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Abstract of Dissertation 
 
 

Organizational Learning and Intelligent Machines: 
A Descriptive Case Study of a Biomedical Research Funding Organization’s 

Learning about Artificial Intelligence Technologies 
 

Today, artificial intelligence technologies (AI) add significant complexities to 

organizational learning, performance, and change, and these technologies are 

proliferating across all industries at rapidly increasing rates (West, 2018). However, most 

organizations do not understand how to make sense of AI (Brynjolfsson & McAfee, 

2017), and the scholarship best suited to guide organizations’ learning with AI is at a 

nascent stage (von Krogh, 2018).  

To address the practical challenge and scholarly gap, this case study examined 

one biomedical research funding organization’s learning regarding AI. The study used 

Weick’s (1979) enactment theory (ET) to unpack the core dynamics of the organization’s 

actions and reflections in learning about AI—as posited in Schwandt and Marquardt’s 

(2000) organizational learning systems model (OLSM). The study was guided by the 

following research question: How does an organization focused on funding biomedical 

research use action and reflection processes while learning about AI? 

 This study demonstrated that ET and the OLSM are useful for guiding research 

and practice regarding AI. Six primary conclusions emerged: (1) dialogue is the nucleus 

of organizational learning; (2) dialogue links the levels of learning in a collective system; 

(3) organizational learning includes both orderly and dynamic processes; (4) 

collaboration increases organizational learning efficacy; (5) reflections must be probed/ 

stimulated for organizational learning to occur; and (6) organizational learning produces 

outcomes at multiple levels of analysis and at different time intervals.  
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CHAPTER 1: 

INTRODUCTION 

Overview of the Study 

This study sought to understand one biomedical research funding organization’s 

learning related to artificial intelligence technologies (AI). In this study, AI refers to 

machines (or computers) that mimic the cognitive functions that are normally associated 

with the mind and generally described as intelligent, such as reasoning, learning, and 

problem-solving (Boden, 2018; Hatch, 2018; McCarthy, n.d.; Minsky, 1961). Today, AI 

can be found everywhere—from the search engines used to customize social media 

applications to the methodological protocols used by the world’s leading scientists in 

healthcare and biomedical research (National Institutes of Health, 2019). Across most 

industries, organizations that are using AI have reported notable improvements in process 

automation, efficiency, cybersecurity, competitiveness, and profitability (Ertel, 2017; 

West, 2018). As a result, AI is now viewed as a technological imperative for most 

organizations (Brynjolfsson & McAfee, 2017).  

Despite its recent proliferation, AI is inherently complex, and the complexity has 

increased significantly since AI was first introduced during a computer science 

conference at Dartmouth College in 1956 (Ertel, 2017; National Academies of Sciences 

et al., 2019). From the Dartmouth conference to the late 2000s, AI was largely built by 

programming fix parameters, or codified human knowledge, into computer systems, an 

approach that is known as general or good old-fashioned AI (Boden, 2018; Ertel, 2017). 

Today, AI methodologies have expanded to include machine learning and deep learning, 

or advanced statistical algorithms and engineering techniques that autonomously modify 
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the parameters for AI systems’ performance without human intervention (Brynjolfsson & 

McAfee, 2017; Ertel, 2017; West, 2018). The machine learning and deep learning 

methodological developments enable AI to become effective at deducting valuable 

correlations among the unprecedented volume, variety, and velocity of data that 

organizations contend with when making decisions today (Sreedevi et al., 2017).  

The biomedical industry has made significant strides in using AI. In recent years, 

AI has evolved to be an integral contributor to data science, or “the interdisciplinary field 

of inquiry in which quantitative and analytical approaches, processes, and systems are 

developed and used to extract knowledge and insights from increasingly large and/or 

complex sets of biomedical data” (National Institutes of Health, 2018, p. 1). These 

biomedical datasets include biological samples, environmental signals, as well as digital 

feedback from mobile devices and other wearable technologies (National Institutes of 

Health, 2018, 2019).  

Biomedical research studies that use AI range from the molecular level through 

population health (Zhu & Zheng, 2018). For example, AI is being used to examine lymph 

nodes in computed tomography images to predict disease prognosis (Fazal et al., 2018; 

Mayo & Leung, 2018) and to detect diabetic retinopathy in retinal fundus photographs 

(Stead, 2018). In neuroimaging studies, researchers are using AI to analyze brain images 

with the aim of mapping the aging brain process and gaining new insights on structural 

deviations relating to pathologies such as Alzheimer’s disease (Ienca et al., 2017).  

In terms of population health, the National Institutes of Health, Allen Institute for 

AI, Chan Zuckerberg, Georgetown University Center for Security and Emerging 

Technology, and Microsoft collaboratively released an extensive machine-readable 
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coronavirus literature database of over 29,000 articles as a call for AI-related expertise to 

help with the national efforts aimed at preventing, detecting, and treating COVID-19 

(Office of Science and Technology Policy, 2020).  

Statement of the Problem 

The increased proliferation of AI has both practical and theoretical challenges. 

From a practical perspective, many organizations are increasingly aware of AI’s potential 

to reshape or augment their operations, but they do not understand how to evaluate and 

value these technologies for their specific organizational needs (Sau et al., 2018). In 

addition, organizations are faced with widespread speculations about the social-technical 

impact of AI (Jarrahi, 2018) and ambiguity about AI’s ethical and legal considerations 

(Burton et al., 2017; Gurkaynak et al., 2016).  

Organizations must also evaluate complex unprecedented considerations 

regarding to transparency, explainability, trustworthiness, and bias in AI-related 

operations (Ertel, 2017; West, 2018). AI limits human situational awareness and 

increases the potential for technology to magnify human and organizational errors (Ertel, 

2017; West, 2018). U.S. government agencies also face unique challenges when 

recruiting in-house expertise to evaluate and make prudent decisions regarding AI 

(Kumar & Kalil, 2015). For example, the National Science Foundation Biological 

Sciences Directorate reported that insufficient in-house AI expertise was among its most 

pressing unmet needs (Barone et al., 2017). Nonetheless, scholars contend that 

organizations that wait too long to learn about and enact AI will not survive the rapidly 

advancing technological wave (Brynjolfsson & McAfee, 2017; Sau et al., 2018).  
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From a theoretical perspective, organizational learning provides an ideal 

multidisciplinary foundation (Easterby-Smith, 1997) and a robust body of literature to 

help inform the practical challenges that organizations face with AI. Organizational 

learning is defined as the “system of actions, actors, symbols, and processes that enables 

an organization to transform information into valued knowledge which in turn increases 

its long-term adaptive capacity” (Schwandt & Marquardt, 2000, p. 43). One limitation is 

that scholars have yet to clarify the day-to-day microprocesses that constitute 

organizational learning or establish an empirically observable process that links 

individual to organizational learning.  

Organizational learning scholars have acknowledged the significant and growing 

influence of information technology (Argote & Hora, 2017; Huber, 1990; Schwandt & 

Marquardt, 2000). Organizational learning studies related to information technology have 

been conducted from two streams: studies that use organizational learning as a 

framework to help improve technology implementation and studies that explore how 

technology is used to enhance organizational learning (Robey et al., 2000). As a result, 

there is a scholarly gap in knowledge about how organizations learn about technology 

overall. Most notably, AI remains largely unexplored in the organizational learning 

literature (Jarrahi, 2018).  

Recognizing this gap, several scholars have called for AI-related organizational 

research. Dietterich (2019) contended that it is critical to pursue research in the direction 

of AI and high-reliability organizations to help guide executives with AI adoption. 

Jaehun, Taewon, Daniel, and Melissa (2019) called for research that explores leaders’ 

perceptions regarding the role of AI in business model innovations. von Krogh (2018) 
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called for research exploring organizational decision-making and problem-solving about 

AI—to help organizational leaders adopt prudent approaches to evaluate and value these 

emerging technologies. 

Some scholars have begun to explore the implications of AI. For example, 

knowledge management scholars have begun to recognize AI’s contribution to 

organizations’ ‘ways’ of thinking, problem-solving practices, knowledge management 

models, reasoning methods, information triage processes, and ecosystem changes in 

terms of the range of approaches that these systems provide for vicarious learning 

(Mercier-Laurent, 2016). Additional research on AI is relevant and timely to help guide 

organizations with pressing practical challenges in learning about AI and to further 

elucidate the microprocesses in organizational learning.  

Purpose of the Study and Research Question 

The purpose of this case study was to further expound the phenomenon of 

organizational learning by exploring one biomedical research funding organization’s 

learning regarding AI. Specifically, this study examined the actions and reflections of the 

organization related to (1) identifying and developing funding opportunity 

announcements for AI-dependent research and (2) evaluating and valuing research grant 

applications that use AI. The study sought to categorize the organizational members’ 

shared perceptions regarding AI and explain if, how, and why these shared perceptions 

changed as the organization used action and reflection processes while learning about AI. 

The case study was bounded to activities related to the publication of funding opportunity 

announcements that were heavily dependent on AI and the funding of AI-related research 

project grants.  
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The study addressed one primary research question: How does an organization 

focused on funding biomedical research use action and reflection processes while 

learning about AI?  

Significance of the Study 

 In terms of theory, this study expounds and contributes to an enhanced theoretical 

understanding of the micro-level processes that serve to define and generate the learning 

goals used by a collective system to (1) explore and engage its environment; (2) mobilize 

and manage structuring mechanisms; and (3) adjust cultural norms, patterns of 

interactions, operating philosophies, habits of thinking, and shared meaning—as 

conceptualized in the action and reflection ‘black box’ of Schwandt and Marquardt’s 

(2000) organizational learning systems model (OLSM). The findings in this study posit 

dialogue as the nucleus of organizational learning and a key process that links learning at 

all levels within a collective system, collaboration as a moderator for organizational 

learning efficacy, and reflection as an organizational learning catalyst that must be 

probed/stimulated from the perspective of external adaptation and internal integration 

(March, 1991).  

From a practical perspective, this study contributes one empirical instantiation of 

a biomedical research funding organization’s AI-related journey, which helps elucidate 

the nature and characteristics of the organizational learning process for AI in biomedical 

research. This study’s findings suggest technical and operating principles to be 

considered when exploring AI specifically, and pragmatic considerations for 

organizational learning, including the primacy of continuous organizational dialogue, the 

‘double-edged sword’ attributes of organizational structure, and the importance of 
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collaboration. Subsequent scholars can build on these findings to examine other 

constructs related to organizational learning and AI, such as employee engagement, 

power distribution, decision-making, and knowledge management.  

Conceptual Framework 

To expound both the micro and macro dynamics involved in AI-related 

organizational learning, the conceptual framework for this study was constructed by 

juxtaposing the microprocesses inherent in Weick’s (1979) enactment theory (ET) on the 

action/reflection subsystem of Schwandt and Marquardt’s (2000) OLSM. Figure 1.1 

depicts the conceptual framework for this study. 

 

 

Figure 1.1. Conceptual frame of the study.  
 
 
 

The OLSM is grounded in Parsons’s general theory of social action, which 

emphasizes the role of interactions between individuals in shaping situations and 
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constructing the wider society (Schwandt & Marquardt, 2000). Parsons’s general theory 

of social action asserts that individual, group, and organizational actions are connected in 

social systems and that the functions of social systems depend on more than the 

cumulative sum of individual actors’ behaviors. In conceptualizing the OLSM, Schwandt 

and Marquardt extended Parsons’s ideology to the phenomenon of organizational 

learning. 

Within the OLSM, learning is conceptualized as change produced by four 

interdependent subsystems—interface, action/reflection, dissemination and diffusion, and 

meaning and memory—which are linked by the interchange media of new information, 

goal reference knowledge, structuring, and sensemaking (Schwandt & Marquardt, 2000). 

The interchange media symbolize the functional product of the respective subsystems of 

action within the OLSM and serve as input resources to the other subsystems in the 

model. The spectrum and patterns of actions that constitute the interchange media within 

a given social system provide the means for researchers to examine the nature of 

organizational learning.  

Schwandt and Marquardt (2000) identified the action/reflection subsystem as the 

nucleus of the OLSM; the interchange media from the other subsystems are implicated in 

the action/reflection subsystem, but ultimately, it is the dynamics within the action/ 

reflection subsystem that produce the knowledge that is specific to the organization’s 

learning. The conceptual framework for this research foregrounds the action/reflection 

subsystem because the AI literature indicates most organizations are aware of AI and are 

focused on actions related to the evaluation and selection of AI (Brynjolfsson & McAfee, 

2017; Sau et al., 2018). The dynamics within and product of the action/reflection 
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subsystem align with the purpose of this study, which focuses on the knowledge-creation 

activities related to an organization’s learning about AI.  

ET (Weick, 1979) provides a deeper-level explanation for the activities within the 

action/reflection subsystem of the OLSM and serves as the primary theoretical lens for 

this study. ET posits an explanation for the ongoing social activities that constitute 

organizations (organizing) and expounds how social systems elaborate, simplify, and 

pattern equivocal information into reasonable interpretations for practical use in 

organizing. The three microprocesses that explicate how ET works are based on cognitive 

and social philosophical foundations: enactment, selection, and retention (Weick, 1979; 

Weick et al., 2005). The enactment microprocess posits actions taken by the 

organizational actors elevate aspects of a situation into the purview of organizational 

analysis, the selection microprocess encompasses actions taken by organizational actors 

to transform equivocal information into organization-specific valued knowledge, and the 

retention microprocess covers actions that organizational actors take to retain valued 

knowledge for later usage (Weick, 1979; Weick et al., 2005).  

Based on the OLSM and ET, organizational knowledge is understood to be 

enacted, retrospective, culturally based, and socially constructed (Schwandt & 

Marquardt, 2000; Weick, 1979). Knowledge exists in the form of shared, socially 

constructed cognitive structures that guide how specific elements from the organizational 

actors’ streams of situations are identified, rationalized, and stored as organizational 

information for routine procedures, interpretations, problem-solving, and decision-

making (Schwandt & Marquardt, 2000). The primary activity that serves to modify or 

reinforce organizational knowledge structures is understood to be inquiry-based dialogue. 
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Intra- and interpersonal dialogue fuels the ET microprocesses that reinforce and/or 

modify organizational knowledge.  

One final philosophical principle of ET that must be highlighted from the onset of 

this study is the requirement to examine organizations from an organizing perspective 

(Weick, 1979). Weick argued that organizations are constituted by organizing, or an 

assemblage of ongoing interdependent actions that generate sensible outcomes. He 

conceptualized these interdependent actions as social processes and argued that 

organizational actions attributed to organizing must be “specified sufficiently that a 

variety of people can contribute the necessary components that allow a pattern to persist 

[and] withstand a turnover of personnel” (Weick, 1979, p. 34). Weick (1979) posited that 

“it is the persistence of the pattern, through contributions made by interchangeable 

people, that distinguishes the organization” (p. 34). From the organizing perspective, the 

activities within the action/reflection subsystem of the OLSM are understood as ongoing, 

reflexive, and interdependent. The methods used in this study are summarized in the 

following section.  

Summary of Research Methods 

The research design for this study was developed based on Yin’s (2018) case 

study research (CSR) methodology. Yin posited that CSR should be reserved for ‘how’ 

and ‘why’ research questions and used in empirical studies that investigate contemporary 

phenomena in depth and within their real-world contexts. He used the term 

‘contemporary’ to limit the CSR process to inquiries focused on a phenomenon that 

occurred in the recent past, so that it is still possible to interview people who were 

involved directly. In CSR, Yin argued that the contextual conditions of the case are 
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essential in the understanding of the phenomenon being researched, which is unlike 

positivist experiments that pursue context-neutral approaches (Yin, 2018). 

Yin’s (2018) CSR approach was selected as the method for this case study 

because it aligns with the purpose of this study, which sought to understand how an 

organization focused on funding biomedical research used action and reflection processes 

while learning about AI. Based on the literature reviewed in Chapter 2, the organization’s 

actions and reflections in learning about AI were presumed to be contemporary, and the 

organization’s learning was understood as a phenomenon that occurred in the real-work 

context or within the natural setting where the researcher had no control (Schwandt & 

Marquardt, 2000). Yin’s postpositivist philosophy aligned with the researcher’s 

postpositivist worldview, the functionalist theoretical grounding of the OLSM, and the 

retrospective orientation of ET. 

Site and Participant Selection 

A biomedical research funding institute was purposefully selected as the site for 

this study (Yin, 2018). This organization is an institute of the U.S. federal government, 

with a mission executed in three steps: (1) gathering information from extramural 

investigators to identify research needs, (2) deliberating internally to prioritize research 

areas for investments as funding opportunity announcements, and then (3) awarding 

research project grants to extramural biomedical investigators to complete studies in the 

prioritized research areas. This three-step process forms the backbone of the institute’s 

operations and scope of activities examined in this study. 

Over the last 10 years, the study site has experienced a significant increase in the 

number of research grant applications that use AI. This surge is attributable to the rapidly 
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increasing use of unprecedentedly large, varied datasets in biomedical research. The 

researcher presumed that AI-specific organizational learning had occurred in this 

biomedical research funding institution so it could perform its core mission. Accordingly, 

this study was bounded to the institute’s activities/actions taken to develop targeted 

funding opportunity announcements and to make funding decisions regarding research 

grant applications that use AI. Overall, it was the institute’s experience advising, 

reviewing, evaluating, valuing, problem-solving, and making decisions regarding AI that 

made it an ideal site for this study.  

The institute is staffed by a senior team, administrative management personnel, 

and scientific program officers who work in four scientific divisions. In 2018, the 

institute commissioned an ad hoc AI workgroup to focus on AI within the institute. The 

case for this study included that workgroup and related senior staff within the institute. 

Data Collection, Analysis, and Trustworthiness 

 Data collection, analysis, and trustworthiness in this study were managed in 

accord with Yin’s (2018) CSR design. The CSR approach focused on the empirical 

investigation of organizational learning from Yin’s contemporary perspective, which 

bounded the inquiry to recent past activities with individuals directly involved. The data 

collection methods included three sources of evidence: interviews, documents, and 

nonparticipatory observations (Yin, 2018).  

The primary data collection method was semi-structured interviews. For 

individual, one-on-one interviews, purposeful sampling focused on staff who served on 

the institute’s ad hoc AI workgroup and were directly involved in (1) the institute’s 

development of research funding opportunity announcements and/or (2) funding of 
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research project grants that used AI (Creswell & Poth, 2018). The interviews were guided 

by the overarching research question (Yin, 2018). The interview protocol was constructed 

based on propositions derived from the study’s conceptual framework, and each 

interview was conducted in a conversational style with follow-up probing questions, 

when necessary, to draw out descriptive details of the action/reflection organizational 

learning dynamics and situational context in which the phenomenon occurred (Yin, 

2018).  

Documents and nonparticipatory observations served as secondary data sources. 

The review of documents was conducted to corroborate and augment evidence from the 

interviews and observations. The documents included emails, meeting agendas, meeting 

presentation material, meeting minutes, reports, videocasts, and web publications relevant 

to the organization’s learning about AI. Nonparticipatory observation was conducted to 

observe social interactions and dialogue in the real-world context of the institute and for 

additional insight into the institute’s structuring mechanism (Yin, 2018). 

Data analysis followed an iterative process. Each interview was audio recorded 

and field notes were written immediately afterwards. All audio recordings from the 

interviews were transcribed and later coded based on concepts in the study’s conceptual 

framework and overarching research question. Data from the documents, knowledge 

archive, field notes, and interviews were coded and then analyzed for patterns and themes 

related to the research question (Yin, 2018).  

To ensure trustworthiness, the researcher took measures to ensure credibility, 

dependability, conformability, and transferability. These measures included triangulation 

of data sources to increase the credibility of the findings, field notes to support 
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dependability, member checks to support conformability, and thick descriptions to 

support transferability. In addition, the dissertation chair and a peer with experience in 

qualitative research methodologies checked the researcher’s data collection and data 

analysis processes, and the researcher maintained an audit trail of the research process.  

Delimitations and Limitations 

Delimitations 

 The delimitations for this study were related to the research question and the 

study’s criteria. First, in studies on organizational learning, Schwandt and Marquardt 

(2000) called attention to the need to delineate between the organizational system of 

actions associated with learning versus performance. The organizational learning 

perspective foregrounds the sensemaking functions that enable an organization to take 

new actions, to understand the difference between current and past actions, and to retain 

and distribute valuable knowledge across the entire organization. In contrast, the 

performance perspective foregrounds the relationship between organizational actions and 

organizational products. This study foregrounded sensemaking only, and the relationship 

between the use of AI and the performance/utility of the institute’s products was not 

explored (Schwandt & Marquardt, 2000).  

 Second, this study focused on “organizational learning” and not “learning 

organizations.” These two constructs can be differentiated as “process” versus “product” 

(Schwandt & Marquardt, 2000). Organizational learning focuses on the process by which 

organizations learn. Accordingly, attributes of the case as a learning organization were 

only explored to the extent the information was empirically related to the study’s primary 
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research question. This study did not attempt to classify or characterize the research site 

according to the conceptual attributes of a learning organization. 

Limitations 

First, the findings from this study represent one empirical instantiation of 

organizational actions employed by one biomedical research funding organization to 

incorporate AI into the organization’s learning dynamics. The primary mission of the site 

selected for this study was knowledge discovery in biomedical research. Organizations 

with a primary focus other than knowledge discovery may have different catalysts, 

incentives, structures, and approaches for exploring AI-enabled technologies. Second, 

this study was conducted by a researcher who was an employee of the broader 

organization being studied. This helped the researcher gain access to the site and key 

actors and benefit from an established rapport with the participants. Accordingly, the 

researcher contemplated and mitigated associated insider value judgments that created 

limitations. Third, as a case study, this study is somewhat parallel to the results of a 

single experiment (Yin, 2018), and as a result, the findings cannot be taken as a recipe for 

all other organizations. Finally, since this was a qualitative study, the primary instrument 

used to collect, analyze, and interpret data was the researcher (Merriam, 2016), which can 

lead to concerns about researcher bias. In this study, the researcher’s postpositivist 

worldview may have given preferential credence to objectivity throughout the research 

process. 

Definition of Key Terms  

Table 1.1 defines key terms used throughout this dissertation. 
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Table 1.1 
Key Terms and Definitions 

Key term Definition Source 
Action Includes experimentation, research, evaluations, critical 

thinking, decision-making and problem-solving processes, and 
clarifying discussions. Dialogue is critical to organizational 
actions. Dialogic actions produce the shared organizational 
meaning or organizational knowledge. 

Schwandt & 
Marquardt, 
2000 

Artificial  
intelligence  
technologies 

Machines (or computers) that mimic the cognitive functions 
normally associated with the mind and generally described as 
intelligent, such as reasoning, learning, and problem-solving. 

Brynjolfsson 
& McAfee, 
2017 

Enactment The act of isolating/bracketing that takes places when 
differences occur in an organizational actor’s streams of 
experiences and he or she takes action to more closely examine 
portions of the stream. Enactment produces strange displays 
that are often unlike anything the actor has seen before. 
Enactment merely provides the equivocal raw material, which 
may be seized or dismissed by the selection process. 

Weick, 1979 

Enactment  
theory 

A theory explaining that social entities are enacted by an 
assemblage of ongoing interdependent actions. Interdependent 
actions are coordinated by a consenting grammar, or rules and 
conventions that code for interlocking behaviors, social 
processes, and shared understanding or meaning making.  

Weick, 1979 

Organizational  
learning 

A system of actions, actors, symbols, and processes that 
enables an organization to transform information into valued 
knowledge which in turn increases its long-term adaptive 
capacity. 

Schwandt & 
Marquardt, 
2000 

Reflection The review, judgment, and decision of issues taken by some, 
or all, individuals in the organization in the name of the 
organization. 

Schwandt & 
Marquardt, 
2000 

Retention A relatively straightforward storage of the products of 
successful selection/sensemaking, products called an enacted 
environment. An enacted environment is a punctuated and 
connected summary of a previously equivocal display. It is a 
sensible version of what the equivocality was about. 

Weick, 1979 

Selection The imposition of various shared cognitive structures on 
enacted equivocal displays in an attempt to reduce 
equivocality. The selection process determines the schemes of 
interpretation . . . [that] prove helpful in reducing the 
equivocality of displays. The selected interpretation for the 
equivocal display . . . is retained for possible imposition on 
future situations that looked the same. 

Weick, 1979 
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CHAPTER 2:  

LITERATURE REVIEW 

This chapter reviews the literature related to the research question: How does an 

organization focused on funding biomedical research use action and reflection processes 

while learning about artificial intelligence technologies (AI)? The review is organized 

into five sections. First, the literature on AI is reviewed to contribute an understanding of 

the technical attributes and environmental signals that may surface during an 

organization’s action and reflection processes in learning about AI. Second, the literature 

on organizational learning is reviewed to contribute relevant concepts of the phenomenon 

and to identify an organizational learning model for this study. Third, the organizational 

learning systems model (OLSM) (Schwandt & Marquardt, 2000) is reviewed as the 

model best suited for this study. Fourth, the literature on enactment theory (ET) (Weick, 

1979) is reviewed to establish ET as the lens for examining the microprocesses that 

instantiate the action/reflection subsystem within the OLSM. The fifth and final section 

presents inferences for the current study on organizational learning relating to AI. 

The resources selected for this literature review consist mostly of peer-reviewed 

articles that were accessed through The George Washington University databases. A 

variety of search terms were used to identify relevant scholarship for this review, 

including organizational learning, organisational learning, artificial intelligence, 

enactment theory, “organizational learning AND information technology,” 

“organizational learning AND artificial intelligence,” “organizational learning AND 

enactment theory,” “enactment theory AND information technology,” “enactment theory 

AND artificial intelligence,” “organisational learning AND information technology,” 
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“organisational learning AND artificial intelligence,” and “organisational learning AND 

enactment theory.” The articles used in this review were identified in the following 

library databases: ABI/Inform Complete Plus, Academic Search Premier, Business 

Source Complete, JSTOR, ERIC (EBSCO), Emerald, Web of Science, Gartner, ProQuest 

Dissertations & Theses Global, and Google Scholar. The same search terms were used in 

all databases, and the publications that had the search term(s) or search term 

combinations in the title or abstract were reviewed and critiqued.  

The search included literature from 1963 to 2020. The start date of 1963 was 

chosen for the literature search to ground the review in the seminal organizational 

learning scholarship of Richard Cyert and James March. General information technology 

(IT) publications that did not address organizational learning were excluded; however, 

highly cited publications on AI were included to obtain credible definitions and glean 

insights about the socio-organizational impact of AI. This chapter begins with a review of 

the literature on AI. 

Literature on Artificial Intelligence Technologies 

This section reviews definitions of AI, methodologies used to develop AI, and the 

practical applications of AI in healthcare and biomedical research.  

Definitions of Artificial Intelligence Technologies  

AI (which refers to both hardware and software solutions in this study) is a 

concept with a rapidly rising significance for organizational theorizing (von Krogh, 

2018). Technological enthusiasts generally champion the value of AI for problem-solving 

involving vast quantities of data, whereas the words artificial and intelligence provoke 
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questions regarding nonhuman intelligence and stir ethical and moral concerns among 

technology skeptics (Ertel, 2017). The literature now includes multiple definitions of AI, 

as shown in Table 2.1.  

Table 2.1 
Definitions of Artificial Intelligence 
Author Definition (Citation) 
John 
McCarthy 

The science and engineering of making intelligent machines, especially 
intelligent computer programs. Intelligence is the computational part of the 
ability to achieve goals in the world. Intelligence involves mechanisms, and AI 
research has discovered how to make computers carry out some of them and not 
others (McCarthy, n.d.). 

Marvin 
Minsky 

Focused on the development of a formal theory of intelligence. Intelligent 
decisions are based on the acquisition of facts, a review of different possibilities, 
and selection of the possibility with the greatest likelihood of success. AI is a 
matter of problem-solving in five major areas: search, pattern recognition, 
learning, planning, and induction (Minsky, 1961).  

Encyclopedia 
Britannica 

The ability of a digital computer or computer-controlled robot to perform tasks 
commonly associated with intelligent beings. The term is frequently applied to 
the project of developing systems endowed with the intellectual processes 
characteristic of humans, such as the ability to reason, discover meaning, 
generalize, or learn from past experience (Copeland, 2019). 

Darrell West Machines that respond to simulation consistent with traditional responses from 
humans, given the human capacity for contemplation, judgment, and intention 
(West, 2018). 

Elaine Rich The study of how to make computers do things that people are better at. Thus, it 
includes such activities as problem-solving, natural language understanding, 
perception, and doing science (Rich, 1985). 

National 
Academies of 
Sciences 

Systems that act intelligently in the environment where intelligence really means 
understanding, predicting, and acting in a thoughtful way—something that we 
ascribe to human intelligence (National Academies of Sciences et al., 2019). 

Gorg von 
Krogh 

A broad collection of computer-assisted systems for task performance, including 
but not limited to machine learning, automated reasoning, knowledge repositories, 
image recognition, and natural language processing (von Krogh, 2018). 

Margaret 
Boden 

Efforts to make computers do the sorts of things that minds can do. Some of 
these (e.g., reasoning) are normally described as intelligent. Others (e.g., vision) 
aren’t. But all involve psychological skills—such as perception, association, 
prediction, planning, motor control—that enable humans and animals to attain 
their goals. Intelligence isn’t a single dimension, but a richly structured space of 
diverse information-processing capacities. Accordingly, AI uses many different 
techniques, addressing many different tasks (Boden, 2018). 

