows the connections between 

awareness, desire, and knowledge. This triangle suggests that The Company needs to capitalize 

on desire and focus on boosting awareness and knowledge. This helps us understand where 

The Company should place its time and energy and how we can infuse sensemaking to advance 

them through the curve. We will discuss this more in recommendations.  

Figure 10 

The Company’s Current State and Ideal State 
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Finding 3: The Company would benefit from a centralized, collective approach to 

sensemaking with a focus on value and use cases for different divisions. 

A great deal of sensemaking is happening, generating excitement, but from our 

observations and conversations, there does not appear to be a centralized, strategic, 

intentional focus on sensemaking. With significant excitement but less awareness of the 

practicalities of advanced analytics, employees lacked standardized messaging and expressed a 

need for a standardized approach to developing use cases. It appeared that members of the 

Global BI team are constantly translating between the Enterprise Data Team and the business 

units. Analysts employed different strategies to explain advanced analytics and develop 

examples. One notable strategy was an employee using an adapted "Gemba walk," a tactic 

developed by Taiichi Ohno, a Japanese industrial engineer in the Toyota Production Process 

(Gesinger, 2016), to observe, recognize, and communicate how the office was using advanced 

analytics. No one mentioned a central messaging source or support for sensemaking. 

Leadership shared their concerns that much of the current understanding of analytics is 

relatively shallow and potentially hyped. One senior leader noted, “This is at the height of the 

hype cycle, right? So yeah, there is way more value attributed to it than reality.” However, 

there appear to be small steps to deeper understanding. One participant in Data Fest 

exclaimed, “I thought Data Fest would be a contradiction in terms, but it turned out great.” The 

good feelings generated by the potential for the new technology allowing advanced analytics 

will help the sensemaking spark throughout The Company. While it is just beginning, as one 

leader noted, we need to “evolve and adapt” as our understanding of the potential grows. 
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At Data Fest, we heard that people create narratives to the best of their ability based on 

their experience and expertise. There was an interesting contrast between those who had been 

at The Company for many years and those under two years of tenure. Newer employees were 

able to provide more context for the shift to advanced analytics, while more tenured 

employees were quicker to talk about use cases and building examples. With more experience, 

analysts could provide examples from other offices: “I think it's seeing actual things their peers 

have created. When we say, ‘[analytics] can do this,’ it does not resonate.” Both newer and 

more tenured employees agreed that “people want something tangible that they know is going 

to drive value”; they were looking for concrete examples and impact statements. 

 Our findings indicate that employees wanted time and resources to help develop 

narratives centered around value themes supported by illustrative use cases. Employees 

described wanting narratives that are practical, relevant, specific, realistic, simple (jargon-free), 

and repetitive. One leader said the current messaging is “positive but fluffy” and asked for 

substantive messages and examples. Some employees cautioned that fully standardized use 

cases would be unhelpful as narrative variations are essential to enhance sensemaking across 

different audiences and business units. One employee described needing a repository: “I say we 

should have a library of historical and analytics because that would help to get to that 

predictive a little bit quicker.” Another leader said a library is jammed with content, but “there 

has to be an interaction piece to it.” When assessing something missing, the size of the 

interview pool was a limitation. Further research and a communications audit would provide 

more evidence of the availability and depth of messaging available. 
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Recommendations  
 As The Company starts integrating advanced analytics into its operating model, 

providing actionable recommendations to facilitate transformation moving forward is essential. 

The following recommendations in Table 10 address the findings connected to both project 

questions. The recommendations in the third column align with the findings and support The 

Company through the transition from descriptive to advanced analytics. 

Table 10 

Relation of Study Question to Finding to Recommendations 

Study Question Findings Recommendations 
Q1: How is The Company 
poised to manage change 
regarding adopting and 
utilizing advanced 
analytics? 

F1: The Company is in the midst of a double 
change curve. Employees are still learning 
how descriptive analytics will help their 
work while being asked to embrace 
predictive and prescriptive analytics. 
 
F2: The Company employees have a high 
level of desire, but there is more desire 
than awareness of specifics on advanced 
analytics, suggesting a new change 
management methodology. 
 

Adopt an AI-specific change 
management approach 
infused with sensemaking. 
  

R1: Navigate the in-between 
times between descriptive and 
prescriptive analytics, building 
foundational knowledge to 
support the move toward 
advanced analytics. 