Wolfgang 
Ertel 

The study of how to make computers do things at which, at the moment, people 
are better (Ertel, 2017) adapted for (Rich, 1985). 
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Collectively, these definitions convey a consistent objective. The primary goal of 

AI pioneers and AI system developers is to develop machines that can perform tasks 

largely reserved for humans (Copeland, 2019; Ertel, 2017; McCarthy, n.d.; Rich, 1985). 

The tasks that AI performs generally involve problem-solving by means of intellectual 

mechanisms of reasoning based on experience, judgment based on available knowledge 

and options, and actions that serve to inform later problem-solving (Minsky, 1961). The 

definitions also indirectly highlight the underlying tension that may surface as 

organizations resolve issues regarding tasks to be performed by AI versus tasks to be 

performed by humans (Ertel, 2017). From a practical perspective, it is reasonable to infer 

that organizations are expected to contend with questions regarding what facets of human 

decision-making processes should be relinquished to technology when evaluating AI for 

their specific needs. 

From an academic perspective, definitions advanced for AI have primarily 

emerged from computer science scholars and centered on cognitive-related human tasks 

(Copeland, 2019; McCarthy, n.d.). Nonetheless, the definitions advanced by the scholars 

in Table 2.1 convey enough details on AI attributes for research by organizational 

scholars. This study combined key attributes of the language advanced across several 

definitions to define AI as machines (or computers) that mimic the cognitive functions 

that are normally associated with the mind and generally described as intelligent, such as 

reasoning, learning, and problem-solving (Boden, 2018; Hatch, 2018; McCarthy, n.d.; 

Minsky, 1961). The three overarching methodologies used to develop AI are reviewed in 

the following section. 
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Methodologies Used to Develop Artificial Intelligence Technologies 

Despite the varying definitions, AI is developed using three overarching 

methodologies that can be described from the perspective of three concentric circles: 

general AI, machine learning, and deep learning. General AI represents the outermost 

ring of the concentric circle, with machine learning as the second circle within general AI 

and deep learning as the final circle within machine learning (Mueller, 2019). Systems 

developed based on general AI are largely programmed with fixed parameters for input-

output relationships, whereas machine learning and deep learning approaches enable AI 

systems to refine the logical parameters, or algorithms, that the system uses to arrive at an 

output as more information is obtained from its data sources. Each approach implicates 

organizational dynamics in unique ways (Mueller, 2019).  

General Artificial Intelligence 

From the genesis of AI, methodologies were inspired by human logic (Ertel, 

2017; Hinton, 2018). The foundation, or broadest category, of AI methodologies relies on 

algorithms that attempt to mimic and automate the rational processes of experts in 

machines (Ertel, 2017; Fazal et al., 2018). This methodological approach uses a 

knowledge base of facts in a particular domain and an inference engine to solve problems 

that usually require human expertise (Mueller, 2019). The facts must be constructed from 

explicit knowledge and programmed into a computer system as fixed rules for problem-

solving (Ertel, 2017; Mueller, 2019).  

As the foundational methodology, general AI methodologies have produced a 

variety of expert systems (Ertel, 2017; Schwandt & Marquardt, 2000); however, general 

AI has had a limited impact on organizational routines. Among the challenges were 
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limited understanding of human reasoning/knowledge (tacit and explicit), less mature 

analytical techniques, and shortcomings inherent to the available technological 

infrastructure such as cost, size, computing capabilities, power utility, and data storage 

(Brynjolfsson & McAfee, 2017). Accordingly, general AI experienced several hype 

cycles in earlier years, where expectations escalated and then waned when the 

technologies failed to deliver on their promise for organizations (National Academies of 

Sciences et al., 2019). 

Machine Learning 

Machine learning, a subset of AI methodologies, has been posited as one of the 

most significant technological developments in the 21st century big-data era 

(Brynjolfsson & McAfee, 2017). Machine learning AI algorithms use massive datasets to 

perform predictive analytics and have the ability to change, or learn, as more data are 

received (Mueller, 2019). The general algorithm itself does not change, but the weighting 

of particular input variables and biasing of which features to select change—and it’s this 

ability to change that sets machine learning algorithms apart from general AI (Mueller, 

2019). This ability to change allows machine learning AI-enabled systems to keep 

revising their output without additional programming/coding by humans (Brynjolfsson & 

McAfee, 2017; Langley & Michalski, 1986).  

In machine learning AI, learning is a function of several organizational decisions. 

First, the right algorithm must be selected because different algorithms are more useful 

for some organizational problems than others (Ertel, 2017; Mueller, 2019). Second, the 

learning executed by each algorithm is contingent upon the strategy used to learn from 

data, which includes supervised, unsupervised, and reinforcements (Ertel, 2017; Mueller, 
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2019). Supervised machine learning strategies use large datasets of labeled inputs and 

outputs to train the algorithm—and the algorithm improves as training progresses; 

ultimately, the algorithm is used to make predictions, and the accuracy improves with 

ongoing experience (Ertel, 2017; Mueller, 2019). With unsupervised strategies, the 

algorithm is produced from analysis of the variables in unlabeled data (Ertel, 2017; 

Mueller, 2019). Reinforcement learning includes a feedback loop that provides 

information on positive and incorrect solutions (Ertel, 2017). Accordingly, varying 

degrees of training, validation, and testing will be required for alignment with the 

organization’s specific goals and acceptable evaluation parameters.  

Even with these benefits, machine learning AI introduces an array of 

organizational challenges. Machine learning approaches are dependent on time-

consuming engineering and programming to achieve accurate classifications. Some 

conventional machine learning techniques have limited ability to process data in its 

natural form (LeCun et al., 2015). At times, the data used in machine learning may be 

misrepresentative of the population or promulgate biases. The wrong algorithm may lead 

to incorrect outcomes. Overtraining or undertraining of machine learning algorithms can 

introduce unintended consequences, and the outcomes of machine learning systems can 

be misinterpreted (Mueller, 2019).  

Most notably, organizations must learn to address issues associated with 

trustworthiness, explainability, and transparency as the complexity of the algorithm 

increases and transparency decreases (Sreedevi et al., 2017; West, 2018). Also, 

organizations will first need to gain an understanding of the range of machine learning 
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opportunities and risks and deliberately evaluate and identify when/where machine 

learning is appropriate for their operational needs.  

Deep Learning 

Deep learning methodologies are a subset of machine learning AI methodologies 

(Ertel, 2017; LeCun et al., 2015; Mueller, 2019). Deep learning methodologies can 

discover intricate structure in high-dimensional data and, as such, have the potential for 

application within many scientific, business, and government domains (LeCun et al., 

2015). Deep learning AI uses multiple layers of artificial neural networks to exploit even 

larger datasets “using the backpropagation algorithm to indicate how a machine should 

change its internal parameters that are used to compute the representation in each layer 

from the representation in the previous layer” (LeCun et al., 2015). An artificial neural 

network is a “group of algorithms [that] strives to reproduce the brain’s functions. . . . 

Each neuron . . . solves a small piece of the problem, and the use of many neurons in 

parallel solves the problem as a whole” (Mueller, 2019, p. 35).  

Consistent with the larger boundary of machine learning approaches, deep 

learning methodologies are also subjected to risks associated with misrepresentative data, 

inappropriate algorithms, over/insufficient algorithm training, transparency, bias/ethics, 

and explainability (Ertel, 2017; Mueller, 2019; West, 2018). However, the process 

outcomes derived from deep learning approaches are even more difficult for humans to 

explain than the outcomes derived from machine learning approaches (Mueller, 2019). 

As such, organizations will need to develop even higher levels of competencies in house 

to evaluate, value, and mitigate these issues inherent to AI that uses deep learning 

approaches.  
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All three methodological approaches—general AI, machine learning, and deep 

learning—have enabled the AI options available to organizations today. Each 

methodological approach introduces inherent value propositions and limitations that 

warrant consideration during the process of learning about these technologies for 

organizational use. While general AI methodology relies on tacit knowledge, both 

machine learning and deep learning methodologies enable organizational learning by 

using more complex computational approaches, which are less transparent and 

explainable and are susceptible to the inadvertent promulgation of biases (Brynjolfsson & 

McAfee, 2017; von Krogh, 2018). The following section reviews opportunities and 

challenges related to the use of AI in healthcare and biomedical research.  

Practical Applications of Artificial Intelligence Technologies in Healthcare and 

Biomedical Research 

AI has penetrated most real-world domains and surged in importance in most 

organizations (Bolton et al., 2018; Brynjolfsson & McAfee, 2017; Fazal et al., 2018; 

Jarrahi, 2018; Sintov et al., 2017). Recent advances in AI are directly tied to the 

expanding reach of the Internet, a dramatic expansion of large datasets, and increasing 

computing power and storage (Tang et al., 2018; Tibbetts, 2018). Organizations today 

generate a significant volume of data, such as electronic records and logs, automated 

sensors, increased use of mobile technologies, and expanding Internet conductivity 

(Brock & Khan, 2017). Machine learning and deep learning approaches perform best in 

data-rich environments (Ertel, 2017; LeCun et al., 2015; Mueller, 2019). 
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Opportunities 

In healthcare research, AI is being used to recognize, analyze, and learn from text, 

image, and audio inputs at superhuman speed, accuracy, and reliability (Brynjolfsson & 

McAfee, 2017; Zhu & Zheng, 2018). AI that uses machine and deep learning 

methodologies can now “locate, measure, detect, characterize, and grade tumors on the 

basis of their morphology” (Tibbetts, 2018, p. 5). Researchers use AI to evaluate the 

effect of DNA mutations on gene expressions and diseases (LeCun et al., 2015), to 

classify skin lesions and to detect diabetic retinopathy (Zhu & Zheng, 2018), and to 

improve routine clinical practices such as radiology (Recht & Bryan, 2017).  

On a more practical level, biomedical researchers are exploring the use of AI to 

aid independent living of older adults (Piau et al., 2014), to provide tools for dementia 

care, and to mitigate the burden of Alzheimer’s disease overall (Ienca et al., 2017). The 

use of AI is now pervasive in biomedical research (Zhu & Zheng, 2018). As of December 

2019, the National Institutes of Health, the lead federal agency for biomedical research in 

the United States, reported over 200 active research grant awards totaling over $100 

million that use AI.  

Challenges 

On a less positive note, AI-related challenges are anticipated to be as complicated 

as the technology itself. For example, one major challenge is the scope and volume of 

inconsistent information in the popular press (Johnson, 2018; West, 2018). Current 

publications regarding AI and organizational dynamics convey narratives ranging from 

massive unemployment to widespread utopia (DeCanio, 2016; Ertel, 2017; Fazal et al., 
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2018; Gurkaynak et al., 2016; Jarrahi, 2018; Makridakis, 2017; Sreedevi et al., 2017; 

West, 2018).  

Another challenge is that AI is expected to introduce far-reaching wicked 

problems at multiple levels within most organizations (Ertel, 2017; Holtel, 2016; 

Makridakis, 2017). For example, AI is expected to cloud ethical issues (Wright & 

Schultz, 2018), automate biased processes (Brynjolfsson & McAfee, 2017), reduce 

transparency in organizational decision-making (Brynjolfsson & McAfee, 2017), and 

introduce complex legal concerns (Kowert, 2017). 

Learning challenges within organizations are further complicated by AI 

(Brynjolfsson & McAfee, 2017). At the industry level, Taddeo and Floridi (2018) argued 

that all industries must learn new cyberdefense strategies to guard against continuously 

evolving threats. Gurkaynak et al. (2016) called attention to trailing regulations—and the 

need to balance AI development with human control to avoid stifling active imagination 

or the true potential of AI. Other scholars have expected AI-enabled systems to upset the 

competitive landscape in many businesses (Dirican, 2015) and transform healthcare 

research and practice (Liew, 2018; Stefanelli, 2001). 

Research exploring the impact of AI on the organization as a comprehensive 

system is at a very nascent stage (von Krogh, 2018). Scholars such as Nick, Althoff, and 

Tautz (2001) have begun to examine the role of AI in augmenting corporate experience 

repositories through facilitated case-by-case organizational learning, but overall 

organization-AI scholarship remains underexplored.  
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Summary of the Literature on Artificial Intelligence Technologies 

 The literature on the definitions, methodologies used to develop AI, and practical 

applications of AI in healthcare and biomedical organizations introduces several unique 

considerations of AI for organizational research. The definitions indicate that the key 

objective of AI is to perform tasks that are generally understood to be reserved for 

humans and that numerous definitions exist for AI (Ertel, 2017; McCarthy, n.d.).  

Regarding methodologies, organizations need to reconcile various approaches and 

consider both the value proposition and inherent risks of each approach in their learning 

about these emerging technologies (Mueller, 2019). In addition, AI developed using 

machine learning and deep learning methodologies uses complex computational 

approaches, and the associated outputs are less transparent and explainable than when the 

tasks are performed by humans (Brynjolfsson & McAfee, 2017). Practical application of 

AI in healthcare organizations indicates an increasing usage trend among biomedical 

researchers (National Institutes of Health, n.d.), despite unresolved industry-wide 

challenges related to biases, transparency, and legal and ethical ramifications 

(Brynjolfsson & McAfee, 2017; Kowert, 2017; Recht & Bryan, 2017).  

Overall, AI remains largely underexplored in non–computer science academic 

disciplines (von Krogh, 2018). Given the rapidly expanding proliferation of these 

systems, additional scholarship is needed to help organizational leaders evaluate and 

value AI—particularly in biomedical research, where the use of AI has increased 

significantly in recent years (National Institutes of Health, n.d.). The scholarship on 

organizational learning provides a multidisciplinary, multilevel, sociotechnical, and 
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systematic scholarly base for this analysis. Accordingly, the literature on organizational 

learning, with a key focus on IT, is reviewed in the following section.  

Literature on Organizational Learning  

This section reviews the literature on organizational learning to establish the 

overarching process by which organizations learn and to identify the organizational 

learning model for this study on AI. The review is organized into two major sections. In 

the first major section, the organizational learning construct is reviewed. This includes a 

review of the history, philosophical developments, definitions, and outcome concepts for 

organizational learning. In the second major section, seven organizational learning 

models are reviewed and critiqued to set the stage for the selection of a model for this 

study.  

Overview of the Organizational Learning Construct 

Organizational learning is a construct that is generally used to conceptualize the 

phenomenon by which a social system develops knowledge structures (Argote & Ingram, 

2000; Argote & Miron-Spektor, 2011; Huber, 1991; Schwandt & Marquardt, 2000). The 

construct was first introduced in the 1950s (Casey, 2005) and has since spurred numerous 

definitions, models, and research agendas. However, no unified theory of organizational 

learning has emerged (Crossan et al., 2011); instead, the organizational learning 

scholarship evolved to include several philosophical perspectives and academic 

disciplines (Easterby-Smith, 1997).  
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History 

Dearborn and Simon’s study of the decision-making processes in an organization 

is credited as the seminal scholarship within organizational learning (Casey, 2005; 

Hariharan & Vivekanand, 2018; Huber, 1991). Dearborn and Simon’s (1958) scholarship 

did not advance a specific definition for organizational learning per se; however, their 

study provided insight on organizational-level decision-making. They argued that people 

in organizations perceive what they are ready to perceive, and the more complex a 

situation, the more perception is limited by what is already in the person’s head 

(Dearborn & Simon, 1958). Dearborn and Simon’s (1958) study found that executives’ 

cognition maps and functional experience influence how they identify, interpret, and 

solve organizational-level problems and that organizational executives’ cognitive maps 

vary—which in turn impacts organizational decisions (Dearborn & Simon, 1958; Huber, 

1991). Dearborn and Simon’s (1958) study provided insight into one obstacle to 

organizational learning and advanced a cognitive perspective of organizational learning.  

Philosophical Developments 

From Dearborn and Simon’s seminal work, Hariharan and Vivekanand (2018) 

synthesized that the field of organizational learning evolved to include four conceptual 

perspectives: cognitive, cognitive-behavioral, social-constructive, and social-cognitive. 

Cognitive scholars focus on employees’ assumptions or causal maps/schemas to examine 

organizational learning; cognitive-behavioral scholars focus on the impact of individual 

behavior on the organization’s overall capabilities; social-constructive scholars focus on 

meaning and communication within the organization as a community; and social-

cognitive scholars integrate the three aforementioned perspectives into a holistic view 
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that includes individual cognition and social interactions that involve the organization’s 

members, routines, and culture (Hariharan & Vivekanand, 2018).  

A comprehensive summary of the cognitive, behavioral, and social perspectives 

on organizational learning scholarship is beyond the scope of this section. This 

information can be found in several organizational learning reviews (Crossan et al., 2011; 

Fiol & Lyles, 1985; Levitt & March, 1988). A notable example of the cognitive approach 

is Huber’s (1991) work, which foregrounds the acquisition of potentially useful 

knowledge by different departments as organizational learning. Argyris and Schon (1978) 

differentiated between single-loop and double-loop organizational learning, using a 

cognitive-based theory of action, and their work is an example of the cognitive-behavior 

perspective. Argote (2013) also developed a cognitive-behavior model focusing on 

learning outcomes or the organizational learning curve. Casey (2005) proposed a 

sociological model that focuses on the relationship between managers and individual 

learners in strategic change. Finally, Schwandt and Marquardt (2000) posited a dynamic 

social-cognitive model that encompasses the holistic system of actors, actions, and 

processes in the organizational learning process. Akgun, Lynn, and Byrne (2003) and 

Hariharan and Vivekanand (2018) recommended using a social-cognitive perspective for 

future organizational learning studies because it integrates learning across multiple levels 

and provides for dynamic social interactions. 

Grounded in the different perspectives, the literature has also advanced to 

explicate numerous unique attributes, mechanisms, catalysts, impediments, and criticisms 

of the organizational learning construct. Scholars have differentiated organizational 

learning from organizational change/adaptation (Fiol & Lyles, 1985), discussed the 
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relevant levels of analysis (Casey, 2005; Crossan et al., 2011; Fiol & Lyles, 1985; 

Schwandt & Marquardt, 2000), established the links between individual and collective 

learning (Antonacopoulou, 2006), and argued for the importance of an array of cultural 

and contextual factors in organizational learning (Argote, 2013; Popper & Lipshitz, 1998; 

Schwandt & Marquardt, 2000).  

The organizational learning construct has also been the target of scholarly 

criticism. Organizational learning has been criticized for being anthropomorphic (Popper 

& Lipshitz, 1998), lacking a cohesive theory (Prange, 1999), not being more prescriptive 

with practical approaches for organizational improvement (Basten & Haamann, 2018), 

and failing to demonstrate an appropriate link to organizational performance (Langer, 

2018). However, the construct has weathered these criticisms and is still widely 

recognized as a prerequisite for organizational long-term survival (Argote, 2013; 

Hariharan & Vivekanand, 2018; Schwandt & Marquardt, 2000). Easterby-Smith (1997) 

argued against a reductionist approach and established that the incorporation of different 

academic disciplines, such as management science, sociology, strategy, and cultural 

anthropology, makes organizational learning more useful for a broad scope of problem 

conceptions.  

Organizational learning is even more relevant today in the rapidly emerging 

technological environment as for-profit organizations aspire to remain competitive and 

public agencies seek to be more operationally efficient (Hariharan & Vivekanand, 2018; 

Langer, 2018). Nonetheless, the literature still lacks one generally accepted definition of 

organizational learning (Crossan et al., 2011; Easterby-Smith, 1997; Fiol & Lyles, 1985; 

Langer, 2018).  
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Definitions 

Consistent with the varying perspectives, numerous definitions have been 

advanced for organizational learning. The definitions examined in this section are limited 

to those from highly cited scholars, with scholarship that considers the relationship 

between organizational learning and IT. Table 2.2 lists some highly cited definitions 

advanced within the organizational learning and IT literature, noting the locus of learning 

conveyed within the definition. 

 
Table 2.2 
Highly Cited Definitions of Organizational Learning 

Decade Author Definitions Locus of learning 
1970s Argyris & 

Schon, 
1978 

Learning occurs when errors are detected and corrected, or 
when a match between intentions and consequences is 
produced for the first time. There are two ways to correct 
errors. One is to change behavior. . . . This kind of correction 
requires only single-loop learning. . . . The second way to 
correct errors is to change the underlying programme, or 
master programme, that leads individuals . . . even when they 
say they do not intend to do so. This is double-loop learning. If 
actions are changed without changing the master programmes 
individuals used to produce the action, then the correction will 
either fail or not persevere. 

Individuals: 
Demonstrated in 
behavior 

1980s Fiol & 
Lyles, 
1985 

Organizational learning refers to the process of improving 
actions through better knowledge and understanding. Learning 
results in cognitive systems, and memories that are developed 
and shared by members of the organization. 

Individuals: 
Cognitive and 
behavioral 
developments 

Levitt & 
March, 
1988 

Organizations learn by encoding inferences from history into 
routines that guide behavior. Improvement in knowledge 
comes by the [organizational] code mimicking the beliefs 
(including the false beliefs) of superior individuals and by 
individuals mimicking the code (including its false beliefs). 

Individuals: 
Implicit and 
explicit choices 

1990s Huber, 
1991 

An organization learns if any of its units acquire knowledge 
that it recognizes as potentially useful to the organization. . . . 
More learning has occurred when more and more varied 
interpretations have been developed, because such development 
changes the range of the organization’s potential behavior. 
Interpretation of new information is affected by [individuals’] 
cognitive maps, framing of information as it’s communicated, 
the richness of media used to convey information, 
informational load, and unlearning necessary before new 
interpretations can be generated. 

Individuals: 
Cognitive maps 
dispersed 
throughout 
organizational 
units 
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Decade Author Definitions Locus of learning 

 Crossan, 
Lane, & 
White, 
1999 

Organizational learning can be conceived as a principal means 
of achieving the strategic renewal of an enterprise. . . . 
Renewal requires that organizations explore and learn new 
ways while concurrently exploiting what they have already 
learned (March, 1991). Knowledge is generated by individual-
level intuiting and interpreting processes. 

Individuals: 
Intuiting and 
interpreting  

2000s Schwandt 
& 
Marquardt, 
2000 

Organizational learning is a system of actions, actors, symbols, 
and processes that enables an organization to transform 
information into valued knowledge which in turn increases its 
long-term adaptive capacity. Organizational learning is 
manifested through interrelated patterns of human actions, 
processes, and objects, and therefore constitutes a system—in 
fact, a system of human actions. 

Individuals: 
Actions and 
reflection 

Robey et 
al., 2000 

An organizational process, both intentional and unintentional, 
enabling the acquisition of, access to, and revision of 
organizational memory, thereby providing direction to 
organizational action. Learning occurs within a variety of 
team-based structural arrangements. 

Individuals: 
Team-based 
structural 
arrangements  

2010s Argote, 
2013 

Organizational learning is a change in the organization that 
occurs as the organization acquires experience. 

Individuals: 
Organizational 
members in 
network 
relationships  

 
 
 
There is general agreement across the highly cited definitions that organizational 

learning is the process by which an organization acquires information and develops 

potential valuable knowledge—and this process entails more than the aggregate learning 

of individuals in an organization (Argote, 2011; Argote & Ingram, 2000; Argyris & 

Schon, 1978; Crossan et al., 1999, 2011; Huber, 1990, 1991; Schwandt & Marquardt, 

2000) and the responsibility for converting experience to organizational knowledge to 

human action (Argote, 2011; Argote & Ingram, 2000; Argyris & Schon, 1978; Crossan et 

al., 1999, 2011; Huber, 1990, 1991; Schwandt & Marquardt, 2000).  

However, there is limited consensus beyond these two agreements. Some 

definitions address the outcome of organizational learning, such as behavior change 

(Argyris & Schön, 1978; Fiol & Lyles, 1985; Levitt & March, 1988), improved 
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production efficiency (Argote, 2013), and long-term survival (Schwandt & Marquardt, 

2000), whereas other definitions are less specific about the ultimate outcome (Huber, 

1991; Templeton et al., 2002). Despite these differences, Easterby-Smith (1997) 

established that the multidisciplinary organizational learning literature provides valuable 

distinct contributions that are germane to “understanding learning processes within 

organizational settings, without necessarily trying to change those processes” (p. 1086). 

Accordingly, these varied definitions in the organizational learning literature reflect 

“several parallel research agendas and complementary contributions from different 

perspectives rather than a unified body of knowledge and practice” (Easterby-Smith, 

1997, p. 1086).  

This study has adopted Schwandt and Marquardt’s (2000) definition of 

organizational learning because it is grounded in social action theory, which purports an 

explanation for how organizations, as collective entities, integrate their social aspects 

with constituting objects and process routines to produce new knowledge for 

organizational survival. This definition is grounded in the notion that organizational 

learning occurs when the organization’s members act; however, it is the collective system 

of actions, actors, symbols, and processes that is recognized for generating knowledge 

from experience (Schwandt & Marquardt, 2000)—which provides the latitude for AI 

systems to contribute to the collective learning dynamics and the outcome of 

organizational learning.  

Organizational Learning Outcomes 

Consistent with the broad portfolio of definitions, the literature includes a variety 

of approaches to qualify organizational learning. These approaches, including surveys, 
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changes in organizational routines and practices, changes in performance (errors, costs, 

etc.), and changes in organizational knowledge stock, have been advanced as measures 

for organizational knowledge—with each approach providing different value perspectives 

and challenges (Argote & Hora, 2017). Other approaches have attempted to capture 

changes in behavior (Argyris & Schon, 1978) or quantify the overall organizational 

learning curve (Argote, 2013). Other scholars have suggested that learning should be 

qualified by examining the dynamics inherent in organizational actions, such as 

organizational-level reflection on new information, dialogue and diversity in 

deliberations, and cultural assumptions related to inquiry (Schwandt & Marquardt, 2000).  

To address the incohesive perspectives in the literature, Weick and Westley 

(1999) recommended using widely accepted organizational culture concepts to examine 

the outcomes of organizational learning. According to Weick and Westley (1999), 

learning should be examined and characterized by the organizational processes enacted to 

acquire, sustain, and change, “through collective actions, meaning embedded in the 

organization’s culture” (Cook & Yanow, 1993, p. 384, as cited in Weick & Westley, 

1999). Culture, as manifested in organizational artifacts, language, and routines, 

represents a tested synthesis of organizational knowledge; as such, the organizational 

processes used to change these cultural concepts can be examined as a proxy for 

organizational learning (Weick & Westley, 1999). Along these lines, scholars have 

argued that an organization’s IT artifacts and practices provide an ideal unit of analysis to 

assess organizational learning because IT codifies organizational knowledge (Langer, 

2018). However, IT has been inconsistently conceptualized in the organizational learning 
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literature and model to depict the organizational learning process. The following section 

reviews the literature on organizational learning models.  

Organizational Learning Models 

The literature on organizational learning includes numerous models that depict the 

organizational learning process in different ways. This section reviews models that have 

been advanced by the scholars included in Table 2.1 to identify their conceptualization of 

IT and the usefulness of the model for exploring organizational learning related to 

emerging AI. In addition, this analysis contributes the understanding of key concepts that 

have been advanced to explain the attributes and nature of the organizational learning 

process.  

Seven models are reviewed in this section: (1) Huber’s (1991) four constructs; (2) 

Raghu and Michael’s (1994) dynamics of technology evolution; (3) Crossan, Lane, and 

White’s (1999) 4I process model; (4) Jenkin’s (2013) 5I process model; (5) Argote and 

Ingram’s (2000) theoretical framework; (6) March’s (1991) exploration and exploitation; 

and (7) Schwandt and Marquardt’s (2000) OLSM.  

Huber’s Four Constructs 

Huber (1991) advanced a cognitive model of organizational learning that includes 

four information processing constructs: knowledge acquisition, information distribution, 

information interpretation, and organizational memory. In Huber’s model, knowledge 

management refers to obtaining new knowledge, information distribution refers to 

sharing information for new understanding, information interpretation refers to the 

process of developing common interpretations, and organizational memory is a process 

whereby shared understandings are stored for future use. Within this model, the role of 
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technology was limited to the value of computers for storing transactional detail and 

other artifacts relevant to organizational memory; however, there is no explication about 

the interdynamics between the organizational learning process and technology (Huber, 

1991). 

 Brock and Khan (2017) examined if organizational learning capabilities impact 

the acceptance of big data concepts using Huber’s (1991) constructs on organizational 

learning. Brock and Khan’s (2017) study participants included students from IT programs 

in Liverpool, and data were collected via surveys and analyzed using a quantitative 

ordinary least squared approach to test a series of hypotheses regarding concepts derived 

from the technology acceptance model (Davis et al., 1989) and organizational learning as 

posited by Huber (1991). The authors found that organizational learning capabilities 

accounted for 44% of the variation in the usage pattern of big data (Brock & Khan, 

2017). This study’s design limits transferability to the workplace since the participants 

were primarily students. In addition, the study’s quantitative survey design limits insight 

into the qualitative experience associated with big data conceptualization.  

Raghu and Michael’s Dynamics of Technology Evolution 

Raghu and Michael (1994) advanced a socio-cognitive model to illustrate the 

dynamics involved in technology evolution in the workplace. Within this model, they 

identified three primary concepts associated with the organizational learning process and 

the technology evolution: beliefs, physical artifacts, and evaluation routines. Raghu and 

Michael (1994) posited that the belief dimension is critical for (1) recognizing technology 

as knowledge of what exists and what is possible and (2) connecting technology to the 

cognitive theory literature. The physical artifacts dimension accounts for the tangible 
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form and functional characteristics of technology (Sahal, 1981, Constant, 1987, as cited 

in Raghu & Michael, 1994). The evaluation routines account for the processes employed 

to legitimize the use of technology within a specific social context (Raghu & Michael, 

1994).  

Raghu and Michael (1994) suggested a reciprocal interactive relationship between 

the beliefs, artifacts, and evaluation routines dimensions of technology evolution in the 

workplace. They posited that the belief dimension includes rules of thumbs and 

heuristics, which are used to assess technological problems and to develop perceptions 

about cause-and-effect relationships that influence technological outcomes, and that it is 

essential to understand the interplay between these three dimensions to unravel “the path-

creation processes that unfold during the genesis of a technology” (Raghu & Michael, 

1994, p. 357). One shortcoming of this model is that it offers limited insight into how 

organizations notice and source new technology from the environment.  

Crossan, Lane, and White’s 41 Process Model 

Crossan et al. (1999) posited a social-cognitive (Hariharan & Vivekanand, 2018) 

organizational learning model that includes four processes (intuiting, interpreting, 

integrating, and institutionalizing—or 4I) and three levels (individual, group, and 

organizational). This model is grounded in behavior propositions advanced by Senge 

(1990) and Watkins (1993) for developing a learning organization and cognitive 

propositions advanced by Huber (1991) and is catalyzed by organizational strategic 

renewal tensions. The four processes in the framework are interrelated and occur at the 

individual, group, and overarching organizational levels (Crossan et al., 1999). 

Intuiting is [individuals’] preconscious recognition of pattern and/or possibilities. 
. . . Interpreting is the explaining of insight into one’s self or others. . . . 
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Integrating is the process of developing shared understanding . . . and taking 
coordinated action. . . . Institutionalizing is . . . ensuring that routinized actions 
occur. (Crossan et al., 1999, p. 525) 

Within the model, tensions that exist between assimilating new information and 

exploiting existing information result in dynamic (1) feedback correspondence from 

organizational levels to groups and ultimately individuals and (2) feedforward 

engagements with the reverse order (Crossan et al., 1999). Antonacopoulou (2006) 

explored the relationship between the individual and organizational levels within Crossan 

et al.’s (1999) model by examining learning practices and perceptions of 70 managers at 

three retail banks in the United Kingdom. Antonacopoulou (2006) found “that the 

relationship between individual and organizational learning is not reciprocal. . . . 

Individual learning is not seen to have a significant impact on organizational learning” 

(p. 470), which challenges the feedforward and feedback assertions in Crossan et al.’s 

(1999) model. Crossan et al.’s (1999) model provided little explanation about the role of 

technology in the processes that underpin organizational learning or how organizations 

learn about new technology. Nonetheless, both Crossan et al. (1999) and Antonacopoulou 

(2006) called for additional research that looks beyond the content of the learning and 

into the underpinning organizational learning processes for more meaningful theoretical 

development.  

Jenkin’s 5I Process Model 

Jenkin (2013) extended Crossan et al.’s (1999) 4I model to develop a 5I model 

but did not expand the model’s inherit philosophical perspective. Jenkin (2013) argued 

that the significant contribution of this model is its specific application to “understanding 

and making sense of data and information” (p. 96). Jenkin’s 5I model includes a fifth 
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process, information foraging, and fourth level, tools. Information foraging “captures 

how individuals engage with sources of data and information as part of the learning 

process” (Jenkin, 2013, p. 93). Jenkin used tools, as a fourth layer, to extend Crossan et 

al.’s 41 model to include the different personal, impersonal, internal, and external 

technological tools used for assessing and processing information.  

Jenkin (2013) contended that the expanded 5I model is more inclusive of the 

antecedents to Crossan et al. (1999) intuiting process— which is virtually unexplored—

and more representative of the role that tools play in the organizational learning process. 

Regarding AI, one key proposition in this model is the important role that technological 

tools have in supporting individual and organizational learning. However, Jenkin did not 

explore how tools can be used to mine digital information—with limited to no human 

intervention—to execute learning on behalf of the organization or how organizations 

learn about the best tools for their specific needs.  

Argote and Ingram’s Theoretical Framework 

Argote and Ingram (2000) and Argote and Miron-Spektor (2011) advanced a 

theoretical framework to explore organizational learning curves. Within this model, 

organizational learning is conceptualized as an ongoing process that converts the 

experience gained from task performance, in a specific context, into knowledge (Argote 

& Ingram, 2000; Argote & Miron-Spektor, 2011). The number of tasks is cumulated to 

quantify organizational experience and then compared to the production level to derive a 

measure for organizational learning. In this model, organizational learning includes three 

subprocesses: creating, retaining, and transferring knowledge. Knowledge creation 

emanates from the direct experience of members within a collective unit; knowledge 
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transfer occurs when knowledge develops from the experience of an external unit; and 

knowledge retention is the subprocess responsible for maintaining knowledge in the 

organizational environment (Argote & Miron-Spektor, 2011). Argote and Miron-Spektor 

argued that strong homogeneous networks can constrain creativity, whereas sparse 

diverse networks have the greatest creativity. Information technology is conceptualized 

as an artifact for information storage and a means to facilitate communication across the 

interlocking networks within the model (Argote, 2011; Argote & Ingram, 2000).  

Argote and Hora (2017) used Argote and Ingram’s (2000) model to link the 

management of IT and the organizational learning between units within a firm and across 

its supply chain. These scholars focused primarily on the knowledge repository or 

information storage conceptualization of IT presented in Argote and Ingram’s (2000) 

model (Argote & Hora, 2017). They proposed that technology transfer across 

organizational units is more effective when individuals move with technology, 

knowledge embedded in technological tools persists longer than knowledge embedded in 

individuals or organizational routines, knowledge management systems enable 

conductivity across organizational units, and knowledge embedded in existing 

technologies provides resources for the exploration of new technologies (Argote & Hora, 

2017).  

Argote and Hora (2017) posited that knowledge coded into technology systems is 

more likely to be competitively advantageous than knowledge embedded in 

organizational routines, and Argote and Hora (2017) and Argote and Miron-Spektor 

(2011) recognized and called for research exploring how developments in technology 

affect the organizational learning process. However, these scholars did not provide 
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insight into how their model can be used to examine how organizations’ shared 

knowledge structures are sustained, or modified, as they solve problems and make 

decisions about new technologies, such as AI. 

March’s Exploration and Exploitation 

March (1991) advanced a computational model based on an organization’s 

proposed need to balance two types of adaptive learning processes: exploration and 

exploitation. March posited exploration to include activities associated with the 

organization’s search for new possibilities and exploitation to include actions executed to 

refine or increasing the efficiency of existing organizational certainties. March suggested 

that “maintaining an appropriate balance between exploration and exploitation is a 

primary factor in system survival and prosperity” (p. 71), that there is a trade-off between 

exploration and exploitation, and that the organizational process for resource allocation 

between these two concepts provides a proxy for organizational learning. March’s model 

considered three components: (1) an external reality that is independent of belief about it; 

(2) beliefs held by individuals with the organization about the external reality; and (3) an 

organizational-level code composed of belief dimensions shared across organizational 

members. Regarding technology, March argued that the exploitation process focuses on 

refinement and extension of existing technologies, which results in positive, proximate, 

and predictable returns, whereas explorative processes regarding technology are 

inherently experimental and often lead to uncertain, distant, and negative returns.  

Kane and Alavi’s (2007) study provides an example of research that explored 

organizational learning and technology using March’s (1991) model. Kane and Alavi 

(2007) used a case study methodology to explore the impact of communication 
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technology (e-mail), knowledge repositories of best practices, and groupware on 

exploration and exploitation in organizational learning. These scholars found that each 

technological capability had a distinct effect on organizational learning, and the effect 

was dependent on both organizational and environmental conditions (Kane & Alavi, 

2007). At the fundamental level, Kane and Alavi’s (2007) findings were consistent with 

March’s assertion that knowledge heterogeneity fuels or triggers organizational 

exploration and exploitation processes (Kane & Alavi, 2007; March, 1991).  

Kane and Alavi’s (2007) findings also expanded March’s (1991) assertion of the 

impact of IT-enabled tools. These scholars found that knowledge repository tools largely 

reduce heterogeneity and promote exploitation; the use of emails and other IT-enabled 

tools to create an electronic community of practice preserves heterogeneity and promotes 

exploration. That said, the features, functions, capabilities, and connotations associated 

with the technologies examined in this study have advanced significantly today. The 

concept of knowledge repositories, for example, should be re-examined with 

consideration for big data in and out of the organization’s boundaries and/or the vast 

amount of structured and unstructured data—which require emerging AI for 

organizational analysis.  

Schwandt and Marquardt’s Organizational Learning Systems Model 

The OLSM is grounded in foundational theories of social action, namely 

Parsons’s general theory of social action (Schwandt & Marquardt, 2000). Parsons’s 

theory of action posited collective human actions as a unifying explanation for the full 

range of behavioral sciences theories (e.g., biological, sociological, psychological, and 

cultural) (Schwandt & Marquardt, 2000). Parsons defined these human actions as social 
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actions, which include four basic elements: (1) a subject-actor, which may take the form 

of an individual, group, or organization; (2) a situation, such as physical or social objects; 

(3) symbolic means for the actors to relate and attribute meaning to elements of a 

situation; and (4) rules/norms that govern collective actions (Schwandt & Marquardt, 

2000).  

The Parsonian perspective calls for collective human actions to be studied as 

“social facts external to any one individual . . . [and] more than just the summation of the 

individual behaviors within the collective” (Schwandt & Marquardt, 2000, p. 43). 

Parsons used four subsystems (behavior, personality, culture, and social) and four 

prerequisite functions (adaptation, goal attainment, integration, and pattern maintenance) 

to explain the interrelated human actions that enable a collective social system to adapt to 

ongoing environment changes (Schwandt & Marquardt, 2000).  

Schwandt and Marquardt (2000) extended Parsons’s four subsystems of action 

and four prerequisite functions to the constructs of organizational performance and 

organizational learning. The performance perspective foregrounds the relationship 

between organizational actions and organizational outcomes/products (Schwandt & 

Marquardt, 2000), whereas the organizational learning perspective foregrounds the 

collective actions that enable an organization to take new actions, to understand the 

difference between current and past actions, and to retain and distribute valuable 

knowledge across the entire organization (Schwandt & Marquardt, 2000). From a 

learning perspective that is grounded in Parsons’s scholarship, Schwandt and Marquardt 

(2000) conceptualized the organizational learning process in the OLSM to include four 

subsystems of actions: environmental interface, action-reflection, dissemination and 
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diffusion, and memory and meaning, which are connected by four interchange media: 

new information, goal reference knowledge, structuring, and sensemaking.  

In the OLSM, the environmental interface subsystem performs the prerequisite 

functions required for adaptation, or acquires new information from internal operations 

and the environment; the action/reflection subsystem performs the prerequisite functions 

required for goal attainment, or enables the organization to develop new goals and 

objectives; the dissemination/diffusion subsystem performs the prerequisite functions 

required for integration, or formal and informal resources and routines for coordination; 

and the memory/meaning subsystem performs the prerequisite functions required for 

pattern maintenance, such as the cultural elements that support the organization’s 

sensemaking (Schwandt & Marquardt, 2000). The four interchange media conceptualize 

ordered data, language and meaning, valued knowledge, and structures that serve as 

resources in the organizational learning process.  

The OLSM’s grounding in Parsons’s theory of action and its broad philosophical 

grounding make it the best model to explore the organizational learning relating to 

emerging AI-enabled technologies. Specifically, the Parsonian four basic elements 

inherent in the OLSM establish the theoretical rationale for (1) focusing on collective 

human actions; (2) defining AI as the situation, or physical object, to which human actors 

must relate; (3) examining the language and dialogue that organizational actors use to 

attribute meaning to AI; and (4) considering shared rules and norms in the collective 

learning about AI. The OLSM’s broad philosophical grounding purports the latitude to 

examine cognitive, behavioral, and social themes that may surface when examining an 

organization’s learning about AI-enabled technologies.  
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Schwandt and Marquardt (2000) also recognized the prospective implications of 

emerging technologies in their conceptualization of the OLSM. They surmised that the 

“technology of the future will respond to our voices and extend our senses, . . . simulate 

complex phenomena—solving problems and predicting outcomes. . . . As they are 

invisibly embedded in other things, these machines will reconfigure themselves” (pp. 7-

8). These technologies are now poised to disrupt organizational performance and learning 

(Dirican, 2015), yet the impact on organizational dynamics is still not well understood 

(von Krogh, 2018). Additional research is needed to explore the emerging AI 

phenomenon (von Krogh, 2018). 

Summary of the Literature on Organizational Learning  

Organizational learning is recognized as the process by which social entities 

convert experience to knowledge (Huber, 1991; Schwandt & Marquardt, 2000). Since the 

construct was introduced, the literature has evolved to include cognitive, cognitive-

behavioral, social-constructive, and social-cognitive perspectives on organizational 

learning (Easterby-Smith, 1997; Hariharan & Vivekanand, 2018). Highly cited 

definitions on organizational learning largely assign/limit the function of converting 

experience to knowledge in a collective system to individuals (Argote, 2011; Argote & 

Ingram, 2000; Argyris & Schon, 1978; Crossan et al., 1999, 2011; Huber, 1990, 1991; 

Schwandt & Marquardt, 2000). 

The literature on organizational learning models indicates that the organizational 

learning process entails both individual and collective learning through dynamic 

organizational actions that are inherently social; grounded in cultural values, norms, and 

routines; and able to produce knowledge from experience (Argote, 2013; Argote & 
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Ingram, 2000; Huber, 1991; Schwandt & Marquardt, 2000). Organizational models also 

vary in philosophical grounding, where some models approach learning from a cognitive 

perspective (Huber, 1991), behavioral perspective (Argote & Ingram, 2000), and 

combination of cognitive, behavioral, and social perspectives (Crossan et al., 1999; 

Schwandt & Marquardt, 2000). However, scholars have yet to conceptualize the impact 

of machine learning AI systems on these organizational learning dynamics (von Krogh, 

2018).  

Of the organizational learning models reviewed, the OLSM provided the best 

framework to explore AI-related organizational learning due to its grounding in well-

established social theories, systematic approach to collective learning, latitude to 

incorporate inanimate learning processes, and practical usefulness for research. The 

following section reviews the OLSM in detail.  

Organizational Learning Systems Model 

This section reviews and critiques Schwandt and Marquardt’s (2000) OLSM, 

including its four interrelated subsystems of actions, interchange media, and action and 

reflection subsystem as a model for exploring an organization’s learning related to AI. 

Four Subsystems of Action  

Within the OLSM, organizational learning is defined as “a system of actions, 

actors, symbols, and processes that enables an organization to transform information into 

valued knowledge which in turn increases its long-run adaptive capacity” (Schwandt & 

Marquardt, 2000, p. 43). To this end, learning is conceptualized as change produced by 

four interdependent subsystems: interface, action/reflection, dissemination and diffusion, 
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and meaning and memory—which are linked by interchange media: new information, 

goal reference knowledge, structuring, and sensemaking (Schwandt & Marquardt, 2000). 

Figure 2.1 illustrates the four subsystems of action within the OLSM.  

 

 

Figure 2.1. The Organizational Learning System Model. Reprinted from Schwandt and 
Marquardt (2000) with permission from CRC Press. 
 
 
 

Schwandt and Marquardt (2000) related the four interdependent subsystems of the 

OLSM with the learning subsystems of Parsons’s theory on social action to explicate how 

those same prerequisite functions support the dynamics of organizational learning. From 

an organizational learning perspective, Schwandt and Marquardt (2000) posited: 
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The environmental interface subsystem represents the adaptation function . . . 
[and] contain[s] those aspects of the action system that are aimed at allowing 
and/or disallowing information to enter the learning system. . . . The action/ 
reflection subsystem represents the goal attainment function . . . [and] refers to 
those organizational actions that are aimed at satisfying the learning needs or 
goals of the learning system. . . . The dissemination and diffusion subsystem 
represents the integration function . . . [and] refers to those organizational actions 
directed at coordinating the elements of the learning system. . . . The meaning and 
memory subsystem represents the pattern maintenance of function . . . [and] refers 
to the aspects of actions that aim at or consists of maintaining the general learning 
systems pattern of action, . . . the “codes” which give rise to learning. (pp. 62-63) 

It should also be noted that the functions of the four OLSM subsystems can 

be viewed from two mutually related subsystems of collective social actions—

organizational performance and organizational learning (Schwandt & Marquardt, 2000). 

These two subsystems of collective social actions work together and enable organizations 

to change and adapt to the environment (Schwandt & Marquardt, 2000). 

The prerequisite functions conceptualized in the OLSM are well established in the 

organizational learning scholarship. March (1991) established that organizations balance 

actions focused on searching for new information and opportunities with organizational 

actions targeted at refining existing processes in organizational learning. Weick (1979) 

and Walsh and Ungson (1991) established that organizational memory is a core concept 

in organizational learning; organizational memory provides “stored information from an 

organization’s history that can be brought to bear on present decisions” (Walsh & 

Ungson, 1991, p. 61). The dissemination and diffusion function has been established in 

research relating to managerial roles (Antonacopoulou, 2006), institutionalized and 

integrating processes (Crossan et al., 1999), and scholarship relating to organizational 

learning and IT (Robey et al., 2000). The action/reflection subsystem of action is the least 

explored concept within the OLSM (Schwandt & Marquardt, 2000) and is explicated in 
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detail later in this section. The following section reviews the interchange media generated 

by the four subsystems of action within the OLSM.  

Interchange Media 

Within the OLSM, each subsystem generates an interchange medium that 

symbolically represents its functional product and serves as an input resource to the other 

three subsystems: (a) new information is generated as an output resource from the 

environmental interface subsystem; (b) goal reference knowledge is generated as an 

output resource from the action/reflection subsystem; (c) structuring is generated as an 

output resource from the dissemination and diffusion subsystem; and (d) sensemaking is 

generated as an output resource from the memory and meaning subsystem (Schwandt & 

Marquardt, 2000).  

The output/input functions of the interchange media indicate the interdependent 

relationships among the four OLSM subsystems of actions and purport collective actions 

in terms of their contributions to organizational learning (Schwandt & Marquardt, 2000). 

The interchange media also move the OLSM to a more concrete level in the construction 

of organizational learning (Schwandt & Marquardt, 2000). Organizational variables that 

symbolize the input-output relationships advanced by the interchange media can be 

examined through empirical methods (Schwandt & Marquardt, 2000). Table 2.3 depicts 

the relationships among the OLSM subsystems, the interchange media, and associated 

organizational variables.  
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Table 2.3 
OLSM Subsystems, Interchange Media, and Associated Organizational Variables 

OLSM  
subsystem 

Generated  
interchange 

media Concrete variables that can be observed empirically 
Environmental  
interface 

New information • Ordered/categorized information that is yet to be valued 
• Examples include internal and external data, customer 

feedback, employee survey 
Action/ 
reflection 

Goal reference 
knowledge 

• Organizational choices, or valued information, that 
increases the organization’s capacity to adapt to the 
environment 

• Examples include results of experiments and evaluations, 
decisions, and shared knowledge structures 

Dissemination 
and diffusion 

Structuring • Organizational mechanism used to facilitate learning 
• Examples include roles, policies, objects, processes, and 

organizational structure 
Memory and  
meaning 

Sensemaking • Organizational language and symbols used in collective 
actions—for pattern maintenance or to make sense of 
actions in reflections 

• Examples include the words used to express 
organizational values and shared assumptions 

Note. Adapted from Schwandt and Marquardt (2000) with permission from CRC Press.  
 
 
 

Patterns of Learning Media Interchange 

Schwandt and Marquardt (2000) posited that organizational choices create 

patterns of interchange media that support either organizational learning or organizational 

performance. Accordingly, they conceptualized the interchange media as organizational 

choices along a performance-learning continuum (Schwandt & Marquardt, 2000). 

Schwandt and Marquardt (2000) advanced that one end of each interchange medium 

spectrum is anchored by choices that enhance organizational learning and the other end is 

characterized by choices that favor performance; they used the concept of congruency as 

a proxy for the cause-effect relationship between organizational choices and performance 

vs. learning actions.  
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The OLSM’s interchange media have been leveraged to guide multiple case 

studies on organizational learning. For example, Barnes (2018) used the OLSM 

interchange media to guide her study of organizational learning and plan change in a U.S. 

federal government agency. She found that organizational learning in the federal agency 

occurred as a result of the central management of organizational actions implicit to the 

four subsystems of action in the OLSM (Barnes, 2018). Waldecker (2011) used the 

OLSM in a case study that explored cross-cultural experiences and organizational 

learning in religious organizations. This study found that conflicting cultural priorities 

and culture-structure interactions impede organizational learning (Waldecker, 2011). The 

action/reflection subsystem of action, which is the least studied concept within the OLSM 

(Schwandt & Marquardt, 2000), is expounded in the following section.  

Action/Reflection Subsystem 

Of the four OLSM subsystems, the action/reflection subsystem of action purports 

the prerequisite function that best aligned to the organizational learning process that is the 

focus of this study. Schwandt and Marquardt (2000) identified the action/reflection 

subsystem as the nucleus of the OLSM; this subsystem includes the organizational 

actions that enable the assignment of meaning to new information and the simultaneous 

creation of goal reference knowledge. Goal reference knowledge is created by the 

organization reflecting on new information through dynamic interactions (Schwandt & 

Marquardt, 2000). Several key concepts within the subsystem include action, reflection, 

and goal reference knowledge.  
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Action 

The organizational learning actions associated with this subsystem include 

“experimentation, research, evaluations, critical thinking, decision-making and problem-

solving processes, and clarifying discussions” (Schwandt & Marquardt, 2000, p. 63). 

Dialogue and routines are also critical organizational actions. Here, dialogue refers to 

social interactions involving two or more interlocutors, “the intended outcome of which 

is to produce a common goal among speakers through a series of moves” (Berlin, 2007, 

p. 1). Dialogue embodies linguistic and nonlinguistic features that are part of the 

practices and routines of a social system (Berlin, 2007). It entails “semiotic acts of 

signifying or trying to create meaning through language . . . and an understanding of its 

underlying system” (Berlin, 2007, p. 3). Oswick et al. (2000) posited that “if 

organizational learning is about ‘knowledge creation’ (Fiol & Lyles, 1985) and creating a 

‘capacity for action’ (Argyris & Schön, 1978) then genuine dialogue represents the 

primary means by which this can be achieved” (p. 900). Schwandt and Marquardt (2000) 

posited that dialogue is the means by which the organization constructs a shared 

understanding to be more creative—and that a lack of dialogue may result in issues such 

as sensational anxiety, information withholding, and power.  

Organizational routines, on the other hand, simplify complexity and generally 

relate to shared meaning or organizational knowledge within a social system (Schwandt 

& Marquardt, 2000). Routines are meant to reduce the need for ongoing organizational 

reflection; however, overadherence to established routines may inadvertently blind 

organizations to new opportunities or retard the development of new goal reference 

knowledge (Schwandt & Marquardt, 2000). 
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Reflection 

“Reflection by the organization means that some, or all, individuals in the 

organization review, judge, and decide on issues in the name of the organization” 

(Schwandt & Marquardt, 2000, p. 118). The reflection process could be conducted from 

three different perspectives. First, the organization may reflect on the processes used in 

its actions, or ‘how’ the collective social system works (Schwandt & Marquardt, 2000). 

Second, the organization may reflect on “the content or results of its actions; this requires 

answering questions of cause-effect relations or ‘what’ [is done]” (Schwandt & 

Marquardt, 2000, p. 118). Third, organizational reflections may consider ‘why’ current 

actions occur or ‘why’ past actions were taken (Schwandt & Marquardt, 2000). 

Reflection has also been found to be critical to transformational learning in adults 

(Mezirow, 1997) and tied to the remaking of cultural practices at work (Smith & Billett, 

2006). Collectively, the organization’s reflective process leads to the development of goal 

reference knowledge.  

Goal Reference Knowledge 

Goal reference knowledge is the shared understanding/information that social 

actors use to alter the cultural values and assumptions within a social system, so that the 

system can adapt to ongoing environmental changes (Schwandt & Marquardt, 2000). It is 

derived from reflection on collective actions (e.g., such as the results of experiments or 

pilot programs) and reconciled against the existing knowledge structures, structuring 

mechanisms, and continuous flow of new information in the process of collective 

learning (Schwandt & Marquardt, 2000). The ongoing production of goal reference 

knowledge fuels overall organizational learning; hence, Schwandt and Marquardt (2000) 
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dubbed the activities within the action/reflection subsystem of the OLSM—and 

associated production of goal reference knowledge—as the nucleus of their 

organizational learning model. To understand goal reference knowledge, organizational 

knowledge must be elaborated and defined. 

Organizational knowledge. Organizational knowledge is complex and 

ambiguous: it is “enacted, retrospective, tacit, explicit, structured, socially constructed, 

useful, goal referenced, and culturally based” (Schwandt & Marquardt, 2000, p. 126) and 

exists as shared, socially constructed cognitive structures that govern “the relationship 

among content, its interpretation, and the procedures for operationalizing the content 

within the interpretive context” (Schwandt & Marquardt, 2000, p. 132).  

Organizational knowledge exists in both tacit and explicit cognitive structures 

(Schwandt & Marquardt, 2000). Tacit knowledge exists only in the cognitive structure of 

the organizational members, whereas explicit knowledge is codified in the organization’s 

formal systems (artifacts), language, and routines (Schwandt & Marquardt, 2000). Both 

tacit and explicit knowledge provide insights about an organization’s basic assumptions, 

values, and standards for truth (Argote, 2013; Schwandt & Marquardt, 2000) and 

influence organizational members’ perceptions and overt actions (Schein, 1996).  

Changes to an organization’s tacit and explicit knowledge structures are 

contingent on new information, structuring mechanisms, and cultural dynamics 

(Schwandt & Marquardt, 2000). New information introduces ambiguity; organizational 

structures facilitate deliberative activities; and cultural dynamics regulate the 

transformation of tacit knowledge to explicit knowledge (Schwandt & Marquardt, 2000). 

Hence, the organizational knowledge structures are dependent on all three resources. At 
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times, an organization may fail to evaluate and value new knowledge due to structures 

and closely held perceptions that privilege past successes and circumvent objective 

inquiry about new information (Schwandt & Marquardt, 2000). 

Four different types of information coalesce to form organizational knowledge: 

dictionary knowledge, directory knowledge, recipe knowledge, and axiomatic knowledge 

(Sackmann, 1992, as cited in Schwandt & Marquardt, 2000). Dictionary knowledge 

refers to commonly held descriptions that are used in an organization and provides 

insight into the ‘what’ level of analysis (Sackmann, 1992). Directory knowledge refers to 

commonly held descriptive practices and provides insight into the ‘how’ level of analysis 

(Sackmann, 1992). Recipe knowledge refers to prescriptions for repairing and improving 

organizational practices and refers to the ‘should’ level of analysis (Sackmann, 1992). 

Axiomatic knowledge refers to reasons and explanations held by organizational members 

for the causes perceived to underlie various events and provides insight into the ‘why’ 

level of analysis (Sackmann, 1992). These types of knowledge exist throughout all levels 

of the organization and in the perceptions that organizational members hold about the 

environment (Schwandt & Marquardt, 2000). Organizational knowledge is best depicted 

by cause maps (Schwandt & Marquardt, 2000). 

Cause maps. Cause maps are 

directed graphs, which consists of nodes (terms) and arrows that link them. The 
nodes stand for concepts, phenomena, which [actors] . . . subjectively seem to 
perceive in their domains. The arrows represent their beliefs about efficacy 
(causal) relationships among the phenomena. The configuration of such 
interlinked concepts and beliefs can thus model patterns of causal thinking of a 
person or group. (Laukkanen, 1994, as cited in Schwandt & Marquardt, 2000, 
p. 134) 
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Collectively, culturally based cause map knowledge structures guide the evaluation and 

valuation of new information, and changes to the organization’s knowledge structure 

require dynamic social interaction (Schwandt & Marquardt, 2000).  

Operationalizing goal reference knowledge in research. Goal reference 

knowledge is produced by objective organizational inquiry into equivocal information 

(Schwandt & Marquardt, 2000). Objective organizational inquiry enables organizations 

to re-examine existing knowledge structures in concert with new information, and the 

spectrum of organizational actions that are associated with organizational inquiry spans 

from routine to experimental (Schwandt & Marquardt, 2000). Each organization reflects 

different interchange patterns based on organization-specific choices (Schwandt & 

Marquardt, 2000). Figure 2.2. depicts the spectrum of interchange patterns between goal 

reference knowledge and the three other interchange media.  

 

 
Figure 2.2. Interchange media patterns. Reprinted from Schwandt and Marquardt (2000) 
with permission from CRC Press. 
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The spectrum and pattern configuration across the interchange media provide 

researchers the means to better understand the nature of learning at an organization 

(Schwandt & Marquardt, 2000). Schwandt and Marquardt (2000) contended that 

organizational “actions associated with each pattern must maintain congruency between 

the interchange media to achieve a high level of learning or performance” (p. 79). When 

oriented to learning, Schwandt and Marquardt (2000) posited that new information is 

equivocal, structuring facilitates openness, sensemaking is inquiry-based, and goal 

reference knowledge is experimental.  