 
R2: Create an internal 
communication strategy with 
a sensemaking toolkit 
emphasizing value and trust, 
including dynamic use cases. 
 
R3: Integrate training with 
success metrics. 

Q2: In what ways does an 
intentional focus on 
sensemaking help The 
Company speed the 
adoption of new 
technology?  

F3: The Company lacks a centralized 
approach to sensemaking with a focus on 
value and use cases for different divisions. 

 

Recommendation: Adopt an AI-specific change management approach 
infused with sensemaking 

 Considering our findings on the dual change curves and the readiness of The Company 

employees to adopt advanced analytics, we recommend an AI-specific change management 
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methodology and strategy. The methodology is the framework in Figure 11, and the strategy is 

the roadmap in Figure 12. Both combined are the change management approach. This 

approach will leverage the existing excitement for generative AI while building foundational 

knowledge in descriptive analytics and awareness of the use cases. The proposed change 

management methodology and strategy will encompass tangible action items to foster a data-

driven decision-making culture.  

 Figure 11 illustrates the change management methodology, which combines the 

findings of the dual change curves with a new approach to fostering AI and advanced analytics 

adoption.  

Figure 11 

Adapted Change Management Methodology  

 

 

This image combines two change curves of the continued development of descriptive 

analytics adoption (top line) and the progression toward advanced analytics (triangle and lower 
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line). The “AI Change Catalyst Loop” triangle in the center signifies the intersection where 

employees’ desire for advanced analytics must be capitalized on to build on awareness and 

knowledge. This triangle is infused with sensemaking to enhance the progression toward 

adoption faster and more efficiently. There is a connection between learning descriptive 

analytics (knowledge) and the desire for advanced analytics and, eventually, gaining knowledge 

for advanced analytics. This connection helps The Company define success metrics in the 

abilities and reinforcement stage. The new methodology emphasizes combining reinforcement 

with ability, suggesting that The Company should start integrating success metrics with training. 

This dual approach with reinforcement and ability stages aims to create a continuous feedback 

loop of learning and application.  

We recommend a three-phase change management strategy to navigate this new 

approach. This strategy is designed to leverage the excitement for generative AI while building 

a foundation in data analytics. The phases include addressing the gap during the in-between 

times, enhancing internal communication through sensemaking, and integrating training with 

business and success metrics. The three phases are shown below in Figure 12.  

Figure 12 

Proposed Change Management Strategy for The Company 
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R1: Phase 1 - Bridge the Gap: Foundations for an Analytics Journey 

 This phase addresses the transitional period when employees simultaneously build 

foundational knowledge in descriptive analytics while being introduced to predictive and 

prescriptive analytics. Davenport (2018a) pointed out this leading tail as a company moves from 

Analytics 3.0 to 4.0 (see Figure 2). Employees noted their current focus on building trust in 

descriptive analytics first, even though they are excited about what is next. The goal in this 

phase is to harness the desire and enthusiasm for advanced analytics within the critical 

intersection identified in the triangle of the new approach, ensuring that employees clearly 

understand the knowledge and skills required for this transition.  

Develop a Data Analytics Change Management Office 

We recommend that The Company establish a dedicated office within EDO responsible 

for the ever-changing landscape of data analytics and the transition from descriptive to 

predictive and prescriptive analytics. Davenport (2018a) calls these a “center of excellence” 

established to create consistent enterprise guidelines and standards for IP ownership, tools, 

languages, data formats, documentation, and regulatory issues while acting as internal partners 

to development and analytics teams and maintaining communication with key stakeholders. As 

part of this data change management office (see Figure 13), The Company would train 

department managers as change leaders guiding employees from existing analytics to advanced 

analytics skills. This structure would equip managers with the skills and knowledge to act as 

change leaders within their departments and would include training in change management, 

empowerment, leadership, and effective communication. The next part of this office would be 

developing a change network program of departmental SMEs who will champion the change 
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efforts of business processes within their respective teams. The Company already has a culture 

of SMEs, so this would create a more formalized and efficient process. 

Figure 13 

Recommended Data Change Management Office Structure 

   

Strengthen the Community of Practice 

At the top of the change management office infrastructure is the community of practice 

already established at The Company. We know sensemaking is inherently collective (Ancona, 

2012), highly interactive, and collaborative (Lüscher et al., 2006). We recommend providing 

additional resources to the team running the community of practice since this will be essential 

in progressing through the awareness, desire, and knowledge triangle of the change curve. 