The interchange media from the other three subsystems in the OLSM provide 

important resources for the production of goal reference knowledge (Schwandt & 

Marquardt, 2000). The organizational power-domination factors that impact the quality of 

dialogue are directly related to the structuring interchange media from the dissemination 

and diffusion subsystems. The memory and meaning subsystem’s sensemaking 

interchange medium provides the implicit cultural assumptions and beliefs used to 

evaluate and valuate new information, and the environmental interface subsystem 

provides the equivocality that triggers action and reflection (Schwandt & Marquardt, 

2000). The goal reference knowledge produced by the action/reflection subsystem is 

information that has been valued with organizational specificity, supports organizational 

adaptation through learning, and results from both organizational actions and reflections 

(Schwandt & Marquardt, 2000). 

Cenatiempo (2009) conducted a case study using the action/reflection subsystem 

in the OLSM to explore frontline employees’ contributions to knowledge creation and 

organizational learning in a U.S. federal agency. In this study, knowledge creation was 
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conceptualized as a social process, Parsons’s social action theory served as a lens, and 

data were collected via focus groups, interviews, observations, and document review 

(Cenatiempo, 2009). Cenatiempo (2009) concluded that the OLSM provided a useful 

framework for understanding the complex social interactions within the federal agency, 

and the study found the frontline employees surfaced issues that were managed through 

dynamic reflection and action in a recursive manner—and ultimately resulted in 

knowledge production within the organization. Despite Cenatiempo’s contribution, the 

action/reflection subsystem remains the least explored subsystem with the OLSM. 

Additional research is needed to explore how propositions advanced in the 

action/reflection dynamic process can help to inform organizational learning regarding 

emerging AI-enabled technologies.  

Summary of the Organizational Learning Systems Model 

This section described concepts and processes inherent to Schwandt and 

Marquardt’s (2000) dynamic framework for organizational learning. Overall, the OLSM 

is grounded in Parsons’s established theory of social action, and the model provides 

discernible subsystems of action, interchange media, and variables that can be examined 

empirically. The model’s four subsystems of actions are well established in 

organizational learning studies (Antonacopoulou, 2006; March, 1991; Walsh & Ungson, 

1991; Weick et al., 2005). The OLSM has been used as a framework and lens in several 

case studies on organizational learning regarding planned change, organizational culture, 

and knowledge creation (Barnes, 2018; Cenatiempo, 2009; Waldecker, 2011); however, 

the action/reflection subsystem remains the least explored subsystem within the model 

(Schwandt & Marquardt, 2000).  
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The action/reflection subsystem serves as the nucleus of the OLSM. The 

prerequisite function of this subsystem is accomplished through communicative 

processes, such as dialogue and routines (Schwandt & Marquardt, 2000). Action/ 

reflection is a recursive cycle, which enables the collective system to derive goal 

reference knowledge, or assign value to new information about physical and social 

elements during the organizational learning process (Schwandt & Marquardt, 2000). 

Schwandt and Marquardt (2000) also proposed the interchange patterns to be expected 

when an organization is oriented towards learning versus performance. The 

action/learning recursive cycle was dependent on the new information, sensemaking, and 

structuring resources provided by the three other subsystems within the OLSM, and the 

goal reference knowledge produced by the action/reflection process guides collective 

action in the other OLSM subsystems. When oriented to learning, the new information, 

sensemaking, structuring, and goal reference knowledge interchange media are linked to 

equivocal, inquiry-based, open, and experimental learning, respectively (Schwandt & 

Marquardt, 2000).  

The literature on OLSM supports the use of this model as a framework for 

exploring organizational learning related to the use of AI for organizational knowledge 

discovery. The four separate subsystems of action and the associated prerequisite 

functions provide the specificity for alignment and focus on the research question for this 

study— specifically, the collective actions that were performed to learn about and 

develop organizationally relevant knowledge about emerging AI. In addition, the OLSM 

interchange media provide the framework to operationalize the model in concrete 
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organizational variables and learning patterns that can be examined empirically 

(Schwandt & Marquardt, 2000).  

Nonetheless, Schwandt and Marquardt (2000) described the OLSM subsystems as 

‘black boxes.’ In terms of the action/reflection subsystem of action, Schwandt and 

Marquardt’s conceptualization described the organizational activities that produce goal 

reference knowledge (actions and reflections), explained the dimensions of knowledge 

relevant to the OLSM (tacit/explicit, culturally specific, and cognitive mapping), 

proposed learning patterns and examples for examining the development of goal 

reference knowledge through strategic decision-making and action learning—and 

provided latitude for researchers to use other appropriate social theories to explain the 

action learning dynamics. Yet the specifics regarding ‘how’ organizational actions were 

converted to goal reference knowledge in the reflection process are unclear. This study 

leveraged ET (Weick, 1979) to explain the social dynamics within the action/reflection 

subsystem of the OLSM. ET is grounded in social action theory and purports an 

explanation for the microprocesses that connect collective actions to reflections in 

equivocal situations (Weick, 1990; Weick et al., 2005). The literature on ET is reviewed 

in the following section.  

Literature on Enactment Theory  

The literature on ET is reviewed and critiqued in this section to establish it as the 

lens for examining the microprocesses that instantiate the action/reflection subsystem of 

Schwandt and Marquardt’s (2000) OLSM. The literature on ET is addressed in three 

sections. First, the ET perspective on organizational actions is established. Next, the three 
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microprocesses of ET are explicated. The final section reviews research that links ET to 

organizational learning and IT—which was the focus of the study.  

Enactment Theory Perspective on Organizational Actions  

ET purports a cognitive-based notion that organizations and perceptions of the 

organizational environment are constituted by the continual actions of the organization’s 

members (Weick, 1979). ET posits that “when people act, they bring events and 

structures into existence and set them in motion” (Weick, 1988, p. 307). These structures 

then serve as constraints and opportunities for future actions. Accordingly, ET advances 

both an explanation for the ongoing process of ‘reality’ construction by organizational 

members, enactment, and a concept to describe the product of the enactment process, the 

enacted environment (Weick, 1979, 1988).  

Weick (1979) conceptualized the ongoing process by which organizational 

members construct reality as enactment. He established enactment as a social process that 

encompasses two overarching steps. In the first step, organizational members use their 

preconceptions to bracket portions of the field of information in their purview for further 

examination. In the second step, members “act within the context of the bracketed 

information elements, under the guidance of their preconceptions, and often shape these 

elements in the direction of preconceptions” (Weick, 1988, p. 307) to form conceptions 

of the enacted environment. Thus, in ET, organizational members’ actions serve to 

confirm their preconceptions (Weick, 1988). Hence, ET emphasizes the actions that 

provide the pretext for organizational activities.  

The enacted environment or instantiations of the organization and the 

organizational environment are created as a product of the enactment process. That is, the 
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organization and the organizational environment manifest as organizational members 

continuously “construct their actions (contributions), understanding that the system 

consists of connected actions by themselves and others (representation), and interrelate 

their actions with the system (subordination)” (Weick & Roberts, 1993, p. 357). From an 

ET perspective,  

The product of enactment is not an accident, or afterthought, or a byproduct. 
Instead, it is an orderly, material, social construction that is subject to multiple 
interpretations. Enacted environments contain real objects such as reactors, pipes, 
and valves. The existence of these objects is not questioned, but their significance, 
meaning, and content is. These objects are inconsequential until they are acted on 
and then incorporated retrospectively into events, situations, and explanations. 
(Weick, 1988, p. 307)  

Weick’s (1979) enactment process and enacted environment align with Schwandt 

and Marquardt’s (2000) conceptualization of the action/reflection subsystem of action in 

the OLSM. The enactment process explains how action and reflection processes produce 

organizational realities that can be examined from the perspective of learning. Specific to 

technologies, Weick (1990) suggested that organizational research must recognize that 

new technologies are enacted based on employees’ perceptions of organizational rules, 

norms, and values, and these preconceptions shape how they select, interpret, and enact 

new technologies into their ongoing routines (Weick, 1990). 

Consistent with the action/reflection subsystem, Weick (1979, 1988) posited that 

the enacted environment exists as information that is “summarized internally by people in 

the form of a plausible map by which observed actions produced observed consequences 

[and] since the summary map contains if-then assertions, it is called a cause map (Weick 

and Bougon, 1986) and is the source of expectations for future actions” (Weick, 1988, 

p. 307). To this end, Weick (1988) contended that enacted environments have both public 
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and private elements. “Publicly, it is a construction that is usually visible to observers 

other than the actor. Privately, it is a map of if-then assertions in which actions are related 

to outcomes” (Weick, 1988, p. 307).  

In terms of organizational learning, the fundamental notion that ET posits is that 

the cognitive actions of organizational members determine what is known within the 

social system, and in turn, that shared knowledge shapes future actions. In his book The 

Social Psychology of Organizing, Weick (1979) summarized the assertions encased in 

ET, with the renowned phrase, ‘How can I know what I think until I see what I say?’ He 

used the phrase to assert that the enactment process involves dialogue and to highlight 

that actions precede and focus cognition (Weick, 1988). Most notably, Weick asserted 

that the enactment process is used to reconcile and transform equivocalities that surface 

into valued practical knowledge that can be incorporated in ongoing organizational 

processes. The three microprocesses that occur within the overarching enactment process 

are detailed in the following section.  

Enactment Theory Microprocesses 

ET advances an enactment process that is characterized by three microprocesses: 

enactment, selection, and retention (Weick, 1979). The enactment microprocess refers to 

the actions that organizational actors take to isolate or bracket changes, differences, 

discontinuities, or variations for closer examination (Weick, 1979). Weick contended that 

enactment is the only microprocess in which organizational actors engage the external 

environment. The selection microprocess refers to the organizational actions used to 

answer the fundamental question “What is going on here?” (Weick, 1979, p. 175). During 

the selection process, organizational members compare attributes of the equivocal 
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situation with insights from previous learning in interlocked cycles until the 

equivocalities are reduced and meaning(s) are imposed (Weick, 1979). The retention 

microprocess refers to the organizational actions used to store successful outcomes from 

the selection, which Weick (1979) defined as the enacted environment. He defined an 

enacted environment as “a punctuated and connected summary of the previously 

equivocal display. It is a sensible version of what the equivocality was about, although 

other versions could have been constructed” (Weick, 1979, p. 131). He argued that the 

only way that the collective process can work is if organizational members can remember 

these actions in future reflections (Weick, 1979). These processes are triggered by 

ecological changes, or differences, discontinuities, or variations in the organizational 

ecosystem (Weick, 1979). Figure 2.3 depicts the relation between ecological changes and 

the three microprocesses of ET. 

 

 

Figure 2.3. Enactment theory microprocesses. Reprinted from Weick (1979) with 
permission from McGraw-Hill. 
 
 
 

When faced with equivocalities, ET posits that organizational members use their 

preconceptions and consensually validated rules and conventions to notice, interpret, 

assign meaning, and resolve the situations (Weick, 1979; Weick et al., 2005). During 

enactment, portions of the equivocal situations are segregated for further examination; 
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next a recursive series of trial-and-error processes are used to label, interpret, and assign 

value to the segregated information in selection, and then valued information is stored in 

retention (Weick, 1979; Weick et al., 2005).  

Collectively, the dynamics of the enactment, selection, and retention processes 

explain how valued knowledge, or goal reference knowledge, is produced by the 

action/reflection subsystem of Schwandt and Marquardt’s (2000) OLSM. The 

overarching proposition is that organizational members (1) reflect on past actions to 

segregate equivocal new information about AI and then (2) leverage sensemaking and 

structuring resources, in addition to the inherent properties of the equivocal information, 

to produce goal reference knowledge for organizational learning.  

From an ET perspective, organizational members act their way into meaning 

(Weick, 1979). Knowledge is generated retrospectively by reflecting on past activities, 

and the boundaries between the organizational experience and the environment are not 

clearly demarcated (Weick, 1979). The following section examines research that links ET 

to organizational learning and IT. 

Research Linking Enactment Theory to Organizational Learning and Information 

Technology  

The research on ET that is relevant to organizational learning and IT is 

summarized below. 

Connection to Organizational Learning Concepts 

ET has been used as a framework in multiple studies that examine the connections 

between organizational action and the environment. For example, this notion is consistent 

with Dearborn and Simon’s (1958) seminal scholarship in organizational learning, which 
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purports that people in organizations perceive what they are ready to perceive, and the 

more complex a situation, the more perception is limited by what’s already in the 

person’s head.  

Yudarwati and Tjiptono (2017) conducted a case study, using ET as a lens, to 

examine the process by which three big mining companies in Indonesia enacted public 

relations and corporate social responsibility. These scholars found that (1) the 

organizations’ practices were directly related to the top managers’ and practitioners’ 

perceptions of public relations and corporate social responsibility and (2) organizational 

practices regarding public relations and corporate social responsibility differed due to the 

varied perceptions held by the top managers versus the practitioners (Yudarwati & 

Tjiptono, 2017).  

De Oliveira and Handfield (2017) used ET as a lens to examine how perceptions 

of transparency and communication influence supplier default risks among middle- and 

upper-level supply managers in a Brazilian supply chain resource cooperative. They 

found that perceptions of transparency and open communications impacted the actions 

that the managers took to negotiate contracts and monitor supplier default risks in 

relationship management activities after award (De Oliveira & Handfield, 2017). 

Nonetheless, only a few scholars have explored current-day IT challenges from an ET 

perspective.  

Enactment Perspective on Information Technology 

Adoption of new IT creates an ideal opportunity to study the enactment process 

because the process usually requires changes in both the organization’s form and function 

(Orlikowski, 2000). Weick (1990) argued that new technologies produce equivocality by 
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injecting stochastic and abstract events into the organizing process. Abstractness 

concerns the increased demand for organizational members to use inference to access 

what happens within the systems, whereas the stochastic characterization concerns the 

increased unpredictability that the systems add to the cause-and-effect relationship in the 

organizing process (Weick, 1990). The abstract and stochastic attributes increase possible 

or plausible interpretations/meanings; hence, organizational members’ perceptions affect 

how new technologies are enacted and used (Weick, 1990).  

For example, Yeo and Gold (2015) used ET as a lens in a case study to explore 

how public employees in East Malaysia interpreted and enacted an e-government system 

in a cross-boundary work context from the implementation phase to the technology roll-

out. Specifically, the scholars categorized work boundaries in terms of standardization (of 

the complete use of the system), conventionalization (complete manual work), and 

hybridization (partial use of the system) and explored how the study participants 

organized meaning around work practices relating to the use of the e-government system 

(Yeo & Gold, 2015).  

Yeo and Gold (2015) found that nationwide pressure pushed the public-sector 

employees to reconsider the use of the technology; however, the lack of organizational 

readiness led to employee resistance, tensions, and suboptimal, disparate system 

implementation (Yeo & Gold, 2015). The employees’ perception of the e-government 

system’s complexity shaped how the system was enacted (Yeo & Gold, 2015). 

Employees who were familiar with established work practices took steps to avoid using 

the system, whereas employees who were less familiar with workplace practices were 

more receptive to the new system (Yeo & Gold, 2015). Employees working across 
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contextual boundaries were more flexible in their enactment and efforts to incorporate the 

new system into their work practices (Yeo & Gold, 2015).  

Similarly, de Freitas and Medeiros (2015) used ET as a theoretical framework to 

examine how the implementation of an electronic processing system impacted the 

Brazilian Superior Court of Justice. These scholars found that the employees’ perceptions 

regarding the system’s innovativeness, efficiency, and cost savings impacted the actions 

they took to change preestablished, institutionalized norms and practices (de Freitas & 

Medeiros, 2015). Nonetheless, the ET literature does not yet include research examining 

emerging AI specifically. 

Summary of the Literature on Enactment Theory 

The literature on ET contributes an explanation for the microprocesses 

underpinning an organization’s action and reflection processes regarding AI. ET purports 

that social and cognitive processes determine how organizations assign meaning to new 

information and equivocal situations (Weick, 1979, 2005). The microprocesses in ET 

begin when an organization’s members acknowledge equivocalities and bracket portions 

of the information in their purview for further examination (Weick, 1979). Once the 

information is bracketed, the members work to reduce the equivocality, in a trial-and-

error recursive process that involves recalling prior explanations and searching for 

patterns in the new information until a plausible explanation is found (Weick, 1979). 

Existing literature theoretically links ET to concepts within organizational learning 

(Schwandt & Marquardt, 2000) and IT (Weick, 1990). However, the ET literature has not 

yet included research examining the AI phenomenon. The following section summarizes 

the inferences for the current study derived from the review of the literature. 
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Inferences for the Current Study 

This chapter reviewed the literature associated with the attributes and implications 

of AI, established current AI-related issues as an organizational learning problem, 

identified the gaps in research regarding organizational learning and AI, and advanced a 

juxtaposed framework of the OLSM and ET microprocesses to research AI-related 

organizational learning. This research is important and timely because 21st century socio-

technological organizations must contend with and learn to navigate the rapidly evolving 

AI environment to survive in the long term (Brynjolfsson & McAfee, 2017). Despite this 

inevitability, AI remains underexplored in organizational research (von Krogh, 2018).  

First, the literature on AI revealed that these systems are being used at a rapidly 

increasing rate to automate processes and augment human decision-making across all 

industries (Brynjolfsson & McAfee, 2017). Specifically, the use of AI in the biomedical 

research industry has significantly increased due to the community’s growing need to 

analyze large, complex datasets (National Institutes of Health, n.d.). Nonetheless, the 

output results of AI—which are developed using machine and deep learning 

methodologies—are less transparent and explainable than when these tasks are performed 

by humans (Brynjolfsson & McAfee, 2017), and these systems introduce unprecedented 

issues around human/machine collaboration, biases, legal liabilities, ethics, and value in 

comparison to espoused organizational beliefs and established routines (Ertel, 2017; 

Gurkaynak et al., 2016; West, 2018).  

Second, the literature on organizational learning established that collective 

learning is a necessary requirement for the long-term survival of a social entity. The 

organizational learning process entails both individual and collective learning through 
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dynamic organizational actions that are inherently social and grounded in cultural values, 

norms, and routines, and the learning process results in shared organizational knowledge 

(Argote, 2013; Argote & Ingram, 2000; Huber, 1991; Schwandt & Marquardt, 2000).  

To date, organizational learning research related to IT can be categorized into two 

streams: research that leverages organizational learning as a framework to improve 

technology implementation and research that explores how technology is used to enhance 

organizational learning (Robey et al., 2000). That said, this review established that 

organizational learning scholars have yet to study key issues related to AI, and the OLSM 

provides the best framework to explore AI-related organizational learning due to the 

model’s broad theoretical foundation and interchange media, which make the model 

practical as a data collection tool.  

Third, the OLSM literature contributes concepts inherent to Schwandt and 

Marquardt’s (2000) dynamic framework for organizational learning. Within the OLSM, 

the action/reflection subsystem of action is conceptualized as the nucleus of the learning 

process. Action/reflection entails a recursive dialogic process, which is dependent on the 

new information, sensemaking, and structuring resources provided by the three other 

subsystems within the OLSM. Goal reference knowledge is produced when the pattern of 

activities within the action/reflection subsystem of action is geared toward equivocal 

information, is characterized by inquiry-based sensemaking, and has structuring 

mechanisms that are open to change (Schwandt & Marquardt, 2000).  

Fourth, the literature on ET contributes an explanation for the ongoing collective 

actions in a social system that pattern equivocal information into rationalized knowledge to 

be used by the collective (Weick, 1979). ET provides a model for the microprocesses that 
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occur when a social system enacts its environment and/or evaluates and values new 

information. From the ET perspective, the organization and the organizational environment 

are constructed by the continuous actions of the organizational members, and the locus for 

these activities is the social process of interrelating. ET posits that “people invent 

organizations and the environment, and these inventions are superimposed on their stream 

of experience” (Weick, 1977, p. 287) to make the organizing process meaningful.  

Collectively, the literature reviewed suggests that (1) empirical research is needed 

to guide practical implementation and use of AI, (2) the existing scholarship on 

organizational learning and the OLSM provide an apt theoretical foundation for research 

on these systems, and (3) ET can enhance organizational learning research by providing a 

lens to dive deeper into the action/reflection subsystem of action within the OLSM 

(Schwandt & Marquardt, 2000; Weick, 1979). Additional research is needed to explore 

and characterize AI as an organizational phenomenon (von Krogh, 2018).  

Based on the literature reviewed in this chapter, research that explores AI-related 

organizational learning, using the OLSM and ET, must (1) privilege the social actions 

taken by the members of the social system to construct the organization, the 

organizational environment, and organizational knowledge; (2) recognize that members 

of the social system act their way into meaning; (3) be conducted from the perspective 

that the AI-related “environment is located in the mind of the actor” (Weick, 1977, 

p. 274); and (4) be mindful that this preconception is “imposed by him [/her] on 

experience in order to make the experience more meaningful” (Weick, 1977, p. 274).  

As such, an organization’s use of action and reflection processes while learning 

about AI was expected to include social actions in which the organizational members 
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(1) bracket, define, and construct ecological changes relating to AI; (2) evaluate and 

value new information associated with the AI-related ecological changes retrospectively; 

and (3) store the outcomes of AI-related retrospective deliberations in organizational 

level structures (Schwandt & Marquardt, 2000; Weick, 1979). Learning was expected to 

occur in inquiry-based dialogue, routines were expected to consume existing explicit and 

tacit organizational knowledge about AI, and organizational change was expected to 

occur as a function of performance times learning (Schwandt & Marquardt, 2000).  

When AI-related learning is prioritized, the pattern of activities in the 

organization’s AI-related dialogue is expected to be characterized by relaxed structuring 

mechanisms, openness to equivocal information, and critical review of established norms, 

routines, and values (Schwandt & Marquardt, 2000). The outcomes of these AI-related 

dialogues can be examined from the perspective of goal reference knowledge as 

conceptualized in the OLSM. Goal reference knowledge is conceptualized to provide the 

resource needed for the scanning of new information in the future and for updating the 

organization’s memory and structuring mechanisms regarding performance and learning 

regarding AI.  

As the AI-related enactment process unfolds, organizational members are likely to 

use their preconceptions to enact different elements of AI and to construct and 

subordinate their actions based on their understanding of the value of AI to the overall 

social system (Weick, 1979; Weick & Roberts, 1993). The enactment process was 

expected to be characterized by trial-and-error deliberations until acceptable rationales 

were established and stored for future action. The research methods used to examine 

these processes in this study are detailed in the following chapter.   
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CHAPTER 3: 

METHODS 

This chapter describes the methods that were used to explore the organization’s 

action and reflection processes while learning about artificial intelligence technologies 

(AI). The research design outlines the logical approach used to answer the following 

research question: How does an organization focused on funding biomedical research use 

action and reflection processes while learning about AI? This chapter details the research 

design, site and participant selection, processes for data collection and data analysis, 

efforts to increase the study’s trustworthiness, and human participant and ethics 

protections used in this study.  

Research Design 

Epistemology 

This study was conducted from a postpositivist philosophical perspective. The 

postpositivist perspective takes a scientific approach to research but employs a social 

science theoretical lens (Creswell & Poth, 2018). Within this paradigm, reality is 

understood to exist outside of human consciousness; however, our ability to comprehend 

reality comprehensively is limited by our flawed intellectual capabilities and the 

intractability of most social phenomena (Denzin & Lincoln, 1994). Postpositivism 

maintains objectivity as an ideal (Denzin & Lincoln, 1994) and contends that 

“observation takes place within the context of theory and is always shaped by theory” 

(Crotty, 1998, p. 33). “Special emphasis is placed on external guardians of objectivity 

such as critical traditions (do the findings fit within pre-existing knowledge?). . . . 
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Replicated findings are probably true (but always subject to falsification)” (Denzin & 

Lincoln, 1994, p. 110). 

Case Study Methodology 

The study followed Yin’s (2018) single-case, exploratory case study research 

(CSR) methodology. This research was conducted from an exploratory approach because 

scholarship exploring organizational dynamics in relation to AI is at a nascent stage (von 

Krogh, 2018). The CSR approach allowed the researcher to describe the dynamic social 

interactions, capture the fluidity inherent in the organizational learning process, and 

deduct key propositions about why the learning process unfolded as described (Yin, 

2018).  

Yin (2018), a postpositivist scholar, defined CSR as “an empirical method that 

investigates a contemporary phenomenon in-depth and within its real-life context, 

especially when the boundaries between phenomenon and context are not clearly 

evident” (pp. 14-15). He contended that the primary objective of CSR is “to examine 

some relevant ‘how’ and ‘why’ questions about the relationship of events over time, not 

merely [to] observe the time trends alone” (Yin, 2018, p. 185). Accordingly, Yin posited 

that CSR should be reserved for (1) research focused on ‘how’ and ‘why’ questions that 

inherently require a process to be traced over time, (2) when the researcher cannot 

manipulate or control the phenomenon of interest, and (3) when the phenomenon of 

interest is contemporary or occurred in the recent past. These attributes distinguish CSR 

from experimental research that deliberately separates and attempts to control contextual 

conditions, historical research that focuses on phenomena in the distant past, and surveys 

that have limited ability to address context (Yin, 2018).  
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This study met the three rationales that Yin (2018) advanced for CSR. First, this 

study explored a ‘how’ research question, namely: How does an organization focused on 

funding biomedical research use action and reflection processes while learning about AI? 

Second, the study was conducted in a real-world context, where the researcher had no 

control over the phenomenon of interest, and the boundary between the phenomenon of 

interest (i.e., the organizational learning process) and the organizational context was not 

clearly demarcated. Third, this study focused on contemporary actions because the surge 

in the organization’s AI-related actions occurred within the 3 years immediately before 

this study was conducted and the organizational actors/informants who were involved in 

these actions were still within the organization and available to provide a fluid rendition 

of the phenomenon of interest.  

Subjectivity Statement 

The researcher was the primary instrument in this study. This study explored the 

complexity and subjectivity of the organization’s experience, and context and 

contextualization was central to understanding the phenomenon of interest: 

organizational learning. Because the researcher was the primary instrument, Ravitch 

(2016) asserted that qualitative researchers should disclose their positionality, or “role 

and social/identity in relationship to the context and setting of the research” (p. 6). 

Positionality, according to Ravitch (2016), impacts every stage of the research process, 

including the researcher’s view of the research setting, topic, context, and relationship 

between him/herself and key informants in the study. Given Ravitch’s (2016) assertion, 

the positionality of the researcher was outlined from the onset for transparency and for 
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insight into the generative source of tension that fueled the researcher’s focus and 

reflexive analysis throughout the research process (Creswell & Poth, 2018). 

The researcher had been a member of the team of administrative professionals 

who support biomedical research at the site since 2008, but he did not have a direct role 

in the AI-related learning activities that were explored in this study. Nonetheless, the 

researcher had insider access to the study site and general knowledge of the ecosystem in 

which the site was situated. The researcher also had training in human and organizational 

learning through The George Washington University Graduate School of Education and 

Human Development’s Human and Organizational Learning program.  

The researcher’s combined professional experience and academic learning 

fostered significant curiosity about the organization’s learning relating to AI. However, 

the researcher’s proximity to the study site heightened the need for precise details about 

this case study’s design and the data collection processes, data analysis processes, and 

measures used to manage bias/subjectivity and to promote trustworthiness in this study. 

These topics are covered in detail within this chapter. The following section details the 

rationale for the site and participant selection processes.  

Site and Participant Selection 

The researcher obtained permission from the organization to conduct this study. 

The site was selected based on access, rapport, and the probability to “intentionally 

sample a group of people that can best inform the researcher about the research problem 

under examination” (Creswell & Poth, 2018, p. 148).  
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Site Selection 

The site was purposefully selected based on the criteria provided in Table 3.1.  

Table 3.1 
Site Selection Criteria 
Selection criteria*  Requirements 
Access 
(Creswell & Poth, 2018;  
Yin, 2018) 

The researcher has direct access to the site as a member of the 
broader organizational community. 

Rapport 
(Creswell & Poth, 2018;  
Yin, 2018) 

As a member of the broader organizational community, the 
researcher has developed a rapport with the organization. 

The probability to explore  
the phenomenon of 
interest (Creswell & Poth, 
2018; Yin, 2018) 

• The organization is encased in the larger ecosystem, which has 
several ongoing initiatives to promote AI-enabled research. 

• In the last 10 years, the organization’s funding of research grant 
applications that use AI to perform quantitative analysis of image 
data for diagnosis and prognosis has increased significantly (e.g., 
Liu et al., 2018). 

 
 

Site Overview 

 The site and organization for this study was an institute of the U.S. federal 

government. As such, the three levels of governmental operations are delineated at the 

onset for the bureaucratic references presented throughout the findings: department level, 

agency level, and institute level. The highest level of activities that is discussed in these 

findings is the department level. For illustrative reference, this level presents activities 

attributable to a U.S. federal department such as the U.S. Department of Defense. The 

second level of activities discussed in these findings is the agency level. Continuing the 

same illustrative reference, agency-level presents activities attributable to a U.S. federal 

agency such as the U.S. Army. The third level of activities discussed is the institute level. 