Within the community of practice, we recommend strengthening data proficiency through 

learning pathways. Designing structured learning pathways will guide employees from 

foundational data skills to advanced analytics.  
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Invest in Learning Pathways 

At the request of the project sponsor, we asked how much time and money leaders 

would invest in training. We found that employees would learn best through practical 

workshops, nano YouTube-like videos, and interactive hands-on learning. Researchers like 

Kanitz et al. (2023) recommend various training and development opportunities, including 

online courses, workshops, and coaching sessions. These strategies could help reinforce the 

concepts and ensure employees feel confident using them in their daily tasks while progressing 

through the analytical journey. The interviewees responded that they would be willing to 

dedicate 10%-20% of their time to continuous learning. We recommend communicating the 

importance of continuous learning by allocating 10% of employees’ time to this learning 

pathway. As part of the community of practice, The Company should continue to develop an 

online platform that serves as a central hub for all materials, process maps, FAQs, keywords, 

and learnings. The change management office housing the community of practice will need 

someone dedicated to this website for regular updates.  

Facilitate Leadership Alignment and Top-Down Infrastructure   

Effective change management requires strong leadership alignment (Wijayati et al., 

2022) and cohesive infrastructure to drive and sustain the transition toward advanced analytics. 

The Company showed high leadership support, shared excitement, and a supportive 

environment from the leaders to encourage the utilization of advanced analytics. We 

recommend that The Company implement a structured leadership engagement roadmap with 

integrated feedback loops to strengthen the leadership alignment further and create a top-

down infrastructure. This roadmap would outline clear milestones and checkpoints for leaders 

to ensure that progress is continuously monitored and aligned with the strategic objectives. 
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Communicating who the leaders are to end-users will be necessary so that end-users can 

engage in feedback loops and leaders can adapt and refine strategies based on real-time input 

from stakeholders. 

Developing a shared vision that leadership can clearly articulate and sensemake to their 

employees is crucial for building trust and relevancy among employees. Leadership should 

consistently reinforce this vision through various channels, including town hall meetings, 

internal newsletters, and public events like Data Fest. Maintaining momentum through these 

events should be leader-led to inspire and engage employees. This leader-led approach will 

help sustain excitement and reinforce the collective effort toward achieving the shared vision.  

Building trust and relevancy requires consistent and transparent communication from 

leadership, a form of sensemaking. In his research, Kotter (1996) stressed that successful 

transformation efforts involve using all existing communication channels to broadcast the 

vision. Executives who communicate well incorporate messages into their hour-by-hour 

activities, which helps build trust and relevancy. Regular updates and clear communication on 

use cases will help employees understand the WIIFM, a common buy-in tactic, and trust in the 

process. The key to sensemaking is storytelling, which helps create a compelling account of the 

need for change and builds support for the shifts (Appelbaum et al., 2012). Employees in the 

interviews stated they liked it when their leaders asked them questions, as it made them think 

more about the process and feel like they were part of its creation.  

R2: Phase 2: Cultivate Communication: Narratives to Embrace Change 

Effective communication is essential for embedding the change deeply within the 

organization (Appelbaum et al., 2012; Galli, 2018; Phillips & Klein, 2023). This phase enhances 
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communication through sensemaking and promotes clear, relevant, and impactful messaging. 

By utilizing narratives, stories, and clear messaging, employees can make sense of the data 

analytics journey, understand its importance, and see their role within the broader context of 

the organization’s goals. We recommend an internal communications initiative on advanced 

analytics adoption, including dynamic messaging for key audiences, a sensemaking toolkit for 

managers to be AI change leaders and a versatile use case library.  

In the AI landscape where information is incomplete (Poudel, 2019), The Company 

needs a commitment to prospective sensemaking in a centralized way, helping leaders and end 

users examine the probable impact of actions and nonactions (Gioia et al., 1994) using 

advanced analytics. This type of sensemaking cannot be simply top-down; a collective approach 

will allow for blending, negotiating, and integrating different perspectives (Dell’Acqua et al., 

2023) to achieve a shared aspiration of what is possible and necessary for corporate advantage. 

The Company might embrace antenarratives as a key strategic communications tool.  