Continuing the same illustrative reference, institute level presents activities attributable to 

one command location within an agency such as Fort Belvoir. The Artificial Intelligence 
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Workgroup (AIWG) is an ad hoc team that was formed within the institute in 2018 to 

focus on AI. Figure 3.1 depicts the relationship among the department level, agency 

level, institute levels, and AIWG. 

 

 

Figure 3.1. Department, agency, and institute levels in this study. 
 
 

Institute-Level Formal Structure 

The institute’s formal structure comprises an office of the director, an office of 

administrative management, and four scientific divisions. Figure 3.2 depicts the site’s 

formal structure with the AIWG superimposed for illustrative purpose only. The AIWG 

is not part of the institute’s formal structure.  

 

 

Figure 3.2. Site’s formal structure. 
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The institute is staffed by a senior team, administrative management personnel, 

and scientific program officers who work in the four scientific divisions. The senior staff 

is composed of the institute director and a deputy director, the four scientific division-

level directors, and the four scientific division-level deputy directors, who oversee all 

operations. Each scientific division is further staffed by program officers who report to 

one of the four scientific division-level directors and administer the institute’s research 

grants to extramural (external) investigators. The AIWG comprised six program officers 

who also had formal program officer roles within the institute’s four divisions and one 

member of the institute’s senior staff.  

The institute’s stakeholders include (1) extramural investigators at universities 

and medical facilities throughout the United States who are funded by, or may apply to, 

the institute for a research grant; (2) agency-level directors and colleagues who 

coordinate agency-wide activities and interface with the department officials; and 

(3) department-level secretary, directors, and colleagues who coordinate department-

wide activities and interface with White House officials and Congress. 

The case for this study included the AIWG and related institute-level senior staff. 

The AIWG and senior team were members of the institute with first-hand experience 

leading research activities that involve general AI, machine learning, or deep learning 

approaches. As such, the AIWG and senior team represented a bounded system (Creswell 

& Poth, 2018; Yin, 2018) that took actions on behalf of the institute to facilitate learning 

about AI.  



82 

Participant Selection 

 The researcher purposefully sampled (Creswell & Poth, 2018; Yin, 2018) 

individuals who were directly involved in the institute’s activities relating to AI. The 

participants were limited to the members of the institute’s senior leadership team and 

AIWG. The researcher emailed the senior leadership team and AIWG members to solicit 

their willingness to participate in this study (see Appendix A). Also, the researcher used 

snowball sampling (Creswell & Poth, 2018) during the interview process to explore other 

potential study participants (Yin, 2018).  

Data Collection 

 Data collection for this study followed the three general principles outlined in 

Yin’s (2018) CSR approach: (1) this study used multiple sources of data, (2) the 

researcher maintained a case study database, and (3) the researcher exercised caution 

when examining all social media data sources. According to Yin (2018), CSR may 

include six sources of evidence: “documentation, archival records, interviews, direct 

observations, participant observations, and physical artifacts” (p. 113). This study 

leveraged three data sources: semi-structured interviews, documents, and observations.  

The researcher conducted a pilot interview with a peer to test the interview 

questions and then executed the data collection process in three phases. During the first 

phase, the researcher interviewed three members of the AIWG and four members of the 

senior leadership team and collected recommendations for documents to be reviewed and 

potential forums to observe. During the second phase, the researcher curated 

recommended documents and conducted the study’s observation. During the third phase, 

the researcher interviewed two additional members of the senior leadership team and four 
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additional members of the AIWG and collected and curated additional recommended 

documents.  

Semi-Structured Interviews  

Consistent with Yin’s (2018) CSR approach, interviews served as the primary 

data source for this study. Yin (2018) contended that interviews can provide rich data 

about how and why a phenomenon occurred. He suggested that the researcher should 

follow the line of inquiry consistent with the theoretical protocol and congruent with 

conversational exchanges between the researcher and the informants (Yin, 2018).  

The sampling strategy in this study included snowball and theory-based 

approaches (Creswell & Poth, 2018). The researcher’s objective was analytic 

generalizations, and considerations for sample size were largely negated (Creswell & 

Poth, 2018; Yin, 2018). The potential participants were contacted based on 

recommendations from a member of the site’s senior leadership team. Each participant 

was asked via email to participate in a 60- to 90-minute in-person interview using the 

recruitment message in Appendix A, which included an overview of the research study. 

Following their acceptance, the researcher sent an Outlook meeting invitation with the 

interview protocol (Appendix B) and informed consent information (Appendix C). 

WebEx was used to accommodate remote interviews. 

The researcher confirmed each participant’s consent at the onset of each 

interview. During the interviews, the researcher used a participant number (e.g., 

Participant 1, Participant 2) for each study participant to protect confidentiality. The 

interviews were audio-recorded. The researcher followed a theoretically guided line of 

inquiry as reflected by the case study protocol (Appendix B) and presented questions in 
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an unbiased conversational manner to create rich dialogue for data analysis—and at 

times, probed for deeper understanding (Yin, 2018). The researcher conducted 13 

interviews.  

The interview data were collected at an individual level; however, the unit of 

analysis (the case) was the collective, or how the institute worked (Yin, 2018). At the end 

of each interview, the researcher asked the study participant for (1) recommendations on 

institute-specific documents and forum(s) that may provide additional contextual 

information and (2) additional candidates who may have first-hand experience with the 

institute’s learning about AI-enabled technologies. No additional candidates were 

identified or contacted. Also, the researcher wrote field memos and completed reflective 

journal entries to support data analysis and trustworthiness (Yin, 2018). 

After each interview, the audio recording was transcribed and then returned to the 

interviewee via email for verification of accuracy. Any mention of real names was 

deleted from the transcript. The coding key for the participant numbers was maintained in 

a locked cabinet in the researcher’s home that only the researcher had access to. The 

digital audiotape files were encrypted, password protected, and saved on a password-

protected computer, and any handwritten notes were kept in a locked cabinet that only 

that researcher had access to. The document review process is detailed in the following 

section. 

Review of Documents 

The researcher reviewed documents related to the institute’s learning around AI. 

Consistent with Yin’s (2018) categorization, the documents examined in this study 

included emails, meeting agendas, meeting presentation material, meeting minutes, 
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reports, videocasts, and web publications relevant to AI learning of the institute or the 

institute’s AIWG.  

For this study, the researcher solicited documents and document references from 

the study participants directly during the interview process. Once the documents were 

obtained, the researcher determined the relevance of the documents to the study (Bowen, 

2009). The researcher triaged documents based on their apparent centrality to the 

overarching research question and then analyzed the selected documents for 

corroborating and augmenting evidence—with the understanding that the material was 

produced for a purpose other than this case study and to achieve another objective (Yin, 

2018). 

In CSR, Yin (2018) posited that “the most important use of documentation is to 

corroborate and augment evidence from other sources” (p. 115). The researcher analyzed 

the documents to corroborate specific details obtained in the interview or 

nonparticipatory observation (Yin, 2018). The researcher analyzed the documents 

together with the data for the interviews and field notes for convergence and to explore 

themes across all datasets (Bowen, 2009).  

The researcher also reviewed the documents for augmenting evidence regarding 

the organizational context. Argote (2013), for example, stressed the importance of rich 

contextual data in terms of organizational learning studies. Contextual information is a 

critical component of CSR (Yin, 2018); one of the main challenges with CSR is that the 

case context is not described with enough detail to provide a contextual understanding 

(Dasgupta, 2015; Hyett et al., 2014). 
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Consistent with Yin’s (2018) CSR approach, the researcher used provisional 

codes aligned with Schwandt and Marquardt’s (2000) OLSM interchange media (e.g., 

new information, structuring, sensemaking, and goal reference knowledge), interchange 

media patterns (e.g., equivocal, open, inquiry, and experimental), and Weick’s (1979) 

enactment theory (ET) microprocesses (e.g., enactment, selection, and retention) to 

organize the documents in categories related to the central research question (Bowen, 

2009).  

The researcher’s categorization process followed Bowen’s (2009) content and 

thematic analysis approach. In addition to organizational learning–specific concepts, the 

researcher reviewed the documents for qualitative contextual factors that were germane 

to information technology studies in the biomedical industry (Bretschneider, 1990). 

These contextual factors included concepts associated with public accountability, the 

institute’s structure, and other mandates related to procurement, recruitment, and 

interagency/intraagency infrastructural interoperability (Bretschneider, 1990; Cats-Baril 

& Thompson, 1995; Obeidat & North, 2014; Rosacker & Rosacker, 2010; Sarantis et al., 

2010). Standard operating procedures were largely excluded from the document review 

process and considered only if the overall data analysis process pointed to these 

documents for additional evidence to corroborate the observation and interview data. 

Nonparticipatory Observation  

 Yin (2018) contended that case study researchers can benefit from direct 

observation because the study is likely to occur in a real-world setting. He argued that 

direct observation affords the researcher opportunities to observe some relevant social 

and environmental conditions, which can serve as another source of evidence in the case 
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study, such as the organization’s culture and/or the interviewees’ status within the 

organization (Yin, 2018). Where possible, Yin (2018) recommended using more than a 

single observer or observations to increase reliability. In this study, the researcher 

solicited recommendations from the participants for forums that should be observed. 

However, as the primary analyst of this study, the researcher ultimately selected the 

forum to observe based on the research question and theoretical framework for the study 

(Bowen, 2009).  

The researcher conducted a nonparticipatory observation of an AIWG meeting, 

guided by Appendix D. The AIWG meeting was conducted using WebEx, lasted 1 hour, 

and included the seven AIWG members interviewed in the study. The primary items 

observed were the process(es) used to value new information about AI-enabled 

technologies. Observations focused on the topic selected for discussion, participants 

involved, language/nature and quality of dialogue, reflections and rationales advanced in 

discussions, and follow-up actions (Schwandt & Marquardt, 2000). The researcher 

observed these activities because ET, the lens for this study, purports that organizational 

members enact their environment by selecting information within their streams of 

experience for evaluation and valuation in a recursive process that pulls in historical 

shared understandings (Weick, 1979). The researcher took handwritten notes during and 

immediately after the observation. All handwritten notes were kept in a locked cabinet in 

the researcher’s home that only the researcher had access to. 

Data Storage and Management  

 The researcher took multiple data storage and management steps to protect the 

confidentiality of the study participants and the organization in this study. The transcripts, 
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handwritten notes, and study documents were stored in a separate locked cabinet in the 

researcher’s home that only the researcher had access to. The digital audiotape files were 

encrypted, password protected, and saved on a password-protected computer that only the 

researcher had access to. All data collected in this study are presented in aggregate form, 

and participant numbers are used and will be used in any reports, publications, or 

presentations created as a result of this study. All these files and notes will be 

permanently removed from the researcher’s computer and destroyed 6 months following 

the completion of this study. 

Data Analysis 

This study included raw data from interviews with the site’s senior leadership 

team and AI workgroup, documents recommended by the study’s participants, the 

researcher’s field memos from the meeting observation, and reflective journal entries. 

The researcher read each interview transcript, field memo, and reflective journal within 

48 hours and created a case study database by compiling data for all study data sources 

(Yin, 2018). In this step, the researcher retained the identity of the data source (such as 

interview transcript, field memo, and reflective journal) and performed a second check to 

confirm that the case study database did not include participants’ personally identifiable 

information. For analysis, data were loaded into Atlas.ti on the researcher’s password-

protected personal computer.  

Raw data was revised as it was obtained, and data analysis followed an iterative 

and emergent process (Creswell & Poth, 2018). The researcher broke the raw data down 

systematically during the coding process, and through successive cycles of coding the 

researcher formed clusters and themes for the salient data elements (Saldaña, 2009). 
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Coding 

The coding process included a multilevel coding strategy (Saldaña, 2009). During 

the first phase of analysis, the researcher developed a descriptive code to capture 

theoretical concepts and contextual attributes regarding the organizational learning and 

enactment process (Saldaña, 2009). The lexical constituents of the study participants’ 

reflexive dialogue were coded, including semiotics, nature of interactions (including the 

influence of context), and discourse regarding roles and the utility of that knowledge in 

their actions (Berlin, 2007).  

In the descriptive coding step, the researcher used predetermined provisional 

codes that aligned with Schwandt and Marquardt’s (2000) OLSM interchange media 

(e.g., new information, structuring, sensemaking, and goal reference knowledge), 

interchange media patterns (e.g., equivocal, open, inquiry, and experimental), and 

Weick’s (1979) ET microprocesses (e.g., enactment, selection, and retention) for the first 

phase of coding (Yin, 2018). During the second coding cycle, the researcher refined, 

sorted, and categorized the first phase of descriptive coding (Saldaña, 2009; Yin, 2018).  

Identification of Clusters and Themes  

The identification of clusters and themes phase was guided by Schwandt and 

Marquardt’s (2000) performance versus learning spectrum of media interchange and 

Weick’s (1979) ET microprocesses (e.g., enactment, selection, and retention). First, the 

researcher used Saldana’s (2009) axial coding technique to aggregate the second-cycle 

codes into clusters and then themes, which were used to reassemble the data logically to 

answer the study’s research question: How does an organization focused on funding 

biomedical research use action and reflection processes while learning about AI? The 



90 

researcher worked closely with his peer reviewer and committee chair during the data 

analysis process to check the coding and themes developed from the data. In addition, the 

researcher obtained guidance from the chair on selecting illustrative quotes and 

observations to support the presentation of thick, rich descriptions to contextualize the 

study’s findings.  

Trustworthiness 

Trustworthiness addresses procedures taken by the researcher to ensure the 

credibility, dependability, confirmability, and transferability of findings from this study 

(Merriam, 2016). Credibility, according to Merriam (2016), refers to internal validity or 

the truthfulness of the presentation of the findings and the study’s context. Dependability 

refers to study reliability, or the repeatability of the findings with the same participants or 

like group of participants (Merriam, 2016). Confirmability refers to the objectivity of the 

study or neutrality from bias (Merriam, 2016). Transferability refers to external validity, 

or the applicability of the findings to other contexts (Merriam, 2016).  

In this study, the researcher used multiple methods to ensure trustworthiness 

before data collection, during data collection, during data analysis, and during the 

development of findings and conclusions. Prior to data collection, the researcher prepared 

a subjectivity statement and asked a peer to conduct a pilot interview with him to surface 

any preconceived notions about the research question. During data collection, the 

researcher used (1) multiple data sources to enable triangulation; (2) member checks to 

afford study participants an opportunity to review and verify the accuracy of their 

interview transcript; and (3) chair and peer review of the interview transcripts to evaluate 

and provide feedback on potential interviewing bias, leading questions, and effective 
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probing (Merriam, 2016). During data analysis, the researcher used chair and peer review 

to check the coding and themes developed from the data. When presenting findings and 

conclusions, the researcher used thick, rich descriptions (e.g., quotes and diagrams) to 

contextualize the findings and enable others to determine whether the findings can be 

transferred (Merriam, 2016). Throughout all phases of this study, the researcher 

(1) conducted reflexive journaling to surface potential biases and (2) maintained an audit 

log to provide a detailed account of the methods, procedures, and decision points in 

carrying out this study (Merriam, 2016). 

Human Participants and Ethics Precautions 

In accordance with the Guidelines for the Protection of Human Subjects of 

Research, a consent form was provided to the participants with information about the 

study. The form (Appendix C) described the purpose, procedures, risks, benefits, and 

privacy protection associated with participation in the research, and verbal confirmation 

of each participant’s willingness to partake in this study was obtained. Participation in 

this study was completely voluntary; if the individual at any time decided not to 

participate or later changed his/her mind, s/he was at liberty to do so without 

consequence. No payments were offered, and there was no cost to the participant for 

taking part in this study. 

Adequate provisions were instituted to protect the participants’ privacy and to 

maintain confidentiality of the research data. For example, the researcher used a 

participant number (e.g., Participant 1, Participant 2) for each study participant to protect 

confidentiality; mentions of real names were deleted from the study data; and all 

handwritten notes and study documents were stored in a separate locked cabinet in the 
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researcher’s home that only the researcher had access to. The digital audiotape files were 

encrypted, password protected, and saved on a password-protected computer that only the 

researcher had access to, and study findings and presentations refer to participants only 

by number. 
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CHAPTER 4: 

FINDINGS 

This chapter presents the findings of a qualitative case study of one biomedical 

research funding organization’s learning regarding artificial intelligence technologies 

(AI), addressing the study’s primary research question: How does an organization 

focused on funding biomedical research use action and reflection processes while 

learning about AI? The findings were derived from 13 semi-structured interviews, one 

meeting observation, and a review of documents conducted over a 2-month period, 

followed by 4 months of coding data analysis and document review.  

The first section provides an overview of the site operations and a description of 

the study’s participants. The site’s overview includes structural details to situate the 

organization and the study’s participants within the larger contextual environment. The 

organization’s operations are presented using a linear analytic structure (Yin, 2018) to 

group the activities into organizational learning processes, where learning × performance 

= change (Schwandt & Marquardt, 2000). The participants’ descriptions are limited to 

roles to protect confidentiality.  

Next, the organizational learning systems model (OLSM) is used as a frame to 

organize the findings into three major themes: (1) the institute used self-governance 

approaches to identify AI research gaps, (2) the institute used extramural experts to 

clarify AI funding opportunities in research gap areas, and (3) the institute used existing 

formal structures to enact funding opportunities for AI. Collectively, the three themes 

present the institute’s experience learning about AI from 2017 to 2020. 
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Each theme is presented in three subcategories: actions, reflections, and results. 

The actions subcategory presents acts of individuals, groups, and the institute from the 

perspective of learning. The reflection subcategory presents three types of reflective 

perspectives advanced in the OLSM: (a) reflections on the processes used in the 

institute’s actions, or ‘how’ the institute did things; (b) reflections on the content/results 

of the institute’s actions, or the cause-effect relations of ‘what’ the institute did; and 

(c) reflections on the underlying premise(s) that guided the institute’s actions (Schwandt 

& Marquardt, 2000). The results subcategory presents the outcome of the institute’s 

actions. Each subcategory is presented using clusters of similar ideas, and a summary is 

presented after the last cluster in each subcategory. The fifth and final section presents a 

summary of the findings.  

Site Operations and Description of the Participants 

Site Operations 

 The institute’s mission is executed in a three-step process, which includes 

(1) gathering information from extramural investigators to identify research needs, 

(2) deliberating internally to prioritize research areas for investments as funding 

opportunity announcements (FOAs), and then (3) awarding research project grants to 

extramural biomedical investigators to complete studies in prioritized areas of research. 

This three-step process forms the backbone of the institute’s operations and the work of 

the Artificial Intelligence Workgroup (AIWG).  
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Description of the Participants 

 The case for this study included the AIWG and related institute-level senior staff. 

Specifically, seven AIWG members and six members of the senior staff participated. To 

ensure confidentiality, all participants in this study are identified by participant number in 

this report. The quotes presented in these findings are verbatim, and ellipses are used 

when text is skipped from some quotes. The researcher’s words are inserted in some 

places to ensure clarity. Individual speaking mannerisms (i.e., beginning sentences with 

words like “well,” “so,” “if you ask me”) were deleted to preserve confidentiality. The 

major themes that emerged from examining the institute’s learning about AI are 

presented in the following sections.  

Theme 1: The Institute Used Self-Governance Approaches 

to Identify AI Research Gaps 

Theme 1 describes how the institute identified gaps in its research portfolio. 

These dynamics are further categorized into actions, reflections, and results. The actions 

subcategory is presented in eight clusters, which move from individual to collective 

activities. The reflections subcategory is presented in four clusters of findings related to 

reflections on the processes used by the institute, reflections on the cause-effect relations 

of the institute’s actions, and reflections on the underlying premise(s) that guided the 

institute’s actions. The results are presented in three clusters of findings. Table 4.1 

depicts a summary of the clusters presented in Theme 1.  
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Table 4.1 
Theme 1: Clusters in Actions, Reflections, and Results Subcategories 
Category Cluster 
Actions Cluster 1: Grounded its scientific mission in extramural research  
 Cluster 2: Sought to address data analysis shortfall and preconceived AI as a 

potential solution 
 Cluster 3: Used self-study actions to identify scientific needs and trends in the 

literature, such as AI  
 Cluster 4: Collectively acknowledged the internal AI knowledge deficit  
 Cluster 5: Chartered a self-governed AI workgroup (AIWG) 
 Cluster 6: Offered AIWG-hosted AI seminars in broad scientific areas 
 Cluster 7: Brainstormed among colleagues in the AIWG 
 Cluster 8: Shared information with AIWG chair’s facilitation 
Reflections Cluster 9: Perceived the AIWG’s role differently 
 Cluster 10: Envisioned opportunities to improve communication and 

participation in the AIWG 
 Cluster 11: Conceptualized a lowest common denominator approach as the basis 

for consensus 
 Cluster 12: Viewed AI strategic planning inconsistently 
Results Cluster 13: Collectively defined AI 
 Cluster 14: Uncovered general parameters for using AI in biomedical research 
 Cluster 15: Prioritized AI areas of focus 
 
 

Actions 

This actions subcategory presents eight clusters of findings about the specific 

actions that the institute took to gain awareness of trends that impacted its operations, 

warranted further clarity, and could benefit from targeted investment of funds. The first 

cluster presents findings that show that the institute grounded its operations in extramural 

research. Cluster 2 presents findings that show that the institute sought to address a data 

analysis shortfall within its areas of science and preconceived AI as a potential solution. 

Cluster 3 presents findings on the self-study actions taken by the institute’s program 

officers to identify the needs of extramural investigators and emerging research trends 

such as AI. Cluster 4 presents findings that show that the institute acknowledged its 

limited expertise relating to AI. Clusters 5 to 8 present findings on actions taken by the 
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institute to convene a workgroup and the AI-related actions performed by this 

workgroup.  

Cluster 1: Grounded Its Scientific Mission in Extramural Research 

Throughout the interviews, it became apparent that the institute grounded its 

operations in research performed in the extramural research community. Participant 1 

explained: 

Usually, the way these things work is that we try to figure out what is it that [the 
institute] can do to serve, or to foster growth, in an area of science. Here [our 
focus was] the use of artificial intelligence to manage large amounts of data. . . . 
First of all, [we wanted] to define what that means, . . . which is a very difficult 
question. Probably write something down as it relates to [our] research and then 
have goals . . . for [how AI can] help us answer our research questions . . . . and 
then . . . find out best how the extramural scientific community can contribute to 
getting us to the goal. 

Similarly, Participant 8 explained this idea of focusing on the needs of the 

extramural research community in describing the program officers’ responsibilities 

related to the development of funding opportunities.  

I’m a program officer in the [Scientific Division], whose mission is to focus on 
. . . different physiologies, different organs of the body. My particular portfolio 
within the division . . . is to focus on applications/awards that involve 
cardiovascular, stem cell biology, rejuvenation, endocrinology, reproductive 
tissues, pulmonology, and the digestive system research, . . . a whole lot of 
different facets. One of our responsibilities is the development of funding 
opportunities, to address significant gap in the . . . [research] community to make 
sure that the institute don’t miss any facets of [significant and timely] research. Or 
if a research area is emerging, and it has a lot of potential, but it’s still again, sort 
of in a discovery phase or not many labs out there really doing it. How we can 
promote that science to move it forward?  

Participant 9 focused on the extramural research community in describing the role 

of the institute’s program officer as an administrator of research grants. Participant 9 

explained that the program officer’s role spanned the research lifecycle from the 
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development of funding opportunities, or programs, to the research findings. Participant 9 

explained: 

I follow the grants through. We develop the program, solicit grants, and listen to 
the reviews. We are not involved in the grant review, but then use that 
information to make funding recommendations, fund the grants, and then monitor 
them throughout their lifecycle. We learn the results and deal with any problems 
or issues during the funding period. And then take the findings . . . to inform the 
institute what we learn from our grants . . . and try to find new directions for the 
future. It is a full cycle. There are a lot of moving parts.  

Cluster 2: Sought to Address Data Analysis Shortfall and Preconceived AI as a 

Potential Solution 

Participant 10 provided an illustrative example of genomic sequencing data that 

factored into the institute’s foray with AI. Participant 10’s example further expounded 

how the institution was able to feed off of discovery within the extramural research 

community to achieve its mission.  

[Using AI for] sequencing . . . I think is in response to what the field has been 
doing. . . . We used to sequence by finding overlapping parts, in sequential 
experiments, until [one extramural researcher] developed “shotgun sequencing.” 
. . . [In our work] either the technology for analysis from another gets applied to 
the biological problem, or the biological problem as a need and the solution 
comes in response to that need, as in the assembling the genome. We are typically 
the first to be second. Other [extramural] institutes drive the technology, or their 
grantees who are driving the technology, and then we’re picking it up—which is 
not unusual given the nature of the problems that we look at. It’s been driven 
really by what the grantees are doing. The [extramural] institutions where 
[researchers] have greater academic breadth and people encounter each other from 
different departments, for whatever reason, and describe the research they’re 
doing. Somebody says, “Oh, I could help you with that,” or, “You know, this is 
what we’re doing. It sounds like what you’re doing. Here’s our approach.” So we 
feed off of them. And so, we don’t drive it ourselves; we feed off of it.  

Participant 8 explained how the volume of data within the institute’s areas of 

research had increased over the last 30 years, prior to the institute’s investments in AI.  
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I see [AI] in all four divisions . . . performing fairly substantial functions in 
analyzing data because now, we have accumulated more data than we can 
analyze. And, at some point, it is going to be futile without having these platforms 
for analysis, to really get us where we need to be. . . . At the crux of all this . . . is 
the need to develop new AI platforms and validate them. . . . We have been 
spending a lot of money on a lot of big datasets for a lot of years, . . . especially to 
extramural investigators that are doing gene analysis, proteome analysis, and 
epigenetic analysis, . . . [and] a lot of these studies have been collecting this data 
over a long course of time. . . . In the 1990s, microarray analysis was a huge storm 
. . . and the first time we did large genome sequencing. But since then [all of our 
primary longitudinal studies] have collected an additional 20 to 30 years of 
[biomedical data]. 

Along the same lines, Participant 5 described the institute’s failure to produce 

definitive knowledge using data already amassed within its extramural research 

community as a rationale for exploring AI.  

We have collected a lot of data . . . on the [major disease within the institute’s 
area of research] . . . for years, and we still have not identified the cause or the 
therapy for the disease. . . . So it looked like we needed some kind of novel tools 
. . . and . . . to try different approaches to mine the data to identify whatever is the 
causal factor that influences exceptional [health] and reduces the risks of . . . 
disease. 

In contrast, Participant 1 described the rapidly burgeoning data environment in all 

areas of science as a looming imminent challenge.  

No matter what area of science we are talking about, . . . we are collecting data on 
people’s health, behavior, and social [interactions]. . . . We are also collecting 
financial information, psychological information, emotional information, etc. . . . 
There is just going to be an increasing amount of data that we are able to get from 
people. . . . We still need to find places to store this data, but that is going to be 
the least of our problems. The biggest problem will be how to analyze it. 

Cluster 3: Used Self-Study Actions to Identify Scientific Needs and Trends in the 

Literature, such as AI 

The institute used different self-study approaches to identify opportunities where 

funding investments would likely serve to address scientific needs within the extramural 
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research community. This cluster presents findings that describe the institute’s use of 

self-study practices to discovery AI-related trends in the literature.  

Participant 7 explained the institute’s philosophical reliance on the self-guided 

actions of program officers to identify needs within the scientific community and the 

resourcing structures used by the institute to operationalize this philosophy:  

The [institute’s] approach . . . has generally been driven by what is perceived to 
be the scientific need and a lot of reliance upon the divisions to help us recognize 
what the scientific needs are. . . . This is the reason that [the institute] is very 
generous in approving travel for the divisions. Because the value is perceived to 
be that program officers get out in the [extramural] community, . . . go to 
scientific meetings and talk to scientists . . . to gain an understanding of what is 
developing or what needs to be further nourished, etc., and then to bring that 
information back to the institute . . . to further develop [the need] with further 
input from other as potentially [funding opportunities] or initiatives. We are very 
much dependent upon that process. This is very much an ethos of things coming 
from the bottom up, . . . from the external community about what the scientific 
need is, as opposed to top down. 

Participant 1 echoed Participant 7 and connected the self-guided literature 

analysis process to emerging trends in AI: 

[We focus on] trends in the literature and . . . gaps. And the trends for AI have 
been bubbling up in several areas, especially over the last 2 years. . . . There are 
. . . individual interests or projects being discussed in different divisions, [and at 
the same time] we are realizing that this is a larger issue. . . . [For me] it was a lot 
of reading of the literature . . . to see if we[’re] headed in the right direction, [and] 
if there was enough evidence that [AI] can work, even though it was a relatively 
new concept.  

Participant 4 offered one perspective on the system of beliefs within the institute 

that served to guide the participants’ self-study actions: 

This is self-taught. This is the fun part of my career. I came into [the institute] as a 
neuroendocrinologist, not a geneticist, and I trained myself in this portfolio. Now 
I am in the fun part of it. I get to learn a new field [AI]. And I am not quitting 
until we have a therapeutic target from one of my projects. I do not care which 
one. I am not leaving until it’s done. I am hoping machine learning can [help to 
identify a therapeutic target] because [one of my grantees] has a huge 
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collaboration with a freshly launched therapeutic target center . . . which is golden 
as far as I am concerned. 