Antenarratives are not just pre-narratives; they are active sensemaking tools that help 

organizations navigate complex changes by integrating prospective (forward-looking) and now-

spective (present-focused) insights with retrospective understanding (Boje, 2001, 2011; Poudel, 

2019). Antenarratives are the raw, unstructured insights that emerge amid change. They are 

the “bets on the future” (Boje, 2001, p.1), offering a glimpse into the ongoing, dynamic 

processes that shape organizational reality. See Table 11 on applying antenarratives in The 

Company to support change management.  
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Table 11 

Identifying and Applying Antenarratives for Change Management  

 Identifying Antenarratives 
 

Applying Antenarratives 
 

Awareness Open communication channels: Set 
up platforms for sharing 
experiences. 

Detect trends early: Identify 
emerging trends and issues early. 
 

Desire Encourage storytelling and use 
case development: Promote a 
culture of sharing stories and 
examples 

Capture diverse views: Get multiple 
perspectives for richer insights. 
 

Knowledge Conduct narrative interviews and 
focus groups: Interview employees 
to gather insights and use thematic 
analysis 
 
Use technology and analytics in 
communications: Leverage tools to 
analyze communication data. 

Stay agile: Remain flexible and 
responsive to changes. 
 

Ability  Monitor informal networks: Pay 
attention to informal 
communications. 

Foster innovation: Encourage new 
ideas and creative solutions. 
 

Reinforcement Use sensemaking sessions: 
Organize workshops to interpret 
events. 
 
Establish feedback loops: Regularly 
gather and act on feedback. 

Improve engagement: Enhance 
communication and morale. 

Note. Information drawn from Boje (2001, 2011), Hiatt (2006), and Poudel (2019). 

In essence, antenarratives offer a strategic tool for navigating the complexities of organizational 

change, providing early insights, and fostering a culture of continuous adaptation and 

innovation. 

Leveraging Data Fest as a collective sensemaking event demonstrates the organizational 

commitment to guiding employees through the data analytics change curve. Based on our 
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observations and document analysis, strategies to create Data Fest 2.0 in 2025 might include 

developing a “road map” for participants to place themselves on the data analytics journey. 

This roadmap could be gamified by asking participants about their awareness and knowledge of 

data analytics specifics and then helping participants know which booths to attend. The Data 

Fest display booths were well-structured and provided valuable information for awareness; to 

deepen knowledge, Data Fest might include workshops or “use case exploration” where small 

groups dive deep into scenarios. All materials and presentations should be carefully considered, 

with messages emphasizing value and trust.  

Developing a shared language between the business and IT of the organization is also 

critical. This shared language involves creating common terminology and understanding to 

facilitate better communication and collaboration. Workshops and joint training sessions can 

help establish a shared language. The plan will also include a sensemaking toolkit for managers 

to help them act as AI change leaders. This toolkit should include resources for facilitating 

discussions, answering common questions, and creating meaning for employees. The 

messaging must be “sticky” and effective with sensemaking strategies. A department 

engagement plan should also be developed to address employees' questions regarding how this 

change can benefit them, thereby building trust and relevancy. A dedicated internal 

communications strategist will help leaders shape decks and presentations for end users and 

share sticky and effective messages across The Company.  

Specifically, we recommend a clear message map with dynamic messages that are 

widely available and transparent throughout The Company. The map should have positive 

narratives that are practical, relevant, specific, realistic, simple, and jargon-free. Leaders can 
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convey core messages on value and clearly describe its impact. They can also directly address 

any negative narratives around fear and apprehension. The most critical part of internal 

communications will be a use case library. Analysts should gather existing cases, assess them 

for clarity and relevance, and share them broadly with employees. Data managers can then 

adapt for specific purposes. Figure 14 suggests the beginning of a message map for internal use. 

Figure 14  

Initial Message Map Approach 

 

Creating a comprehensive library of use cases that illustrate successful applications of 

advanced analytics within the organization will also be beneficial. This library will be a valuable 

resource for employees regarding use cases and business processes. Embedding prospective 

sensemaking throughout the change management process promises to speed understanding, 

acceptance of unknowns, and, ultimately, adoption of AI-related initiatives (Poudel, 2019). 

R3: Phase 3: Integrate Insights: Connecting Learning with Outcomes 

 Phase 3 of the change management strategy focuses on integrating a training program 

with business metrics and success indicators established by leaders in the above phases. This 
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phase aims to link employees' training and the outcomes the organization seeks to achieve to 

be an advanced data-centric organization. This phase is the abilities and reinforcement stage of 

the curve. By setting clear performance indicators, employees can understand how their efforts 

contribute to broader organizational goals, fostering a sense of purpose and continuous 

motivation for sustainment.  

Role-based training is essential to maintain relevancy and the WIIFM for individual 

employees. One interviewee stated, 

Training is needed on specific things that people do in specific roles. And I think that's 

where you're really going to get people to adopt the things they're learning is if you're 

saying, Hey, I know in your role, you have these problems that come up, this is a 

problem, or this is how you could build it. And so, it's really for me, it's all about 

specificity, and making it as relevant as possible for the audience.  

Each training module should be tailored to the end users' specific use cases and business 

processes, and employees should be trained in what is directly applicable to their daily tasks. 

Role-based training addresses the WIIFM sentiment, builds trust and engagement, and creates 

faster adoption. 

Finally, alignment of individual performance with company culture supports change 

sustainability and integration (Phillips & Klein, 2022). Training tied to culture and company 

metrics should address employee behaviors, attitudes, capabilities, and commitment to change 

(Beer & Nohria, 2000). Notably, the research also indicates a need to monitor individual and 

team buy-in and performance as a reinforcement strategy (Galli, 2018). With strong leadership 
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alignment, a commitment to training, and an emphasis on culture, The Company is well-

positioned to focus on sustainment in the data analytics journey. 
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Conclusion 
At the time of this submission in July 2024, the adoption of generative AI is exploding. AI 

integration is changing how people work across functions across industries, notably in 

marketing, sales, and product development (McKinsey & Company, 2024). In a 2024 global 

survey, McKinsey & Company reported that 65% of respondents said their organizations 

regularly use AI, and there are clear material benefits in increased revenue and decreased 

costs. The moment is to pay attention to integrating this technology across The Company.  

However, it pays to have patience with people in moments of urgency. Change expert 

Kotter (1996) stressed that rushing through the initial phases of change and pushing people out 

of their comfort zones too quickly will lead to failure. People are critical, especially with 

generative AI, as AI generates better outcomes if people are thoughtful about training and 

shaping it. For The Company, we hope they will harness the apparent excitement and energy to 

build skills for AI-driven transformation quickly. 

We can draw from the past to understand our current precipice and how adoption 

might happen (Weick, 1995). For example, from Volta’s invention of the electric battery (1800) 

to the opening of the first electric factory (1881), there was no obvious roadmap for 80 years, 

but excitement slowly built as the use of light bulbs spread (Agrawal et al., 2022). Today’s 

transformation with artificial intelligence can feel overwhelming and scary to employees, so it is 

even more critical for leaders to engage in intentional sensemaking. Bricolage—an approach to 

manage unexpected situations by combining existing elements in novel ways—offers a frame 

for The Company’s leaders to be creative in this time of unknowns, encouraging them to 
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depend on their leadership skills and organizational culture to create the emerging map for 

moving forward (Weick, 1993). 

The project offers insights into how a linear approach to change management is likely 

insufficient in this period of transformational technology adoption. A new AI Change Catalyst 

Loop combines and layers ADKAR’s familiar phases of awareness, desire, and knowledge in 

creative and resourceful ways to build momentum for adoption, a form of bricolage. With a 

new change management approach developed based on employee insights, The Company has 

an opportunity to propel the adoption of advanced analytics and other AI tools. In a time 

characterized by urgency, The Company will thrive with constant attention to this change-based 

momentum, and its presence or absence will determine the ultimate success of AI-driven 

transformation (Appelbaum et al., 2012). 