Participant 3 described another type of self-guided learning action, which showed 

how the institute took in new information on AI through the program staff’s participation 

in other governmental activities: 

I am always looking for gaps [in our research portfolio]. . . . For example, [in 
2019] I was part of a White House workgroup, or taskforce on technology, which 
. . . found that [the U.S.] was lagging behind in the adoption [and use] of . . . 
artificial intelligence technologies to help improve the welfare of the most 
vulnerable . . . Americans. . . . I [used that taskforce report] to advise my division 
director . . . these are the things that we should be aware of . . . [and] gaps that we 
should try to address.  

Cluster 4: Collectively Acknowledged the Internal AI Knowledge Deficit 

Despite the self-study actions, the institute acknowledged the limited AI expertise 

amongst its staff. Participant 1 explained the challenge: 

It was a bit overwhelming. . . . It was the first time in a while that we did not have 
. . . an expert in this area of science [AI] anywhere in the institute and we had to 
really go out and find it. We had a lot of people touching on [AI] in different areas 
of science, but there was no one who can come in and say, here’s the kind of data 
we have; . . . yes, our datasets are ready, or are not ready for artificial intelligence; 
. . . or . . . to tell us what it’s going to be like to develop analysis methods that use 
artificial intelligence. 

In acknowledging the lack of internal expertise, Participant 5 outlined her 

perspective on the institute’s shared goals regarding AI: 

A lot of the people in [this institute] are biologists, or economists, and others who 
have been here for many years. So we lack knowledge in AI and machine 
learning. . . . We want to educate our staff on AI . . . [and] to have an 
infrastructure, a cloud-based infrastructure where we can have all the [grantees’] 
data assembled in one place, where any researcher can access and perform all 
kinds of analysis. 
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Participant 9 echoed the same sentiment as Participant 5 and described the desire 

within the institute for more information about AI.  

None of us have come from the AI arena. We may have hired such people now, 
but 3 years ago, the staffing in this area appeared bleak. We acknowledged the 
need to find either workshops, national meetings, or other forums to learn about 
AI.  

Cluster 5: Chartered a Self-Governed Workgroup 

The senior staff recognized the shared interest in AI across the institute’s 

scientific divisions and chartered the AIWG to focus on AI. The findings showed that it 

was a customary practice within the institute to create workgroups on topics that spanned 

interests among multiple scientific divisions and when expertise among staff was limited. 

Participant 6 explained why the institute created the AIWG and described the institute’s 

customary practice of creating and disbanding workgroups for information sharing.  

As has happened within a number of [research] areas, we found [similar] interest 
. . . across multiple divisions. . . . [That is,] two or more other divisions were 
proposing to recruit staff and to bring forward similar [AI] initiatives. . . . [So, we 
decided] to convene a group [to work on AI]. . . . We’ve convened workgroups in 
the past. . . . Some of these workgroups have endured. Some served their purpose 
and then got disbanded. [For example,] we had a genetics and genomics 
workgroup, which has become largely inactive . . . because the divisions have 
achieved sufficient expertise within their own staff and cross-division 
collaboration remained okay. . . . Other workgroups succeeded and have 
continued. . . . But that is the same reason we created the AIWG. We saw interest 
that spanned multiple divisions and did not have a clear critical mass of expertise 
in any one division. Therefore, we convened the AIWG to make AI a focused 
topic . . . and to improve our ability to make decisions and promote research 
related to AI.  

Participant 1 echoed Participant 6’s rationale in describing why the institute 

convened the AIWG:  

We have had a lot of workgroups over the years . . . [and] it made sense, then, to 
have a working group where people from each division can give their perspectives 
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on why AI is important to them, . . . [explore if] we can work on larger 
collaborative initiatives together . . . that represents the [institute] . . . in all the 
areas of science. . . . Our process for collaborating in this manner is to convene a 
working group, which starts by just addressing the big, broad issues, making a 
definition, what do we have in common across the divisions? What are things that 
we can really put together . . . for addressing [gaps in our] areas of science? And 
then, based on that, individuals can go back and develop their own initiatives.  

Cluster 6: Offered AIWG-Hosted AI Seminars in Broad Scientific Areas 

With AI training defined as a top priority for the institute, the AIWG agreed to 

host a seminar series to increase all staff’s knowledge on AI. Participant 8 explained how 

the idea of a seminar series came to be:  

We had a good focus over the last year and a half on training the staff of [the 
institute]. Having webinars from experts to bring us all up to speed, not just us on 
the committee, but in fact the rest of the staff, and that has been good. . . . We [the 
AIWG] all needed to learn more about AI [and] had this idea to have these 
webinars . . . [and] we thought, if we’re having seminars, we might as well open it 
up and let everyone else join who wants to attend. I suggested the seminars as an 
idea and recommended doing it as a contract with a small honorarium for external 
experts to present at the seminar. I believe the [AIWG] chair asked [the senior 
staff] for the money and they said yes [and funded] . . . one expert, per division, 
per year: four speakers per year. So, each quarter we have a different expert 
presenter at the seminar. 

Participant 5 offered an expanded rationale for the AI seminar series, which 

included educating internal staff and fostering collaboration between junior AI experts 

and established biomedical researchers who were supported by the institute’s grants.  

Basically, we wanted to educate our staff on AI. . . . That was one of the main 
goals of the AI working group. . . . We met once a month and each division 
identified their priorities. . . . In our division, we wanted to learn how to 
implement AI within our clinical studies. . . . We also wanted to . . . identify AI 
experts who were interested in joining [our research] field. We discussed 
recruitment strategies and agreed to focus on junior investigators. We discussed 
creating new training grants for junior AI experts to enter [the institute’s] field of 
research and also agreed to conduct some kind of seminar series . . . to foster 
collaborative work between the junior experts and our established [extramural] 
investigators. 
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Participant 11 offered a similar explanation for the dynamics that led to the 

AIWG’s creation of the institute’s AI seminar series.  

Around late August 2018, we [the AIWG] started with questions like, “What do 
you envision your division doing on artificial intelligence and data science?” . . . 
Ideas about developing new FOAs, hosting workshops, and supporting training 
emerged. But because of general interest and uncertainty [among the AIWG] 
about what it means to have AI and machine learning as part of a research 
project [grant] . . . and to gain that correct set of skills in the divisions, the 
[AIWG] understood the need for broad AI training to address different areas 
within our field [of research]. And someone suggested hosting the AI seminar 
series.  

Participant 10 expressed appreciation for the insight on AI gained at the seminar 

series, noting, “The seminars have been a great help with informing our program officers 

about AI.” Participant 8 echoed Participant 10’s sentiment, “The [seminar] presentations 

are hugely impactful.” 

Participant 11 provided a timeline for the AI seminar series, with an account of 

the participation levels, momentum, and the AIWG’s strategy for selecting presenters to 

participate in the AI seminars.  

The first seminar was hosted . . . in November 2019 . . . [and] we’ve had three so 
far, and . . . our fourth will be July 2020. . . . We have two more after the fourth 
one. . . . [The first presenter] came on November 4th, and the title of his talk was, 
“The Role of Open Data in Empowering Machine Learning Methods to Study 
Human Disease.” . . . After [the] presentation in November of 2019, there was a 
bit of a hiatus, given Thanksgiving and then Christmas. But after that, the AIWG 
had discussions . . . about how to use the momentum with this webinar series. It 
was popular; . . . over 100 people attended. [As a result,] one of the first lines in 
the February 2020 meeting notes was “needed as soon as possible, each division 
gets two speakers and variation is key.” That captured how exciting, at the time, it 
was for the seminars to continue. [The first speaker], for example, was discussed 
as the benchmark. . . . He was considered a junior AI expert, and that aligned with 
the AIWG’s strategy to attract junior researchers into the institute’s scientific 
areas.  
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Cluster 7: Brainstormed Among Colleagues in the AIWG 

In addition to using the AIWG to gain broad knowledge on AI, the participants 

discussed using the AIWG as a forum for consulting with their colleagues. Participant 9, 

who worked in Division A, explained: 

There are a lot of coordination and communication activities among the divisions. 
[All divisions] have multiple clinical [research grants], and AI cross-cuts across 
these grants. So, we use the AIWG as a forum to communicate what we’re all up 
to, and then try . . . [to] find good ideas for future actions. The biggest thing for 
me is that I have a lot of overlap with research funded by [Division C], and since 
Participant 3 is part of [Division C] and he’s a person who I have a lot of overlap 
with, the AIWG is a good venue for me to discuss overlapping AI-related topics 
with him. 

Participant 3 corroborated Participant 9’s view that the AIWG provided a 

convenient forum for consulting with colleagues, and expanded this rationale to highlight 

the importance of such consultations when topics expanded beyond his expertise:  

I use the group to talk with colleagues. For example, . . . I don’t understand 
medicine, but Participant 3 does, and he is a member of the group. . . . I go to him 
to seek guidance because my expertise is in statistics. I am not the person who 
understands vital signs. So, I shouldn’t be [interpreting] it, for sure. 

Participant 8 expressed the same appreciation for the opportunity to brainstorm 

with colleagues within the AIWG, given the differences in resource availabilities among 

the divisions. 

The conversations within the group are helpful for moving [the institute] forward. 
Especially across the divisions, because one division will be more developed than 
the other. So why recreate the wheel? Why duplicate the effort if the premises 
around AI are the same? The angles might be different, but we can accelerate 
each one of our divisions a lot faster if we have more of those ideas in one place. 
Especially when you have some divisions that are much larger and can afford to 
have program officers that are just focused on this area versus other divisions that 
are much smaller, including [my team] in Division D. The AIWG discussions 
help us all to frame the type of direction that we’re going in.  
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Cluster 8: Shared Information with AIWG Chair’s Facilitation 

The participants used the AIWG as a forum to share information on AI-related 

activities. The AIWG’s information-sharing dynamics were observed during a virtual 

workgroup meeting held in June 2020. The AIWG meeting was audio-recorded with the 

participants’ consent. Participant 3 created the meeting agenda and facilitated the meeting 

proceedings as mostly an information-sharing event. The meeting lasted 1 hour, and the 

agenda covered three streams of information that are presented in three subsections 

within this cluster: (1) agency-level COVID-19 activities with AIWG implications, (2) 

agency-level generic AI activities with AIWG implications, and (3) follow-up on the 

AIWG’s training priority.  

Participant 3 began the AIWG’s virtual meeting with the following explanation:  

Today, I just wanted to provide an overview of a bunch of activities across the 
[agency level], so you know what’s going on. Next, we’ll close up some 
business from our last meeting about starting a training program. That is, how 
should we go about it [a training program]? And finally, discuss division 
updates. I’ll go through the updates quickly . . . and please ask questions as I go 
through the updates. I think it will be much better than holding questions 
towards the end. 

The first stream of information that Participant 3 shared was the agency-level 

COVID-19 activities with AIWG implications. This information generated both questions 

and concern among the AIWG. The AIWG sought clarity around how the AI priorities 

were defined. Figure 4.1 illustrates the agency-level COVID workgroup priorities, which 

generated the most questions during the observed AIWG meeting.  
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Figure 4.1. Agency-level COVID-19 Workgroup 5 priorities. 
 
 
 The AIWG raised questions about the agency-level analytics and data use 

priorities shown in Figure 4.2. Participant 9, for example, asked for additional 

clarification on the analytics and modeling. “Can you explain that modeling priority one 

more time because I didn’t hear about this before? What are they modeling? Is it just any 

modeling?” Participant 9 asked for more clarity on the tools’ priority. “Is Workgroup 5 

interested in internal tools that [the institute] is using? Or other tools that are being 

developed by extramural researchers? What is the ask?” (Participant 9). 

Participant 10 repeated Participant 9’s concerns about the lack of specificity in the 

agency’s request for information about AI tools and offered an example to illustrate the 

range of tools that are available.  

Take this [tools] example with imaging. That’s a specialized set of tools to take 
what might look like a fuzzy image and make it sharp, and it would be a different 
set of tools if you were doing nuclear magnetic resonance energy visualization 
parts of the body, versus proteins. Quite different toolsets. 

Participant 4 was most concerned about what appeared to be a duplication of 

effort by the agency-level COVID-19 workgroup regarding the AI data use agreements. 

Participant 4 explained:  
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We [the institute] have already created all of these Data Use Agreements and 
Consents. We have every single one of these for the sequencing project. . . . You 
need to explain why [the agency] is asking for this again. I was on an [agency-
wide] committee that went through this iteration already. So, I’m not quite 
understanding why there’s a duplication of effort here? 

The second stream of information that Participant 3 shared with the AIWG 

encompassed the agency-level broad, generic strategy to operationalize AI, which was 

dubbed Artificial Intelligence for Biomedical Excellence (AIBLE). Participant 3 took the 

lead in sharing the information with the group and explained that the agency had 

established a workgroup to lead the AIBLE effort and acknowledged the members of the 

institute’s AIWG who participated in the agency-level AIBLE activities. Figure 4.2 is an 

excerpt from the documents that Participant 3 used to share the agency-level approach for 

operationalizing AIBLE with the AIWG. 

 

 
Figure 4.2. Agency-level strategy to operationalize Artificial Intelligence for Biomedical 
Excellence (AIBLE). 
 
 

The data generation element spurred the most discussion among the AIWG. The 

AIWG’s primary concern converged on the AIBLE data management philosophy, which 

recommended the collection and use of new data versus the existing datasets that grantees 
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had amassed in prior studies. Participant 3 explained what appeared to be a sudden 

change in the agency-level position on the existing datasets maintained by disparate 

extramural grantees: 

It is like, all of a sudden, [the agency-level directors] woke up and decided we 
don’t need certain types of data. . . . There has been a lot of talks about the need 
for new images as the next innovation in one of the [agency-level workgroup] 
meetings. I was kind of stunned, because we have image datasets, and we know 
what we can get out of them. We know their predictive potential, and we just need 
the existing images in one place. We cannot predict that someone will have breast 
cancers, if the n of that [new] dataset is only 500. And they do not seem to grasp 
that at this point. They are all about creating new stuff. 

Participant 5, who also participated in the agency-level AIBLE workgroup, 

reiterated the agency-level position.  

I participated in the first [agency-level AIBLE workgroup] call. On that call, we 
discussed the AI and machine learning tools needed for analysis. And they were 
very, very firm about not funding AI tools at this time. They are most interested in 
data readiness for human datasets . . . and do not plan to incorporate the existing 
datasets from animal studies, which I see as drawback. 

Participant 8 concurred with Participant 5 and explained that the AIBLE approach 

was already approved by the agency-level director. Participant 8 recalled: 

I agree with what Participant 6 said. I joined the workgroup at the second meeting 
and by then, the [AIBLE] approach was set. . . . The premise really is focused on 
generating new centers, with new data. During the meeting someone asked, 
“Well, what about the old data and getting that package together to use it as a 
modeling system, to test the models that are going to be generated from this?” 
And they said that was a nice suggestion, that they may think about it. The other 
question which I had . . . was, “How does this fit into things that we’re already 
doing?” But I really didn’t get a real response that I can feedback to the group. I 
do not understand how this would be any different, other than the need to have 
more data, and more opportunities. The [agency-level] felt that starting something 
new, already defined, would somehow be a little bit less biased, than taking the 
data that has already been accumulated. There was back and forth for a good 10 to 
15 minutes, but at the end of the day, the consensus was to proceed as 
recommended [in the AIBLE] approach. 
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The third stream of information that Participant 3 shared during the virtual 

meeting related to the AIWG’s training priority. To begin information sharing and 

brainstorming on training requirements, Participant 3 expressed, “I think there was a 

general consensus, across divisions, that we need an AI training program . . . and the ask 

was to clarify what do you need?” This agenda item generated immediate questions 

among the AIWG participants who lacked clarity on the nature of the training priority.  

For example, Participant 4 noted, “I am never clear when you say, ‘training 

program.’ Do you want [the institute’s] staff to be trained to analyze artificial intelligence 

and manage data? What do you want to train them to do?” To inform the AIWG, 

Participant 10 recommended consulting with experts in the extramural research 

community.  

I think that [name withheld] at the Jackson lab runs a practical on something 
along these AI training lines. . . . It might be worth finding out if (a) that is what 
she’s doing, and (b) whether that will be a useful training model. . . . [Or] maybe 
we could supplement an existing grant to enable [extramural] institutions to 
recruit individuals with . . . research training in AI, . . . one or two more. Again, 
we have limited resources. 

Participant 4 suggested consulting with another program officer within her 

Division B who was already working through the institute’s formal process to request 

funding for a new training program in data science—although she was unclear about the 

distinction in training for data science versus AI. Participant 4 explained: 

[A colleague] in my division presented a concept for funding at our retreat, which 
focuses on data science training for underserved [extramural] investigators at the 
postdoctoral level. It didn’t involve necessarily specific artificial intelligence or 
machine learning, but it was relevant to data science. So should speak to [my 
colleague] about that, . . . but I’m unclear about the distinction between data 
science, AI, and machine learning. I think there is interest in data science 
analytics, and other types of methodologies and tools for data science, but is that 
distinct from AI and machine learning? I think as we proceed in advancing our 
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[research grant] portfolio both in the training programs, . . . it is important to be 
clear about what we’re proposing and how it would advance the research in our 
various divisions. 

Despite the series of questions and recommendations voiced, the group did not 

arrive at a consensus for how to define or implement the AIWG’s training priority by the 

end of the virtual meeting. The AIWG’s actions were largely limited to sharing 

information about questions to be answered and potential resources who may have 

valuable information to help guide the AIWG with its training priority. Accordingly, 

Participant 3 closed the meeting with the following suggestion, “Maybe we can all go 

back and think about this training program a bit more. . . . And can I query all of you in a 

week, after you thought about it, to get your feedback on if this [training priority] is still 

worthwhile?”  

The AIWG stored all working documents, meeting minutes, AI seminar 

presentations, and reference documents in a SharePoint location, which was available to 

all AIWG members. Participants 3, 5, and 11 shared the SharePoint location as a 

reference for this study. 

Summary of Actions 

Theme 1 presented eight clusters of actions relating to the institute’s use of self-

governance approaches to identify AI research gaps. The findings showed that the 

institute (1) focused on addressing scientific needs, which emerged from extramural 

investigators that it supported with research grants; (2) sought to address a data analysis 

shortfall and preconceived AI as a potential solution; and (3) performed individual and 

collective actions to gain a general understanding of the usefulness, opportunities, and 

strategy for operationalizing AI in biomedical research, such as conducting literature 
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reviews, chartering a workgroup focused on AI, hosting AI seminars, sharing information 

on agency-wide AI activities, and brainstorming within the AIWG. The following 

subcategory presents the institute’s reflections from the actions presented in Theme 1.  

Reflections 

This subcategory presents four clusters of findings related to the self-governance 

approaches used by the institute to identify AI research gaps. Cluster 9 presents findings 

related to the participants’ reflections on the AIWG’s function, or ‘what’ it does. Cluster 

10 present findings related to the participants’ reflections about the AIWG’s 

communication, Cluster 11 presents findings related to the participants’ reflections on the 

AIWG’s decision-making, and Cluster 12 presents findings related to the participants’ 

reflections on strategic planning as a guiding premise for the institute’s AI activities. 

Cluster 9: Perceived the AIWG’s Role Differently 

The findings presented in this cluster show that the institute AIWG’s actions were 

self-guided and that participants held disjointed and at times conflicting perspectives on 

the AIWG’s role. Participant 3 reflected: 

Depending on who you ask, you are going to get a different answer [about the 
purpose of the AIWG]. . . . The AIWG was created to help [the institute] 
strategize and launch initiatives . . . , to make sure there are no overlap across 
divisions, and to present one voice across divisions [on AI]. . . . I believe we were 
tasked to deliver for [the institute], not just for my division. . . . [But] it is a weird 
dynamic because we work for a division, and the division director has certain 
mandates that I am supposed to deliver on. . . . It is a dynamic process and there is 
a tension. And sometimes what each program officer [within the AIWG] has to do 
is, they have to go back to their leadership and say, can we do this? 

Participant 4 expressed a lack of understanding about the role of the AIWG and 

explained: 
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I have to say, I do not really understand what [the AIWG] is. My understanding is 
that [one member] had some machine learning and artificial intelligence 
background before joining [the institute] . . . and that member was very eager to 
set up that workgroup to use those skill sets and because that field of research was 
ready. But I believe the [AIWG’s] goals are around educating of staff about 
machine learning, educating teams in the field about machine learning or artificial 
intelligence, and making sure we have full-time staff [in the institute] to 
administer research projects that use AI. 

Participant 13 defined the workgroup’s role and actions as self-serving. From 

Participant 13’s perspective, the AIWG lacked specific goals and failed to be problem 

oriented:  

It’s not very well defined. . . . It doesn’t really attack a very specific goal. What 
kind of questions can we answer by AI? What are the limitations of AI? I think 
that each division has their own goal. But if you look at it, what can AI really 
achieve? . . . Every time a new technology comes up, the first thing we should ask 
is, “Is this better than what we had before?” . . . “Is this gonna change the way we 
think of [primary] disease?” “Does this change the way we handle our problem?” 
The AIWG has not really used this more problem-oriented approach. It seems like 
we’re going to collect the data . . . analyze it using AI, [and] there is a little foggy 
view about what we’re going to get at the end. 

Given the uncertainty about the AIWG’s role, Participant 4 offered a rationale for 

compartmentalizing AI-related actions and information sharing with the AIWG:  

Unless it’s something that the AIWG specifically want to know, I just remain 
silent . . . because the AIWG have their own ways of implementing . . . [and] I do 
not want to mess with that at all. [Another] program officer from Division A who 
is also on the workgroup presented a concept [for funding] at our retreat this year 
on machine learning. . . . As far as I can tell, she does not share information or 
interact with the AIWG the same way as I do not with my information because 
the AIWG is driving in a different direction, . . . to bring experts on board who 
can (1) train staff and (2) that can actually work with data . . . that will actually do 
boots-on-the-ground stuff. 
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Cluster 10: Envisioned Opportunities to Improve Communication and Participation in 

the AIWG 

Collectively, the participants reflected inconsistently about the decentralized, self-

governance approach used to identify AI research gaps. Participant 13 made the 

following observation about the workgroup’s communication and collaboration: 

I do not understand the dynamics. As far as I can tell, . . . the knowledge in the 
workgroup does not get propagated to the other program officers within the 
divisions. . . . I am a bottom-up person, and I really believe that democracy is a 
good thing. The more people that can think, the better; . . . that’s the way we 
should put forth the science. But right now, I don’t see this happening.  

Participant 10 expressed interest in restructuring the information-sharing process 

within the AIWG: 

In terms of the [AIWG] dynamic, I think [one person] holds too many of the cards 
. . . and it would help . . . the whole group to assign presentations throughout the 
course of the workgroup meeting. . . . It is not just about people having the feeling 
of ownership. I believe if you are talking, you are not learning from someone else. 
And you have to listen to someone else to learn things, . . . even if it is just the 
tone of the presentation, where you get a feeling for how important the specific 
topic is to another person. . . . Other people made contributions, but it’s not that 
they’re initiating; . . . it was in response. . . . I think more people should have 
more roles in these meetings, and that will be easier for the person running the 
AIWG meeting. 

Participant 8 perceived the 1-hour timeframe, which was scheduled for the 

AIWG’s June 2020 meeting, to be inadequate to comprehend all the agenda items. 

Participant 8 reflected: 

We were flipping through those slides really fast and we were covering a lot of 
details. Some AIWG members were trying to slow the conversation down. . . . 
But again, being respectful that we only had 1 hour. . . . Any one of those three 
presentations or agenda topics . . . could have been broken out a little bit clearer 
for me. But I would envision, moving forward, that we will have more in-depth 
conversations. Because what I have learned in the last 3 years is, there is never a 
single discussion on any one topic. It is revisited again and again. I think part of 
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that is relationship building within the groups, as they develop. Also, with these 
initiatives it is really difficult to understand all the information at one time. 

Participant 6 reflected on the senior staff’s level of involvement in the AIWG 

meetings. 

It is a real flaw, fault, or limitation that I cannot answer about the AIWG 
[deliberations]—in contrast, certainly, to the clinical trials, [and] . . . genetic/ 
genomics workgroup, where I participate regularly. There has been a tendency, 
maybe it is a cost not justified because of how busy we are, . . . [but] we hear 
reports back and . . . we are not really privy to the conversations that go into them. 
And that is a loss. But I do not think it’s an irretrievable loss. . . . And moving 
forward, we should make it more of a point to have those meetings . . . scheduled 
so that senior staff can better participate. 

Cluster 11: Conceptualized a Lowest Common Denominator Approach as the Basis for 

Consensus 

Given the varied assumptions about the workgroup’s role, the participants 

described the use of a lowest common denominator approach to prioritize the AIWG’s 

focus areas. Participant 3 explained: 

Within the context of the group, I get to see different perspectives; sometimes 
cross-talk happens. Sometimes it’s collaborative in nature. My job is to find what 
I’ll call the lowest common denominator, across the board, so I can present to the 
[senior staff’s routine meeting, aka] planning group. Look, this is what we agreed 
on. This is what we did not agree on. . . . I present a consensus. . . . I send out a 
draft slide deck to all the AIWG members and they are required to add [their 
division’s perspective], and then I present a summary view of [the institute]. I do 
not try to prepare all the slides. . . . If I develop all the slides, I believe I will not 
get buy-in from the workgroup. . . . I also believe it’s very important to give 
authorship to people. 

Participant 9 reflected on the rationale for using the lowest common denominator 

approach for consensus within the AIWG.  

I think we are in various stages; different people are in different stages. The 
genetics program officers have a lot of data [amongst the extramural grants that 
they administer]. The clinical programs officers have a lot of data in some niched 



116 

areas, . . . mostly billing data but not really rich clinical data. . . . The biology 
program officers have rich data [in the extramural grants that they administer], but 
the data are not necessarily linked to the clinical information. . . . [So] we try to 
learn from each other, but each program officer has their own purview, I would 
say, and the AIWG is not really a democratic body. We are not trying to vote.  

Participant 10 added the need to respect differences.  

[The AIWG operates] the same as any working group in the institute, where we 
have the four different divisions represented. We try to find the areas where we 
can be mutually supportive and try to acknowledge that there are differences and 
recognize that those differences need to be supported as well. 

Cluster 12: Viewed AI Strategic Planning Inconsistently 

The deepest reflective perspectives that the participants expressed concerned the 

need for a strategic plan to guide the institute’s actions relating to AI. Participant 12 

perceived the AI efforts within the institute as fragmented and perceived the need for an 

institute-wide discussion to gain consensus on a strategy. Participant 12 explained: 

It’s kind of like the [program officers] want the ‘big right thing.’ And everyone is 
sort of circling around it and coming up with different approaches . . . and we are 
doing little projects, here and there, but we don’t have a coherent strategy. . . . I 
do not understand fully [if what we are doing] is AI or data sharing. My sense is 
AI depends on good data. It depends on a good set of available data to be 
interrogated. And we are collecting a lot of really big sets of data. And we should 
be doing it in such a way that makes it interoperable and comparable and, 
hopefully, facilitated by infrastructure that can be exploited with AI approaches. 
. . . I feel like there is just a lot of early steps happening. Lots of little scattered 
activities. Everybody is excited, and the [program officers] do not always know 
what they are talking about with AI and machine learning. . . . [I] have heard a 
bunch of talks . . . but nothing concrete. 

Along the same lines, Participant 3 reflected, “I have pressed for AI as part of our 

strategic plan. . . . I brought that up during a meeting [of division-level directors and] . . . 

expressed that we need a section on AI [in our strategic plan].” However, the need for a 

strategy to guide the institute’s AI activities was not shared among the participants. 

Participant 7 reflected an alternative premise that emphasized the need for fluidity and 
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organic scientific advancements within the extramural scientific community versus 

strategic planning. 

There is a real lack of appetite to have a structured strategic plan [for the 
institute]. In fact, the document has recently been released as our strategic 
directions for specific reasons. We titled it ‘directions’ as opposed to ‘plan’ 
because a plan means that you’re going to have goals, and benchmarks, and 
milestones. . . . There was a lot of discomfort among [our staff] scientists because 
. . . the science is going to evolve in an organic way from the [extramural] 
scientific community, through our program staff, and leadership. . . . There is very 
much an ethos of things coming from the bottom up . . . from the extramural 
community about what the scientific needs are as opposed to top down. . . . Also, 
one could argue that AI is meant to be part of the infrastructure—a tool to help 
advance the science. It does not have to be specifically cited. Our strategic 
directions are written in high-level and general language. 

The study found no evidence that the institute established consensus on the need 

for strategic planning to guide its actions relating to AI.  

Summary of Reflections 

Theme 1 presented findings in four clusters of reflections relating to the institute’s 

self-governance approaches for identifying gaps within its research portfolio. 

Collectively, these reflections show that the participants valued the community of 

practice around AI, saw opportunities to improve communication within the AIWG, and 

lacked consensus on the overarching strategy guiding the institute’s AI-related activities. 

The following subcategory presents outcomes associated with the actions and reflections 

in Theme 1.  

Results 

This subcategory presents three clusters of outcomes that resulted from the 

institute’s use of self-governance approaches to identify AI research gaps. Cluster 13 

presents findings that show that the institute established a shared definition for AI. 
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Cluster 14 presents findings that show that the institute uncovered general guidelines for 

using AI in biomedical research. Finally, Cluster 15 presents findings that show that the 

institute developed broad priority areas of focus for AI.  