AI is transforming human society in fundamental and profound ways (Agrawal et al., 

2022; Chubb, et al., 2022; Kissinger, et al., 2021; McKinsey & Company, 2023).  In this case 

study of one company, we were able to glimpse the coming changes and consider the human 

need to embrace and adopt AI as a tool and partner in ongoing work. Only by respecting the 

human emotions of excitement and fear of this new technology will we be able to build and 

explain our map moving forward. We are eager to help shape this new future.   
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Appendix A: Interview Schedule 

Table A1 

Interviews 

 Lead or  
End User 

Unit/Title (altered slightly to generalize) Interview (virtual via 
Microsoft Teams) 

1 Lead Enterprise Data Office Lead February 26, 2024 

2 Lead Enterprise Data Office Director February 27, 2024 

3 End User Data Insights Lead February 27, 2024 

4 Lead Enterprise Data Office Vice President February 27, 204 

5 End User Financial Analysis Manager March 4, 2024 

6 End User Financial Analysis Manager March 4, 2024 

7 Lead Global Business Insights Director March 4, 2024 

8 End User Global Business Insights Manager March 5, 2024 

9 Lead Enterprise Data Office Lead March 6, 2024 

10 End User Financial Analysis Senior Manager March 7, 2024 

11 End User Financial Analysis Manager March 12, 2024 

12 Lead Global Business Insights Lead March 12, 2024 

13 End User Financial Planning and Analysis Lead March 18, 2024 

14 End User Global Business Insights Senior Manager March 18, 2024 

15 Lead Delivery Lead March 19, 2024 

16 End User Financial Planning and Analysis Lead March 20, 2024 

17 Lead Financial Analysis Director March 20, 2024 

18 Lead Finance Vice President March 26, 2024 

19 Lead Enterprise Data Office Manager March 26, 2024 

20 Lead International Markets Vice President March 28, 12024 

21 Lead Enterprise Data Office Director April 9, 2024 

 
Field Observations 
The Company Data Fest: April 30, 2024 
Company Headquarters, Midwest State  
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Appendix B: Interview Protocol 
 

PROTOCOL FOR LEADERS 

SECTION 1: Change Management; Change Readiness; ADKAR Change Model (Hiatt, 2006) 

 

1. Can you tell me about your role and in the context of your role, how you define 

analytics?  

2. On a scale of 1 to 10, how critical do you believe data literacy is for your team’s success, 

and why?  

3. In your team, do you make a distinction in conversations between descriptive and 

predictive analytics?  

4. Can you identify specific areas of your daily tasks that could benefit from enhanced data 

analysis? (What is the excitement for your team around this?)  

5. If possible, could you estimate the percentage improvement in efficiency or productivity 

you might achieve by incorporating more data analysis into your work?   

6. What might change for you with more advanced analytics?  

7. Please answer the degree to which your team: 

a. Is aware of the potential to utilize advanced analytics?  

b. Desires to adopt and explore advanced analytics?  

c. Has knowledge to apply and utilize advanced analytics?  

d. Has the skills and abilities they need to use advanced analytics?  

e. Are regularly using advanced analytics and measuring impact?  
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SECTION 2: Sensemaking; Antenarratives (Poudel, 2019) 

 

1. How do you actively promote the adoption of an analytics-driven mindset among your 

team members?  

2. Can you describe the strategies or methods you use with team members to leverage 

advanced data analytics and shift that mindset? How do you talk about it?  

3. What kinds of stories or conversations do people tell about using advanced analytics?  

4. Would you say the stories being told in this kind of area are generally negative or 

generally positive?  

SECTION 3: Investment in Learning 

1. Do you prefer to learn analytics skills to conduct your own analysis, have guided 

assistance, or delegate analytics tasks entirely? Why?   

2. What do you think the main obstacles are that your team faces in adopting data 

analytics technologies and practices?  

3. What amount of time per month would you or your team be willing to dedicate to 

enhancing your data literacy and analytics skills?  

4. What learning formats (e.g., newsletters, dashboards, workshops, formal training) do 

you believe would be most effective for your team to enhance data analytics 

capabilities?  

5. Logistical question: Would you devote funding each year if you could quantify results by 

better data understanding? 
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PROTOCOL FOR END USERS 

SECTION 1: Change Management; Change Readiness; ADKAR Change Model (Hiatt, 2006)  

1.  How do you define ‘analytics’ within the context of your role?  

2. On a scale of 1 to 10, how critical do you believe data literacy is for your success, and 

why?  

3. Do you make a distinction between descriptive and predictive analytics in your work?  

4. Can you identify specific areas of your daily tasks that could benefit from enhanced data 

analysis?  

5. If possible, could you estimate the percentage improvement in efficiency or productivity 

you might achieve by incorporating more data analysis into your work?   

6. What might change for you with more advanced analytics?  

7. To what degree do you feel like you have:  

a. Awareness of the potential to utilize advanced analytics?  

b. Desire to adopt and explore advanced analytics?  

c. Knowledge to apply and utilize advanced analytics?  

d. Skills and abilities to use advanced analytics?  

e. Reinforcement/Positive feedback from leaders to use advanced analytics?  

SECTION 2: Sensemaking; Antenarratives (Poudel, 2019) 

1. Could you walk us through how new technologies have typically been introduced and 

used within your team?   

2. Will you describe a situation where you felt supported or guided in understanding and 

adopting a new analytical tool or method?  
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3. Have there been any instances of confusion or resistance among yourself or team 

members when introducing new technologies? In what ways were these challenges 

addressed? 

4. What specific actions or efforts from your leaders have been most effective in helping 

you grasp the functionalities and benefits of data analytics and methods? 

5. Would you say the stories being told in this kind of area are generally negative or 

generally positive? 

SECTION 3: Investment in Learning 

1. Do you prefer to learn analytics skills to conduct your own analysis, have guided 

assistance, or delegate analytics tasks entirely? Why?   

2. What do you think the main obstacles are that you face in adopting data analytics 

technologies and practices?  

3. What amount of time per month would you be willing to dedicate to enhancing your 

data literacy and analytics skills?  

4. What learning formats (e.g., newsletters, dashboards, workshops, formal training) do 

you believe would be most effective for your team to enhance data analytics 

capabilities? 
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Appendix C: Use of AI in the Project 

Just as the industry seeks to embrace artificial intelligence-powered tools for a 

competitive edge, doctoral researchers have various tools available that both provide 

efficiencies and raise issues of responsible and ethical use. In 2024, new tools are rapidly 

emerging, and artificial intelligence (AI) is increasingly embedded in long-used tools, requiring 

careful examination of all online research tools with intentional and transparent use.  

The act of doctoral-level research is intended to add to societal knowledge while 

training the doctoral student in scholarship, creativity, and inquiry (Bargar & Duncan, 1982). 

Introducing the Leadership and Learning in Organizations program at Vanderbilt University, 

program director Dr. Eve Rifkin encouraged students to think of themselves as entering an 

academic conversation mid-stream and contributing to the scholarship and practice moving 

forward. AI-powered research tools can enhance the quality of doctoral research, providing 

access to a greater body of research (Christou, 2023) more rapidly. However, scholars urge that 

the desire to speed up research using AI should be balanced with the demands for critical 

analysis and creativity in solid investigations (Chubb et al., 2022). 

For this capstone project focused on AI adoption in a large company, we sought to 

embrace and explore AI in the research process. With a philosophical approach that AI can and 

should be a partner in the research process, we agreed that all submitted work would be 

transparent in using AI and address ethical considerations (see Table C1). We fully agree and 

comply with Vanderbilt University (2023) Academic Affairs Policy, effective January 2024, that 

we are “responsible for its accuracy, impact, and compliance with relevant laws and policies” 

(para. 1). 
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Emerging research details ethical concerns including privacy and security, bias and 

fairness, trust and reliability, transparency, and human-AI interactions (Hastuti & Syafruddin, 

2023; Kamila & Jasrotia, 2023). Responsible use and ethical considerations of using AI-powered 

tools in this project include: 

• Originality and intellectual property ownership: We understand the scholar's 

responsibility to add original thinking to academic discourse. AI tools can quickly 

generate, edit, and refine text. We deliberately wrote all drafts before consulting AI 

tools and then carefully edited them to maintain original contribution to the field. 

• Reliability and accuracy: AI tools can quickly generate abstracts and references but may 

cite ideas out of context. We reviewed all articles cited in this project and downloaded 

them to an available repository. 

• Awareness of potential bias: Scholars are appropriately concerned with how AI can 

perpetuate and exaggerate bias (Hastuti & Syafruddin, 2023; Kamila & Jasrotia, 2023). 

Since AI tools are trained on historical data, systemic bias may be deeply embedded. We 

maintained vigilance in questioning potential bias and sought counsel throughout the 

project when selecting and using AI tools for research.  

An ethical consideration for researchers focuses on the opaqueness of AI algorithms, 

resulting in a lack of trust of outputs (Kamila & Jasrotia, 2023). We questioned AI-

recommended articles and research summaries and chose multiple tools and methods to seek 

research. Varied queries resulted in a broad range of literature that could be cross-referenced 

for applicability to the project. Related, we opted for redundancy of AI tools for tasks like 
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recording interviews, as we found that different tools provided different types of summaries 

and insights.  