Cluster 13: Collectively Defined AI 

The primary result of the self-governance actions was the participant-shared 

definition for AI. The data presented to support this assertion was derived from the 

participants’ response to the interview question, “How do you define AI?” The 

participants’ definitions for AI shared a common theme. Participant 6 explained:  

The simplest definition is intelligence that is carried out and performed by other 
than humans. So artificial means not natural . . . or not human, and the definition 
of intelligence has changed over time . . . but it is reflected, or defined by, the 
capacity to sense input and respond in an appropriate way to that input. 

Similarly, Participant 10 explained: 

I [define AI] step by step. First is the ability to reason. [The system] must apply 
reasoning when making decisions about data and making decisions about 
algorithms. But I don’t think that it’s possible at the moment for algorithms to 
suddenly change for an issue that comes up when it’s analyzing different types of 
genetics or sequencing to say, “Hey, wait a minute, this isn’t right.” . . . Stop or 
change . . . But AI is a tool . . . to integrate decision-making based on data across 
our studies that have huge amounts of data sequencing and genome data.  

Participant 5 offered a similar definition of AI based on data analytic tools:  

AI is not new; it’s been around for more than 40 years or so. But, now it has 
gained a lot of momentum because of the computing power and the amount of 
large-scale datasets that are now available. Also, some experts have identified 
some pragmatic tools that can be applied for big data mining and all that. So I 
would define AI as . . . mathematical and statistical tools.  

Collectively, all the participants’ definitions centered on the same ideas and 

employed similar language. Figure 4.3 depicts the word cloud created from the in vivo 

coding (Saldana, 2009) of the participants’ AI definitions. 
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Figure 4.3. Word cloud defined from participants’ definitions of AI. 
 
 
 
 A synthesis of the language used by the participants in defining AI shows that the 

institute collectively defined AI as machines/computers/tools that use statistics and 

computational algorithms to explore potentially meaningful patterns in large biomedical 

datasets. The participants did not use language consistent with the theoretical studies of 

AI, such as the science of making intelligent machines (McCarthy, n.d.), formal theory of 

intelligence (Minsky, 1961), the study of how to make computers do things (Ertel, 2017), 

or robotic process automations used in manufacturing, smart homes, and smartphones 

(von Kong, 2018). Collectively, the participants defined AI as data analytic tools used in 

biomedical research studies.  

Cluster 14: Uncovered General Parameters for Using AI in Biomedical Research 

In addition to developing a shared language for AI, the self-governance 

approaches enabled the institute to establish general considerations for using AI in 
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biomedical research. One such parameter was the shared concern for bias within AI 

systems. The participants credited one of the presenters at the AIWG’s seminar series for 

this awareness. Participant 12 explained: 

Last year, there was one seminar that [the AIWG] held . . . [presenter] Ziad 
Obermeyer, that was really interesting. It was a webinar about . . . how health 
systems data can be used with AI to both answer interesting research questions 
. . . [and] how sort of baked into some of our algorithms are health disparities. For 
various reasons, the threshold for referring to a certain test was set differently for 
African Americans than for Whites, and it was leading to a difference in treatment 
because of the way prior existing data on which the model was built or structured. 
. . . My takeaway was . . . so shortcuts with computing are great. But the human 
element in designing a system is always bringing in some kind of a bias or 
assumption. And if those are not clear, the whole system can have unintended 
consequences. 

Participant 9, an active member of the AIWG who also attended the seminar, also 

commented on it:  

There was an interesting article, which was from an [extramural investigator,] . . . 
Ziad Obermeyer. He did this study of an algorithm that was supposed to predict I 
guess resource use for multiple chronic conditions patients and say who is a high-
risk for needing lots of care in the future. And he found that this thing was very 
biased in the end. It was a prominent article published last year in Science. . . . 
The problem was, basically, there’s discrimination in the health system. And 
Blacks had harder access to care, lower use of care services, and higher multiple 
chronic conditions. The prediction curves didn’t use a race variable, which is 
okay. But it turned out that it had this implicit bias that was predicting lower 
recommendation for Blacks in need of service in the future.  

Participant 11 described the institute’s interest in Dr. Obermeyer’s presentation at 

the AIWG seminar:  

I would say the most popular seminar was Obermeyer, which was in May. His 
presentation was on “Machine Learning and Low-Income Healthcare.” . . . 
[Afterwards] staff requested his slides . . . and contact info, and [the AIWG] was 
supportive [of] their requests. . . . The staff wanted to be involved in this 
discussion. 
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Cluster 15: Prioritized AI Areas of Focus 

Another result from the AIWG’s collective actions was the identification of four 

areas of priority for the institute’s AI efforts. The AIWG defined these four areas as top 

priorities and broad strategy for implementation. Figure 4.4 is an excerpt from the 

AIWG’s presentation to the division-level directors in 2018, which lists the priorities 

with their respective implementation approaches.  

 

 

Figure 4.4. AIWG’s strategies to implement AI in research gap areas. 
 
 
 

Summary of Results 

Theme 1 presented findings in three clusters of learning outcomes relating to the 

institute’s self-governance approaches for identifying AI research gaps within its research 

portfolio. The findings showed that the institute established a shared definition for AI, 

identified potential biases that may be inadvertently designed into AI, and established 
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broad priority areas for AI research investments. These results served as valued 

knowledge, which subsequently informed the search for new information, meaning 

making, structuring, and the actions and reflections performed in Theme 2.  

Theme 2: The Institute Used Extramural Experts to Clarify 

AI Funding Opportunities in Research Gap Areas  

Theme 2 presents findings that show that the institute used extramural experts to 

clarify and convert broad information on AI into recommendations for funding 

opportunities in targeted areas of research. These dynamics are further categorized into 

actions, reflections, and results. The actions subcategory is presented in two clusters, the 

reflections subcategory is presented in two clusters, the results subcategory is presented 

in two clusters, and a summary is presented after the last cluster in each subcategory to 

synthesize findings. Table 4.2 depicts a summary of the clusters presented in Theme 2.  

 
Table 4.2 
Theme 2: Clusters in Actions, Reflections, and Results Subcategories 

Category Cluster 
Actions Cluster 16: Convened focused AI workshops in targeted research gap areas 
 Cluster 17: Used its professional network to recruit AI expert for internal support 
Reflections Cluster 18: Perceived an increased dependence on external guidance 
 Cluster 19: Reflected favorably on AI recruitments 
Results Cluster 20: Refined knowledge on the value, limitations, readiness, and strategy for 

implementing AI in targeted areas of research 
 Cluster 21: Ignored conflicting expert recommendations 

 

Actions 

 The actions subcategory presents two clusters of findings about the specific 

actions that the institute took to clarify and convert general AI information into targeted 

funding opportunities. Specifically, Cluster 16 presents findings that show that the 
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institute hosted workshops to clarify potential funding opportunities. Cluster 17 presents 

findings that show that the institute leveraged its professional network to recruit AI 

experts who worked temporarily alongside its staff to further refine internal knowledge 

and develop the framework for new AI funding proposals.  

Cluster 16: Convened Focused AI Workshops in Targeted Research Gap Areas 

This cluster presents findings that show that the institute used workshops to 

bridge the knowledge gap between the identification of research gaps and development of 

targeted funding opportunities. The workshops served to build on the broad general 

knowledge that the institute obtained from self-study approaches and to establish 

narrower parameters for potential FOAs in targeted areas of research. Participant 2 

explained: 

With regards specifically to the funding opportunity announcements, it’s actually 
quite a long process that starts with a concept usually that is identified in one of 
many different ways. But one of the ways that is common for us is to either hold a 
workshop or some kind of an expert meeting, where some panel of scientists from 
the extramural community review some area that we think is important, and they 
clarify gaps and potential future directions. 

Participant 1 used an example of a recent workshop to explain the institute’s 

customary practices of convening experts to clarify funding opportunities in research 

gaps.  

[Our research portfolio analysis showed] that we had groups of exceptionally 
healthy people who had all of these things in common . . . and so we said, “Well, 
this might be a good opportunity to consider using artificial intelligence.” And the 
first thing to do when we think of an idea like that is to hold a workshop. So, we 
held a workshop last year [in 2019]. . . . [We] brought together a lot of experts . . . 
[for] a day. . . . We just did not have the expertise on our staff that could [address 
the] concepts. . . . We needed help; . . . we needed the experts to explain the 
possibilities to us.  
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Participant 5 echoed the rationale provided by Participant 1 and described the 

sequence of learning activities that occurred during the workshop in Participant 1’s 

example:  

We had a one-day workshop during which the AI experts talked about different 
considerations for implementing AI in research, including the challenges . . . and 
the methodologies that are currently available. Next the [biological] researchers 
[in our area of science] presented . . . in terms of challenges they faced. We then 
asked [the AI experts] for recommendations on how AI can be used to address the 
challenges/questions that we had in [our areas of science]. 

Participant 4 reiterated the institute’s use of specific questions to guide discussion 

at the expert workshop and detailed attributes of the experts who participated in the 

workshop discussions.  

We had a virtual . . . workshop, a 4-hour session where we ask very specific 
questions of all of the people who had machine learning expertise. There were 50 
people from all over the globe that had machine learning expertise starting 
everywhere from Google and Amazon down to private companies and people like 
[name withheld] who are already in the field working on their own devices. We 
needed information to understand if we had enough data and what we needed to 
do with the data to get it to be ready.  

Comprehensively, the institute hosted eight AI-related workshops from 2018 to 

2020. Participants 3, 6, and 7 provided the curated lists of AI-related workshops that the 

institute hosted as supporting documents for this study (Table 4.3). The institute curated 

this comprehensive list of AI-related workshops in response to a request for information 

from the agency-level office in 2020.  
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Table 4.3 
The Institute’s Curated List of AI-Related Workshops, 2018–2020 

Workshop Title Date 
Artificial intelligence–based approaches to identify molecular determinants of [the 
institute’s targeted research]  

2018 

Focus group meeting with external experts to strategize and discuss optimal 
approaches for ML/AI for analysis of large scale [the institute’s targeted research] 
data  

2018 

Workshop “Social science modeling for big data in the world of machine learning” 2018 
Workshop “Mobile technology for adaptive [the institute’s targeted research]” 2019 
[The institute’s targeted research] Machine learning focus group 2019 
Cost-effective early detection [the institute’s targeted research]  2019 
Workshop to discuss data elements to be harmonized and incorporated into 
cognitive systems analysis of . . . genetic data 

2019 

Emerging technologies to support [the institute’s targeted research]  2019 
 

Cluster 17: Used Its Professional Network to Recruit AI Expert for Internal Support 

By leveraging its network connections, the institute recruited AI experts, as 

temporary resources, to support staff with developing official funding opportunity 

proposals. The recruited AI experts then worked alongside the program officers to 

develop funding concepts that were ultimately presented at the institute’s retreat, an 

annual forum where new concepts were proposed for funding. Participant 5 explained: 

We needed to establish in-house experts in our division because none of us were 
experts in AI. So, we brought in a junior-level [AI expert] from U Penn, who the 
workshop’s chair recommended. . . . We brought him onboard with an 
intergovernmental personnel agreement (IPA). The [IPA] enabled us to 
temporarily exchange ideas and resources with a nonprofit institute to build a new 
program in the government’s interest. . . . [The junior-level investigator] was very 
helpful with developing the AI [FOA concept], which will be presented as a 
proposal [for funding at the retreat in June 2020]. 

Participant 1 described the same institutional practice of leveraging connections 

from the institute’s workshop as a means for recruiting experts to help staff internally. 
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We just didn’t have the expertise on our staff . . . so we said, why don’t we talk to 
the investigators who came to our workshop and see if there is someone among 
them who would be willing to join us to help us write the workshop reports and 
educate us on what are the possibilities for using AI to advance our research. . . . 
During a discussion with one of the participants from the University of 
Pennsylvania, he said, “I have a post-doctoral student who really knows the 
details about AI.” And he asked: “Is there some way that the student can come 
work with us before he goes on to a full faculty position?” . . . We said, “Yes, we 
can bring him on using an IPA.” . . . He assessed the data that we had for this very 
complex question . . . and [helped] to get us approaches that will be presented [for 
funding in June 2020]. 

Along the same lines, Participant 4 described actions that involved the use of 

academic connections to find extramural experts to participate in one of the institute’s 

workshops.  

It is kind of a funny connection. I went to [name withheld] University. I was at 
[name withheld] University for 18 years . . . and they have a very high-powered 
machine learning artificial intelligence department. . . . Three years ago, when I 
started to look into what we could do to use machine learning to analyze our . . . 
data, I found some people in the literature that went to [name withheld] 
University. So that is where I started. . . . The first person that I contacted at [my 
alma mater] recommended working with someone in the field of clinical sciences 
[name withheld], who worked at [another] University that has a major center for 
computer sciences. Eventually, I found enough AI experts to host my AI 
workshop . . . and since then, I have had a lot of conversations with [name 
withheld] and he was extremely helpful with the development of my funding 
proposal [in 2018].  

Participant 4 also described using professional connections within an agency-level 

office to recruit a data scholar to support one of her AI projects, although she was not 

aware of the institutional structures that facilitated/connected her project to the agency-

level support office. Participant 4 explained the actions taken to recruit the data scholar 

for her project: 

I worked with the Office of [name withheld], which is a new office [at the agency 
level], to hire a data scholar. They had data science scholars from the [American 
Association for the Advancement of Science (AAAS)] who were looking for 
interesting fellowship opportunities through an [agency-wide] selection process. I 
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do not know for sure, but I feel like [the agency-level staff] handpicked me 
because they knew I was in the midst of a big [FOA] on AI. I am not sure how 
information about my project got transmitted, because I am on several agency-
wide workgroups. But the possibility to recruit the AAAS scholar came to me as 
an opportunity. I believe our division director said, “Here’s an opportunity you 
should look at” and it just went from there. I developed a job ad for the AAAS 
scholar and worked a lot with the agency-level office.  

Summary of Actions 

The findings presented in Theme 2 show that the institute convened several 

workshops with AI experts in the extramural community and relied on those extramural 

experts to (1) help evaluate and value new information about AI and (2) suggest targeted 

opportunities where funding investments would serve to advance key areas of research. 

The study found no evidence of the broad dissemination of the information obtained 

within the workshops, although the institute recognized the existence of shared interests 

in AI among all divisions and acknowledged limited internal AI expertise among staff. 

The following subcategory presents the institute’s reflections on the actions in Theme 2. 

Reflections 

This reflections subcategory presents two clusters of reflective findings related to 

the actions taken by the institute to clarify potential funding opportunities in targeted 

areas of research. Cluster 18 presents reflections on the institute’s increased dependence 

on external AI experts for guidance. Cluster 19 presents findings that show that the 

participants reflected favorably on the institute’s AI recruitments.  

Cluster 18: Perceived an Increased Dependence on External Guidance 

The institute perceived the AI workshops as complex and sought insights from 

peer institutes, within the agency level, when convening workshops. Participant 1 

reflected one division’s experience with obtaining background material and identifying 
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the experts required to convene a workshop on AI. In Participant 1’s recollection about 

the process, learning from the experience of other institutes was noted as a significant 

component in the process.  

To deliver the FOA . . . involves collaboration. It involves our [extramural] 
investigators who have all the data. . . . They have to understand what we are 
trying to do, and they have to be able to explain what they have done . . . so we 
can convey it to the people who are developing artificial intelligence methods. It 
is quite complex. To convene the meeting, first we needed to know if we were 
going to be able to find the experts; are the experts there. That required talking to 
program officers [at other institutes within the agency level], which was very 
helpful. . . . We asked program officers in the other institutes questions like: What 
has been your experience with AI? How did you find people? Are there people 
that you know who are interested in [our areas of science] or would be able to 
grasp the concept of what we’re trying to do [at our institute]? Would they be 
willing to give us some expert advice?  

Participant 7 echoed Participant 1’s sentiment on the value of collaborating with 

other agency-level colleagues and reflected on the institute’s desire to avoid duplication 

and build upon knowledge and activities already developed within the agency when 

convening workshops. Participant 7 reflected: 

[AI] should enable us to be much more efficient at taking advantage of the 
massive amounts of data that are being accumulated in very scientific studies and 
to help us to figure out how we are going to go forward with our research. . . . I 
believe our [program officers] have been good and creative with bringing other 
people in who truly have expertise in the area . . . [but] my sense is that there are 
other groups that are much further ahead of us, within [the agency], and very 
appropriately so. . . . We trust our [program officers] to do due diligence in terms 
of consulting with the external scientific world and bringing together their best 
thoughts. . . . [But] I am most keen on making sure that we are not reinventing the 
wheel and that we are building upon things that are happening agency-wide. 

Participant 6 reflected comparably on the need for guidance and input from 

external experts when clarifying the need for the institute to issue new research FOAs. 

But most notably, Participant 6 reflected on the inherent bias in the process of using 

extramural experts to help inform the institute’s decisions.  
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Our [in-house] expertise is suboptimal and it needs to be grown for us to make 
better informed decisions. . . . For example, we bring on expertise in cases like 
artificial intelligence [and] rely very much on the outside experts to tell us the 
[high-priority funding opportunities]. . . . Not unique to artificial intelligence, but 
in any field . . . we are always conscious of the fact that when we bring together a 
bunch of experts, it is people who believe this is fantastic stuff. That is why they 
are experts in the field. . . . They have dedicated their lives to the field, and we 
asked them, “Is this something worth pursuing?” We start with quite a biased 
group. These are people who think the field is important, and they think it is 
rigorous science. And they are very likely, therefore, to recommend further 
funding of initiatives. There have been rare examples, one . . . which was a 
striking example, . . . where we brought together a small group of experts, some 
of whom became Nobel laureates, and asked what they needed. What kind of 
solicitation would be useful? And that was the only time that I heard a starkly 
opposing answer to [additional funding] for a targeted research area. That group 
said they did not need any more funding. . . . That is not usually the answer. 
Usually, it is, “This is a fantastic area, and we need [the institute’s funds] in order 
to motivate people to move into the area or to recruit people who are not in the 
area.” 

Cluster 19: Reflected Favorably on AI Recruitments 

Nonetheless, the participants’ reflections on the institute’s recruitments show the 

staff valued the recruitments—but the study found no evidence that the institute broadly 

disseminated the additional AI knowledge obtained through recruitments. Participant 10 

recalled the recent hiring patterns as an affirmation that the institute recognized the 

importance of AI to its research goals. 

I believe [our recent] hiring patterns [are important]. . . . For example, the chair of 
the AIWG was hired as a healthcare economist, but he also has expertise in 
artificial intelligence and computer technologies. Participant 4, who was hired for 
her expertise in genetics, has acquired knowledge and recruited resources to 
support her AI efforts. I believe Division B also recently hired a person because 
of their understanding of AI. [Similarly,] Division A has engaged somebody, who 
is not at the program officer level, but it is an AI programmer. . . . There is a 
recognition of the power that is in these AI tools [within the institute]. . . . And I 
think our recent hires, the one in Division A and the other in Division B, 
demonstrate that the institute recognizes the value of AI.  
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Similarly, Participant 5 reflected appreciation for the AI-related hiring that had 

occurred in Division A. 

None of the other divisions have brought in somebody like [the expert] I recruited 
using an IPA. Our division started it. . . . Actually, there was a call by the agency 
for job opportunities for data scholar and my division, Division A, submitted an 
application. Division B did also, and I believe their application was approved. . . . 
And the data scholar will be joining Division B in 2 weeks or so, . . . to help them 
develop new methodologies for using AI in their genetic data analysis. 

Participant 4 recalled the experience of making a case to hire additional AI 

experts within Division B: 

About a year ago, I said to our division director, “I am not going to be able to do 
all this AI work [alone]. This is way too big. I can get everything going, but I’m 
only one person. We need to hire some people here to keep our research going on 
the right track.” . . . And the new deputy division director was one of the people 
he brought in to help. She’s perfect [help for my AI research grants]. And I 
believe my division director hired her with my projects in mind. Now we have our 
new deputy division director with machine learning expertise on board . . . and 
that was with intention the whole way through. 

Participant 7 reflected favorably about the same recruitments that Participants 4, 

5, and 10 recalled and described the institute’s recruitment practice as inclusive.  

I think people have been good and creative bringing other people in who truly 
have AI expertise, whether it’s a fellow, contract with someone, or this new data 
scientist opportunity that’s been facilitated by the agency. . . . In terms of the data 
science scholar, [three divisions submitted applications], which were passed on to 
the agency-level officer for vetting. . . . [The agency] liked the proposal that was 
put forward by Participant 4 in Division B. . . . And my understanding is that 
Participant 4 is now very close to having that person on board. We always try to 
be very inclusive . . . of whatever the divisions put forward. 

The participants did not reflect any evidence of efforts within the institute to 

broadly disseminate the additional AI knowledge obtained through recruitments. The new 

AI hires were recruited to work within the formal designated structure.  
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Summary of Reflections 

Theme 2 presented findings in two clusters of reflections, which conveyed that 

the institute relied on extramural experts to clarify AI funding opportunities in targeted 

research gap areas. The reflections show that the institute perceived the need to 

collaborate to ensure sound insight, reduce duplicative efforts, and build upon knowledge 

within the research community, but had concerns about the overreliance on external 

expertise due to limited internal knowledge. In addition, the reflections show the institute 

did not broadly disseminate the additional knowledge that it obtained through its expert 

workshops or AI recruitments. The next subcategory presents the outcomes associated 

with the actions and reflections in Theme 2. 

Results 

This subcategory presents two clusters of findings related to the learning 

outcomes that resulted from the institute’s use of extramural experts to clarify AI funding 

opportunities in its areas of research. Specifically, Cluster 20 presents findings that show 

that the institute refined its knowledge regarding the parameters for using AI within its 

research areas. Cluster 21 presents findings that show that the institute failed to reconcile 

conflicting recommendations received from the external AI experts in its hosted 

workshops.  

Cluster 20: Refined Knowledge on the Value, Limitations, Readiness, and Strategy for 

Implementing AI in Targeted Areas of Research 

The primary learning objective of the institute’s workshops was to clarify 

potential opportunities to invest funds in targeted research areas. Participant 5 described 
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the knowledge gained at one workshop about the need for the institute to invest in a 

common platform to support AI data analysis. 

There is a critical need for infrastructure, such as a data commons. That was one 
of the suggestions given by the panel during our workshop. The workshop 
recommended that the institute establish some kind of data commons, where we 
collect all the data coming from [the institute’s] funded studies . . . [and] host 
them all in one particular space where the data scientists can have access to . . . 
develop all kinds of methodologies . . . in a cloud-based platform to do the 
analysis, instead of downloading some other data and then taking it to their 
servers, in their institute. They suggested [that the institute] establish a data 
commons infrastructure . . . as an essential foundation for AI. . . . [And] I plan to 
propose that as a new AI concept [for funding] at the [2020] retreat. 

Participant 4 also received similar recommendations from an extramural expert at 

another workshop that the institute hosted. Figure 4.5 shows a summary of the expert 

recommendation that Participant 4 discussed.  

 

 

Figure 4.5. Excerpt recommendation from one of the institute’s AI workshops. 
 
 
 

Participant 4 qualified the workshop outcome: 

The workgroup concluded that [the institute] had enough data [within its existing 
research studies] to implement AI, but the data have to be harmonized. This is 
where my data harmonization FOA started. After the workshop, [name withheld] 
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and I, mostly because of our university connection, had a lot of conversations to 
develop my FOA. He was extremely helpful and continues to be extremely 
helpful.  

Cluster 21: Ignored Conflicting Expert Recommendations 

The study found no evidence that the institute reconciled conflicting 

recommendations derived from its AI workshops. For example, Participant 4 recalled the 

outcome of one workshop on AI and genetic data sequencing: “The workgroup concluded 

that we had enough data but expressed that it needed to be harmonized. This is where the 

data harmonization initiative started.” Congruently, the general observations section of 

the finalized report, which summarized the specific information collected at the workshop 

for the institute’s knowledge archive, was consistent with the participant’s comments but 

also highlighted specific parameters that needed to be considered and challenges that the 

institute may face in using AI for predictive analytics: 

The types of data associated with the [institute’s research] sequencing project, 
namely, DNA sequences, genotypes, and phenotypes (including clinical 
measurements), are eminently suitable for analysis by ML [machine learning]. 
Considerable . . . sequencing data are becoming available from the project 
[awarded grant], in the range of tens of thousands of patients and controls. While 
this volume approaches the magnitude of data volume typically found in 
successful ML projects, it remains that even with volume, no certainty can be 
inferred as to the likelihood of the successful application of ML, in part because it 
remains difficult to correctly select suitable ML algorithms, network structure (in 
the case of neural networks), and training parameters and regimen best suited to a 
given problem (e.g., identifying genes correlated with a particular disease). More 
fundamentally, there is no analytical framework to predict the success of an ML 
algorithm to a dataset. 

However, the results obtained from another workshop hosted by Participant 10, to 

explore AI utility for genetic data mining in a different targeted research area, provided 

conflicting information. Specifically, the workshop hosted by Participant 10 indicated 

that machine learning models have proven to be effective with predictive analytics in that 
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targeted disease area. Figure 4.6 is an excerpt from the workshop’s presentation, which 

indicates that AI systems have demonstrated effective predictive utility between mice and 

human models within the institute’s area of research.  

 

 

Figure 4.6. Workshop presentation showing AI’s predictive value for a targeted research 
area. 
 
 
 

The institute also did not address the conflict between the recommendations 

received from its expert workshops that supported using AI to analyze ‘existing’ datasets 

and the agency-level AIBLE guidance advice against using AI to analyze ‘existing’ 

datasets. The participants did not provide evidence of a process within the institute to 

reconcile conflicting information received from extramural AI experts.  

Summary of Results 

Theme 2 presented two clusters of learning outcomes relating to the institute’s use 

of extramural experts to clarify potential funding opportunities within its research 

portfolio. The findings showed that the institute gained clarity on priority areas for 
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science that had the potential to benefit from AI funding investment but did not address 

conflicting AI recommendations. The results associated with the actions and reflections 

in Theme 2 served as valued knowledge, which subsequently informed the search for new 

information, meaning making, structuring, and the actions performed in Theme 3.  

Theme 3: The Institute Used Existing Formal Structures 

to Enact Funding Opportunities for AI 

Theme 3 presents findings that show how the institute used its existing routines, 

formal roles, and customary procedures to enact funding opportunities that integrated AI 

into its portfolio of research. These dynamics are further categorized into actions, 

reflections, and results. The actions subcategory is presented in one cluster, the 

reflections subcategory in four clusters, and the results subcategory in three clusters; a 

summary is presented after the last cluster in each subcategory to synthesize the findings. 

Table 4.4 lists the clusters presented in Theme 3.  

 
Table 4.4 
Theme 3: Clusters in Actions, Reflections, and Results Subcategories 

Category Cluster 
Actions Cluster 22: Used a standard, existing process to fund research 
Reflections Cluster 23: Perceived that the institute became more open to concept approval for 

AI-related FOA in recent years 
 Cluster 24: Reflected dissimilar philosophies on AI FOA strategies 
 Cluster 25: Reflected disparate perspectives on peer review and the research 

project funding process for new AI grant applications 
 Cluster 26: Reflected unsettled concerns about administering new AI research 

project awards 
Results Cluster 27: Piloted AI with a global technology vendor 
 Cluster 28: Funded a limited number of research grants via its new AI FOAs 
 Cluster 29: Entrusted the extramural community to advance AI 
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Actions 

This action subcategory presents one cluster of findings that define the institute’s 

standard process and explain how the process was used to (1) approve concepts for AI 

FOAs and subsequently (2) evaluate and fund AI-related research project grant awards.  

Cluster 22: Used Standard, Existing Processes to Fund Research 

This cluster presents findings that established that the institute used a standard 

existing process to fund research. The findings showed that the existing process entailed 

two streams of actions, herein referred to as concept approval and research project 

funding. The concept approval stream of actions involved iterative development of 

concepts from actions within the divisions, preliminary vetting at a routine forum of the 

institute’s division-level directors known as planning group, approval at an annual 

meeting known as the retreat, and final approval at the institute’s board of scientific 

advisors also known as the advisory council. The research project funding stream of 

actions entailed posting FOAs to solicit research grant applications from extramural 

researchers, peer review of the submitted grant application, the internal funding approval 

for meritorious research grant awards, and finally the administration of research awards 

in the designated areas.  

Concept approval process. Participant 6 described the standard existing 

sequence of actions in the following way:  

[The workshop] informs staff to draft recommendations or proposals that then go 
through our own process within divisions and then across divisions and, 
ultimately, to the [institute’s annual] retreat—especially for those which are 
requesting funds. . . . We have the advantage of input from a large number of staff 
at our retreats, which I believe serves us well. So we expect the presentation and 
the documentation supporting the presentations to convincingly demonstrate that 
the program officers captured experts’ opinions in evaluating the background 
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science in that area . . . and the portfolio already exists, and merits the proposal 
. . . that we are reviewing. . . . Again [at the retreat], we’re reviewing the FOAs as 
programs. So the degree to which there’s convincing evidence that the program 
being proposed both fills a gap and fits a real need, there’s an element of 
plausibility, and the nature of the science is at a point where it’s reasonable to 
expect that investing resources to support the proposal is likely to be successful. 