Table C1 

Artificial Intelligence Tools Utilized in this Project 

Tool Description 

Research 

Humata 

https://app.humata.ai/ 

Humata AI summarizes and analyzes PDF documents. It uses 

natural language processing (NLP) to analyze PDFs inputted 

into the database. The tool will summarize, answer queries, 

and provide quick access to reference points in given 

articles. 

  

The authors cross-checked all references suggested in 

Humata, returning to the original articles for context. 

  

Elicit 

https://elicit.com/ 

Elicit acts like a research assistant, searching Semantic 

Scholar based on queries and then analyzing selected 

articles for themes, key ideas, and summaries. The 

technology is Generative Pre-trained Transformer 3 (GPT3) 

to search and summarize. 

  

https://app.humata.ai/
https://elicit.com/


   

 

  Diggins – Ferinde 100 of 102 

 

The authors cross-referenced articles identified by Elicit with 

the Vanderbilt library and downloaded all PDFs for original 

review. 

  

Google Scholar, Google 

Search, and Gemini 

https://scholar.google.com/ 

https://www.google.com/ 

https://gemini.google.com/ 

Recommended by the Vanderbilt librarian, Google Scholar 

searches academic and scholarly sources to index and 

organize literature based on queries. Using machine 

learning, the Google tools rapidly provide a breath of 

information. Specific and sophisticated queries help narrow 

the search for the most relevant sources.  

  

Introduced in early 2024, Google Gemini is a family of AI 

large language models (LLMs) that can assist in a wide range 

of research tasks, including identifying research, 

summarizing ideas, refining text, and more. 

  

The authors cross-referenced articles identified by Google 

Scholar and Gemini with the Vanderbilt library and 

downloaded all PDFs for original review. 

  

Amazon 

https://www.amazon.com/ 

Amazon uses AI and machine learning models in a variety of 

ways to sell products and assist customers. For research 

https://scholar.google.com/
https://www.google.com/
https://gemini.google.com/
https://www.amazon.com/
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purposes, Amazon suggested related books on the identified 

topic for consideration.  

  

Writing and Idea Generation 

Grammarly 

https://www.grammarly.com/ 

Grammarly assists the writing process with grammatical 

corrections and suggestions for rephrasing for clarity. The 

technology combines machine learning with natural 

language processing approaches.  

  

Chat GPT 

https://chat.openai.com/ 

 

Doctoral Assistant GPT 

ChatGPT, or Chat Generative Pre-Trained Transformer, is an 

AI chatbot that uses machine learning to process and 

respond to inquiries. Introduced widely in 2023, the tool 

may be used in research for a range of tasks. We used a 

premium version most often for idea generation. Accuracy 

and bias are known issues with ChatGPT that were 

considered with use. 

  

Data Collection and Analysis 

Fathom 

https://fathom.video/ 

Fathom records, transcribes, highlights, and summarizes 

meetings. Fathom reports that it uses a closed API 

developed in partnership with OpenAI, Microsoft, and 

Anthropic and combined with proprietary models. Fathom 

https://www.grammarly.com/
https://chat.openai.com/
https://fathom.video/


   

 

  Diggins – Ferinde 102 of 102 

 

video recording was selected for ease of use with Microsoft 

Teams and security guarantees. 

  

Otter.ai 

https://otter.ai/ 

Otter.ai transcribes audio from different sources, including 

recorded meetings, live conversations, and audio files. 

Otter.ai uses machine learning and natural language 

processing to transcribe audio to text. File summaries and 

highlights are available. Otter.ai was used as a back-up to 

Fathom. 

  

MAXQDA 

https://www.maxqda.com/ 

MAXQDA is a software package for qualitative and mixed 

methods research. Interview transcripts and recordings may 

be uploaded and MAXQDA tools support coding, 

categorization, and text analysis. 

  

This tool was recommended and selected for the AI 

integration with AI assist that supports analysis and 

summarization. Researchers used a student version with AI 

assist. 

  

Other key tools used were Microsoft Teams and Google Drive. While these tools incorporate 
AI, that functionality was not intentionally used in this project. 

 

https://otter.ai/
https://www.maxqda.com/
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