Participant 4 described the standard sequence of actions that occur at the 

institute’s retreat: 

The retreat is when we all fill up one of those big conference rooms. And the 
program officers get to present their scientific proposals for new funding. Then 
everybody votes on the value of the effort and whether it should continue or not. 
[Program officers] get to give a 20-minute presentation, followed by 10 minutes 
for questions and answers. Then you move on to the next. . . . I believe every 
institute [within the agency] does it the same way. . . . They may have slightly 
different pathways, but I believe it is a standard [agency-wide] process for new 
scientific concept approvals. 

Participant 6 expounded on the feedback that occurs throughout the new concept 

approval process: 

Throughout the process, we have feedback that occurs even before the retreat. . . . 
In the course of generating these proposals, there is preliminary feedback on the 
[concept] summaries at one of the [division-level director’s] meetings . . . and 
fairly often the concepts are revised as a consequence. That is the first level. Then 
at the retreat itself, there is an opportunity for a fairly large number of people, in 
principle, to ask questions and make comments. . . . Beyond that, there are written 
comments that are submitted by staff . . . to give a quantitative estimate of what 
they think the priority should be for support as well as a narrative of what they 
think in terms of the strengths and weaknesses of each concept proposal. 

Research project funding process. Participant 2 described the same concept 

approval process and expounded on the standard procedure that occurs within the 

institute after a new FOA concept is approved at the retreat.  

If we get approval . . . at the retreat, then the concept is brought before our 
advisory council . . . [for final] approval to allow the [FOA] to be developed . . . . 
So essentially there’s a year’s worth of work that precedes the work that goes into 
developing . . . the FOA. . . . But the FOA itself is also like the tip of an iceberg. It 
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puts an announcement [to the extramural research community], expressing our 
interest in a certain area, . . . defines the kinds of research applications that can be 
submitted . . . using responsiveness criteria. . . . Eighty percent of the applications 
are reviewed [at an agency-level] center that coordinates peer review [for all 
institutes with the agency]. . . . Once the applications are in the [grant application] 
system, there is a scientific review officer who presides over the study section . . . 
[and] assigns that application to an institute for potential funding. . . . Then that 
sets the stage for those applications to be reviewed. . . . Depending upon the 
outcome of the review, we can take certain kinds of actions to make funding 
recommendations for [the award of] research grants. 

Summary of Actions 

The findings presented in Theme 3 showed that the institute used an existing 

standard process to fund research. The existing standard process entailed concept 

approval and research project funding. Concept approval included (1) the respective 

division’s development of proposed concept(s) for funding with insight from 

recommendations received at its expert workshops; (2) a presentation to all staff at the 

institute’s retreat and, when successful, senior staff’s approval to advance the concept to 

the last steps; and (3) final review and approval by the institute’s board of scientific 

advisors. Research project funding entailed (1) publishing the approved concepts as 

FOAs to solicit research grant applications from extramural investigators; (2) evaluating 

grant applications by an agency-level peer review process; and (3) awarding and 

administering research grants that the peer review ranked meritorious. The following 

subcategory presents the institute’s reflections on the actions in Theme 3. 

Reflections 

This reflection subcategory presents four clusters of findings related to the 

institute’s use of existing formal structures to enact new AI FOAs within its areas of 

research. Cluster 23 presents findings that show that the institute became more open to 
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concept approval for AI FOAs in recent years. Cluster 24 presents reflections that show 

that dissimilar philosophies on AI FOA strategies existed within the institute. Cluster 25 

presents findings that show that the participants reflected disparate perspectives on peer 

review in the research funding process for new AI grant applications. Cluster 26 presents 

findings related to the participants’ reflections on unsettled concerns about administering 

new AI research grants.  

Cluster 23: Perceived That the Institute Became More Open to Concept Approval for 

AI-Related FOAs in Recent Years 

The findings show that the institute rejected the first AI concept, which was 

presented at the 2017 retreat, and from 2018 to 2020 became more supportive of AI-

related FOAs.  

Concept approval for inaugural AI FOA. Participant 4 described the 

experience in 2017 and reflected on the iterative steps taken subsequently for the AI FOA 

to be approved in 2018.  

I will tell you that one and only effort that I ever failed in since I joined [the 
institute] was my first retreat presentation, where I tried to get a machine learning 
FOA approved. Everyone at the retreat asked, “Why? Why? Why?” And I 
thought, “Are you kidding me?” They got what we needed. I said we have too 
much data we cannot analyze it all, and I had [the presentation] up to a certain 
point. . . . Then what happened was that [the other program officers] started 
saying, well, we could do this, and we could that. Then all of a sudden, my 
presentation kind of blew apart . . . [and] lost focus. That was one of the heaviest 
lifts that I ever did. . . . I had in that particular retreat three presentations. One on 
endosome and another on the genome center . . . that sailed right through. The 
third initiative was the AI that was dropped. 

Concept approval of AI FOA from 2018 to 2020. Participant 4 expounded on 

the follow-up actions taken to obtain approval in the subsequent year.  
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[In 2018] I had to go through that whole process all over again and be totally 
convincing . . . . I had several preretreat calls and included the senior staff as well 
as my division leadership on those calls. I had my workgroup meeting in April of 
2018. . . . [Next, the extramural expert who helped to develop my FOA] came in 
and talked to us that summer for a 20-minute talk and 10 minutes of questions and 
answers . . . on how machine learning could be used in things like analysis of 
genetic data. . . . That set up my winter retreat talk for the FOA. . . . The second 
time, I [also] did not let anybody ask any questions, besides the members of the 
senior staff. . . . I didn’t let other program officers in with the kinds of questions 
[from 2017] because I was very focused. . . . And that is how . . . the [senior staff] 
agreed that [my AI FOA] was worthwhile funding, and the field was ready. 

In 2019, the AIWG presented a new AI FOA concept that the institute approved. 

Participant 6 expounded on the attributes of the AIWG’s FOA and the institute’s 

rationale for approving funding for the AIWG’s concept. Participant 6 also highlighted 

how the institute’s sensemaking apparatus evolved from when Participant 4 first 

presented the inaugural AI funding request in 2017 to the point that the institute reviewed 

the AIWG’s concept proposal in 2019. Participant 6 explained:  

Only more recently has the workgroup been in action at the retreat . . . [and] the 
initiative that is fresh in my mind is the concept that Participant 3 had taken the 
lead to present [at the retreat]. It was a request [to fund a research center] 
designed to provide the infrastructure for using applications of artificial 
intelligence in a variety of scientific areas . . . [and] it was a product of the AIWG. 
. . . The [center] will serve as an artificial intelligence technical collaboratory for 
the institute’s [scientific research areas]. . . . The collaboratory [is a] model that a 
number of our programs have used extensively. . . . It was presented as a program 
to provide an infrastructure for supporting AI pilots and the collection of AI-
related ideas and then integration of those ideas and making them accessible as a 
resource. . . . It’s a core center for support of AI activities. It struck . . . as a useful 
strategy, at a time when there is such diversity in the areas in which AI could play 
a role. The notion that this would allow pilots to be carried out and tested that 
might lead to fuller [research concepts] . . . and also provide a resource for 
harmonizing data helped to justify [the proposal’s approval]. 

The institute also approved a number of AI-related FOAs in 2020. For example, 

Participant 3 explained, “At the 2020 retreat, we had multiple new artificial intelligence 
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FOAs that did not come from the AIWG.” Members of the AIWG collaboratively, and 

individually, proposed new AI-related FOA concepts for approval.  

From the individual perspective, Participant 10 explained the rationale used to 

present an AI-related FOA, with AI somewhat buried in the context of proposal concept.  

My division does not have any AI-specific RFAs [requests for application]. What 
I presented at the 2020 retreat was a proposal to add artificial intelligence 
capabilities [to one of our existing research centers]. I did not describe it as 
artificial intelligence. Actually, I wanted to avoid that term for the purposes of the 
discussion because I did not want my concept to be folded into other programs. I 
wanted the AI resources for those specific [existing research centers]. 

From the collaborative perspective, Participant 5 described an experience and 

strategy in which his division collaborated with other divisions to present a proposal for a 

new FOA, which focused on addressing gaps in both divisions’ combined areas of 

research. Participant 5 explained:  

[In 2020], I proposed a collaborative FOA concept that includes . . . Division A, 
Division B, and Division D. . . . [The FOA] proposed to fund a comparative 
analysis using both the human and nonhuman datasets. Division A already started 
using AI for their . . . disease diagnosis . . . [and] have a working group on data 
harmonization. If this initiative is approved, . . . Division A . . . [will get funds to 
add the data] from this initiative and their . . . disease sequencing project to 
develop therapeutic faster . . . and [my new concept will benefit] from their 
methodology for data harmonization. 

Cluster 24: Reflected Dissimilar Philosophies on AI FOA Strategies 

The participants’ reflections revealed differing philosophical perspectives on 

(1) the strategies employed by the institute in FOAs to solicit research project grant 

applications from the extramural research community and (2) the premise/value of using 

AI to analyze existing datasets within the research project grants that the institute is 

funding. Participant 4 and Participant 10, for example, both perceived value in using AI 

to analyze existing datasets but held different philosophical perspectives on the 
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specificity of directives that the institute should insert upon the extramural research 

community. 

Participant 4 employed a highly specified approach and explained: 

In my FOA, I posed 10 very specific questions that I wanted the applicants to 
answer. They had to pick one of those questions and they had to focus around that 
one question and meet all of the requirements of that FOA. For example, a huge 
problem that we have in the sequencing project is that we have something called 
structural variance. Those are either single change, or very large changes, in the 
chromatin, and we cannot sort those out because there are so many of them. They 
all look different, and we cannot figure out what they are doing. So, the FOA had 
a question that asks applicants to figure out these structural variances for us. And 
. . . one application was submitted in this highly targeted area. I am happy we are 
going to get that application funded because the team is good and I believe we 
will get some good expertise to get [the structural variance] problem solved. 

Alternatively, Participant 10 reflected a philosophy that was based on limiting the 

directives that the institute inserted upon the extramural research community. Participant 

10 explained this perspective:  

We need to take different approaches. [Division A] has these artificial intelligence 
proposals out there and I believe we have different viewpoints as to how much 
control should be inserted by our program officers. . . . No matter how much we 
know, there are other people who are also smart who have different viewpoints 
about [using AI]. I think that rather than having to have a barrier of a program 
officer saying, “I know how this should be done” and then [the extramural grant 
applicants] have to respond . . . to convince the program officer . . . on top of what 
they already had to do to convince peer reviewers. . . . These are people who are 
running these labs and these computer operations; they are engaged in it all the 
time. For me it is a sideline. . . . The computer guys integrate with the biology 
guys, or the molecular guys, and that works. What I would like to say is, “What is 
the higher-level question?” . . . and I don’t want to have to overcome their 
perspective or get them to buy into mine. I do not want to control the 
investigators. I want them to just say, yeah, that is a question we can approach, or 
no. We have another question. Fine. 

Participant 13 reflected a slightly different philosophical concern, which centered 

on the institute’s use of AI to analyze existing datasets. Participant 13 explained: 
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For example, it is like [the institute] had a lot of large-scale studies that collected 
Blackberry data, which was cumbersome and had limited capability, but it still 
collects a lot of data. And now, everybody is using iPhone and Blackberries do 
not exist anymore. . . . [But the institute] does not have a good way to sunset the 
Blackberry datasets and involve ourselves in the new technology . . . [exploring 
considerations] like how to store data or whether we should really archive all data. 
[These considerations] have never been explored and thought about. Because [the 
institute], in my view, did not really understand how the field progressed in terms 
of collecting data. Now, we are [funding new FOAs] based on what we think . . . 
without realizing the dynamics of the AI field. . . . That’s why experts in AI 
community suggested it’s not really worth it to go back to the old data . . . ; 
nothing specific against any project. [But] we did our large studies . . . with data 
on only Caucasians. Now, we have all these genes, still do not know what they do 
or what they can do. [But we are funding projects] to sequence genes from 
African American, Latino, and the Chinese . . . so the mindset and assumption is 
that ‘something’ is going to come out in the end. But is that true? . . . It seems like 
the AIWG is also expanding the same sort of problem because they are trying to 
piggyback AI into their existing project [with their new FOA]. 

Cluster 25: Reflected Disparate Perspectives on Peer Review and the Research Project 

Funding Process for New AI Grant Applications 

The institute relied on peer review to evaluate and rank the research grant 

applications and used the peer review rankings to guide its final funding decisions. The 

participants held the peer review process in high regard but reflected varying perspectives 

on the likelihood of success for AI grant applications. Participant 4 reflected on one 

experience in which the peer-review process worked seamlessly and resulted in the 

favorable evaluation of the AI applications that were submitted in response to her AI-

related FOA. Participant 4 recalled:  

I was asked to recommend peer reviewers [by the agency-level institute that 
coordinates peer review], and I had a list ready because I had the information for 
50+ contributors who participated in my workshop, . . . so peer review was 
amazing. One of the reviewers, who has reviewed applications in [my area of 
science] for years and has been known to be overly critical at every review 
meeting, gave some of the applications 1.0s [or a full score]. . . . I almost fell off 
my chair because this guy is just nasty, but he liked the applications submitted in 
response to my FOA. In fact, most of the applications that were submitted in 
response to my AI-related FOA were well reviewed. . . . [In peer review,] the 
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scores range from 1.0 to 99, where 1.0 is the best, 99 is the worst. Usually, 
reviewers score down to 50 and applications scoring 50+ are dismissed. . . . In 
terms of my FOA, the reviewers dismissed about half of the applications. Fifteen 
applications were submitted and seven got scored. Two got really good scores and 
the rest were just not quite good enough. . . . But I’m really happy with the two 
good applications and expect the awards to be funded in July [2020]. 

Participant 4’s experience was unique among the study participants. Participant 3 

and Participant 9 reflected on prior experiences where peer reviewers were not receptive 

to (1) an established investigator who wanted to add a new AI-related aim to his area of 

research and (2) the lack of supporting preliminary evidence included in AI-related grant 

applications. The experiences of Participants 3 and 4 fueled their concerns for the 

applications that would be submitted in response to the AIWG’s AI FOA concept, which 

was approved at the institute’s retreat in 2019.  

Participant 9 reflected on an experience in which peer review provided somewhat 

of a confounding dynamic for an AI-related grant application.  

[In the grant application] the [extramural] investigator noted plans to bring on a 
data science [scholar] at his institution . . . [because] he saw where the research 
field was headed. . . . That was a hard sell for the peer review committee. . . . The 
review committee thought that the investigator was not a data science expert and 
the critique noted that [the investigator] needed to learn more about AI himself. 
. . . This was a surprise because this investigator has literally received every other 
possible type of grant [from the agency] throughout his career.  

Similarly, Participant 3 reflected on another experience in which an AI-related 

grant application received an unfavorable peer review score and the actions that were 

taken subsequently for the institute to fund the AI grant. Participant 3 explained: 

I’ll give you an example of an AI-related grant that our leadership took a risk 
with. It was grant application which the investigator proposed using AI to target 
individuals for palliative care. . . . The [extramural investigators] wanted to figure 
out or create an algorithm that will help them identify these individuals. The 
investigators had a big-picture vision for this work, and they wanted to use the 
algorithm in a clinical trial. The reviewers killed it . . . with a score of 50 
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something. . . . The problem was the reviewers needed evidence that the algorithm 
will work to select people who needed care. And because the [AI approach] was 
new, the investigator could not provide evidence.  

In terms of the final funding decision being made by the institute, Participant 6 

reflected lingering concerns about the level of expertise brought to bear by staff after the 

AI-related applications are ranked by the peer review process.  

The [peer review] criteria are adequate, [but] what is less clear is whether we, as a 
group of staff, collectively have sufficient expertise for those criteria to be judged 
upon for funding [after the grant applications are peer reviewed]. . . . Not to 
belittle some people who know more, certainly than me, and more than others, but 
we do not have that level of expertise. In contrast, for example, to the biology of 
[our major disease areas] . . . and what we think we understand about identifying 
genes and polymorphisms in their expression . . . and applying systems biology, 
. . . we have a lot of experience and staff in these areas. But in AI itself, we are 
just beginning to bring some people in with that expertise. . . . I think our review 
criteria are sufficient, but our [internal] expertise is suboptimal and needs to be 
grown for informed decision-making. . . . It’s the expertise within the institute 
that’s limiting. 

Cluster 26: Reflected Unsettled Concerns about Administering New AI Research 

Project Awards 

The participants also foresaw technical limitations, reward hurdles, and evaluation 

challenges with the structuring mechanisms that will be used to administer new grants 

solicited by the AI FOAs that were approved from 2018 to 2020.  

In terms of technical limitations, Participant 7 anticipated challenges using the 

existing administrative system to manage AI-related research project grants submitted to 

the AIWG’s FOA that was developed collaboratively.  

There is a challenge in the institute . . . for [managing] activities with overlapping 
interests. . . . For instance, [the institute approved] one FOA developed by the 
AIWG . . . [where several] division representatives were involved with crafting 
the FOA and are involved with following up. . . . [This collaboration] challenges 
the way our [administrative] system is configured. The system makes you select 
one person who’s the lead in submitting the FOA, and one person who is assigned 
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to the project as it’s funded. We have had a lot of discussions in the past about 
having grants coded administratively so more than one division and multiple 
program officers [can have ownership]. But right now, you can only have at max 
two names. . . . So, there are challenges with the way that the [agency-level] 
system is structured that are not as conducive to things being done collaboratively 
as we would like. 

In terms of the institute’s culture and reward policies, Participant 13 reflected 

concerns about evaluation and competition among the program officers. 

I feel it is not our culture [to work collaboratively], in general, at [the institute], 
. . . because program officers claim ‘ownership’ of whatever grant application is 
submitted in response to their FOA. . . . For example, when the grants come in, 
they are given to you based on your portfolio. But why do I care? I do not own 
anything. I want the [program officer] community to own it. . . . I think the way 
we work has to do with how we label ourselves based on what type of grants we 
have in your portfolio because that is . . . how we get evaluated. . . . All the 
program officers get evaluated based on how many grants they have in their 
portfolio. That determines how ‘successful’ we are. So, people end up holding on 
to applications, rather than distributing them based on the science. Whereas AI is 
a technology . . . that everybody should be able to manage. 

From a slightly different perspective, Participant 6 reflected uncertainty about 

evaluating pilot projects funded via the AIWG collaboratory. 

[Evaluation] will be an especially challenging activity because often we say that 
evaluation [of each grant] will come with peer review. But in this case, the peer 
review will be for the award of the [center grant to perform the AI pilot studies]. 
And then the projects, as pilots, will be reviewed by our awardees, and 
administratively . . . it will be a matter of judgment by their experts. . . . We have 
not established this yet [but we will need] a steering committee of experts to help 
review the pilots and to help us evaluate the outcomes [of the approved FOA that 
was developed by the AIWG]. 

Similar to Participant 6, Participant 4 reflected uncertainty about being able to 

interpret the final outcomes of the AI research grant awards.  

What I don’t quite know yet is what the data looks like for our [AI] study. . . . 
And when I interviewed the data scholars, I asked, “What do you think the data 
looks like?” and [the scholar] did not know either, so I do not feel too [ill-
informed]. . . . I know what genetic data analysis looks like with statistical 
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outcomes, probability scores, and gene names . . . and I can picture that on a piece 
of paper. But when you are talking about machine learning analysis and reading 
those machine learning applications, there are so many different kinds of 
outcomes that everybody’s going to have. . . . First, how will I know it is the right 
answer . . . and second, what am I going to do with that information. . . . [The 
extramural researchers] are going to be coming up with answers; they are 
iteratively going through perturbation to figure out things like risks for disease 
and all of those kinds of processes. But what would risk for disease look like? If 
that is a number and a p value, I can understand that, but if it’s something else, I 
don’t know.  

Summary of Reflections 

Theme 3 presented findings in four clusters of reflections relating to the institute’s 

(1) concept approval for new AI FOAs and research grant funding processes, and (2) 

foreseen angsts within the institute about the existing policies, procedures, and 

technological systems for administering new AI-related research grant awards. The 

findings showed that the institute became more open to concept approval for AI-related 

FOAs in recent years. The participants explained that this change in openness resulted 

from the direct discussions that occurred between the senior staff and AI experts. In 

addition, the findings showed that different philosophies existed within the institute 

regarding strategies used by the institute in published AI-related FOAs. Some participants 

developed AI FOAs with very narrow responsiveness criteria for evaluating grant 

applications to be submitted by extramural investigators in response to those FOAs, 

whereas other participants preferred to maximize extramural investigators’ flexibility in 

submitting grant applications and used more general responsiveness criteria. The findings 

also show that the institute recognized the need to modify its existing administrative 

systems to address dynamics inherent to AI, such as multiple program officers 

collaborating on one FOA, but these modifications were yet to be executed by the time 
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this study ended. The next subcategory presents outcomes associated with the actions and 

reflections in Theme 3. 

Results 

This subcategory presents three clusters of results associated with the actions and 

reflections in Theme 3. Cluster 27 presents results that show that the institute funded an 

AI pilot project with a global technology vendor. Cluster 28 presents results that show 

that the institute had funded a limited number of research grants through its new AI 

FOAs as of July 2020. Cluster 29 presents results that show that the participants assessed 

the institute to be at an embryotic stage related to AI and were now looking back to the 

extramural community for additional signals about AI.  

Cluster 27: Funded an AI Project with a Global Technology Vendor 

Participant 13 offered, “In 2017, there was a lot of talk that [the global technology 

vender’s] AI . . . can achieve somewhat magical results in biomedical research, but we 

have not seen anything yet.” Similarly, Participant 7 explained: 

I am very aware of moneys being given to [a global technology vendor] to use 
their AI capabilities to look at genetic data to try to figure out whether they could 
find something other than what the research scientists were finding in terms of the 
risk gene for [our primary research area]. And I have yet to hear an outcome from 
that. I believe that was 3 or 4 years ago at this point. . . . [But] with so many 
grants, we give money with the hope that something good is going to come from 
it. But the reality of the matter is, in most cases, we do not get a big bang; we get 
incremental sorts of changes. I suspect, since we haven’t heard anything, that we 
didn’t even get an incremental change as a result of the pilot. [That is, the vender] 
was not able to be effective in doing that sort of analysis, but that loop has not 
been closed. 

Participant 6 described the outcome similarly: 

[The pilot] was an experiment, and I don’t know it was all that successful. The 
first step of the pilot was just to see if AI [designed based on the vendor’s 
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proprietary approach] was able to reproduce the conclusions that humans were 
drawing about the risk protective factors for [one of our primary disease areas]. I 
think they got that far, but the vendor was not able to achieve results beyond what 
we can do with our human capacity. . . . I do not think we got there.  

Cluster 28: Funded a Limited Number of Research Grants via Its New AI FOAs  

All the participants explained that, to date, the institute has funded a limited 

number of AI research project grants via its new AI FOAs. However, the participants 

believe the number of solicited AI-related grant applications will increase with the 

number of new AI FOAs that were approved during the institute’s retreat in 2019 and 

2020. Participant 4 described two research grant applications that were submitted in 

response to the institute’s inaugural AI FOA in 2018. Participant 4’s explanation also 

showed how the institute increased the number of AI experts in its areas of research by 

supporting the two research grant applications.  

We funded two AI research projects [so far]. We could have funded a lot more, 
but I did not have enough [funding approved] to do more than two right now and 
we wanted to wait to see what comes into the second round [of applications], 
which are scheduled to be peer reviewed in May 2020. . . . [But] success on that 
FOA would be getting applications like the ones we funded. . . . One applicant 
will help us to figure out [genetic] structural variance . . . in a highly targeted 
[disease] area. . . . One of the applications . . . was really big and gobbled up most 
of the funds reserved for this FOA. But it is the one I really want funded the most. 
The research proposed doing an imaging study, and they already have expertise 
on board because they have already done a huge project—not the same but having 
similar features. Their past project will be shutting down September 1, 2020, with 
no possibility of being renewed . . . [and] we are essentially picking up the entire 
infrastructure that they already constructed. That saved us so much time, energy, 
and effort. The researchers are also cohesive, understand our problems, and they 
are totally flexible. At this stage in my career, I couldn’t ask for anything better 
than this. It is just the whole top of the mountain. It is really good. 
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Cluster 29: Entrusted the Extramural Community to Advance AI 

Nonetheless, the participants were optimistic that that level of AI activities within 

the institute’s areas of research would increase—and they believed that the extramural 

scientific community would help to guide the way forward. Participant 6 explained: 

I think we are just getting started and there is growing interest among staff. I 
cannot really speak knowledgeably about our relative level of sophistication 
relative to the other institutes within the agency, and I do not know who, or if any, 
agency-level office is paying attention to judge. . . . [But] more typical of the 
future than . . . in the past when we regarded AI as something apart from what we 
are doing and asked how we could begin to understand it—I think AI will 
continue evolving in its application . . . certainly, in those areas of science relating 
to omics. . . . I think we are seeing that we may be a step behind, but I believe we 
are going to accelerate and catch up fast, . . . especially in around some of the 
demographic and behavioral sciences . . . [and] in the scientific areas that we are 
working to create with the AIWG’s new FOA. 

Participant 3 echoed Participant 6: 

I think we are in a very sweet spot because . . . unlike us, the other institutes 
within the agency do not have any large AI-related projects funded at this point 
. . . and [our institute] has key roles in the agency-level AI initiatives. . . . This 
shows the vision of our leadership. Basically, they had a clean slate few years ago 
and they said, well, we are going to put two people together and see what they can 
come up with. . . . [But the institute and the agency] were simply too slow. So, we 
are about 3 to 5 years behind [private industry].  

Participant 13 offered a similar but sobering assessment:  

One of the goals of the AIWG is to stimulate the area that appears 
underdeveloped—. . . if the area needs stimulating and we can put seed money in 
somebody’s work and this thing will grow. But on the other hand, the 
[extramural] community is also smart enough. If they perceive AI to be just a 
hype, and [the institute’s] AI FOA will be over [because no grant applications will 
be submitted]. . . . Basically, the AIWG has published its AI FOA to simulate [the 
community]. . . . How the community is going to respond or how the community 
will take this AI-related research area forward will be determined based on results 
that we get [in number and type of applications]. We are just facilitating the idea 
[and] the community will decide . . . whether they are going to carry it through. 
And that remains to be seen. 
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Participant 7 qualified the rate and nature of AI-related learning to be expected 

within the institute moving forward.  

AI should enable us to be much more efficient with taking advantage of the 
massive amounts of data that are being accumulated in our varying scientific 
studies and figuring out how we are going to go forward in our scientific 
endeavors. . . . I think we are getting a good start. . . . It has been very interesting 
to see how [AI] has evolved from somewhat of a nascent stage here at [the 
institute]. A lot of our program officers are much more immersed in AI than I 
certainly am. But . . . I think it is really just evolving. I do not know that I have 
seen a radical difference [in our areas of science]. . . . But it is evolution from my 
viewpoint. 

Summary of Results 

Theme 3 presented three clusters of results relating to the actions taken by the 

institute to enact AI within its research portfolio. The findings showed that the institute 

enacted targeted programs, or FOAs, to add AI capability to ongoing research projects 

with the hope of improving the analytics of its existing large-scale datasets. The inaugural 

AI project/award was unsuccessful or remains unfinished, and as of July 2020, the 

institute had funded a limited number of research grants via its new AI FOAs. 

Collectively, the participants assessed the institute to be behind industry and at a nascent 

stage with its current AI activities. However, the participants predicted that the institute 

would catch up to where it needs to be with the new AI FOA concepts approved in 2019 

and 2020. A summary of the findings is presented in the following section.  

Summary of the Findings 

This chapter presented findings to address the study’s primary research question: 

How does an organization focused on funding biomedical research use action and 

reflection processes while learning about AI? The findings presented three themes, which 

showed that the institute (1) used self-governance approaches to identify AI research 
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gaps, (2) used extramural experts to clarify AI funding opportunities in research gap 

areas, and then (3) used its existing formal structures to enact funding opportunities for 

AI. Collectively, the three themes present the organization’s experience in learning about 

AI from 2017 to 2020. 

Findings from the first theme showed individual and group-level self-governance 

actions and reflections in learning about AI. The institute’s supported research conducted 

within the extramural community sought to address data analysis faced by extramural 

investigators, and preconceived AI as a potential solution to the data analysis challenge. 

The staff within the institute then used self-guided actions, which included conducting 

literature reviews, chartering a workgroup focused on AI (AIWG), hosting AI seminars, 

sharing AI information received from sources outside the institute, and brainstorming on 

shared AI challenges to gain broad preliminary information on AI.  

The participants’ reflections on their self-guided actions indicated that they 

perceived the role of the AIWG differently and deferred to a lowest common 

denominator approach for decision-making. The participants also envisioned 

opportunities to improve communication within the AIWG but held different perspectives 

on the need for strategic planning around the institute’s AI activities. Nonetheless, the 

actions taken by the institute resulted in the participants collectively defining AI as a data 

analytic tool, uncovering general parameters for using AI, and prioritizing areas of focus 

for the institute’s efforts around AI such as training and AI infrastructure development. 

By the end of the study, the participants had not yet defined how the AIWG’s priorities 

should be interpreted or formed a consensus on institute-wide principles to be used in 

individual or group-level sensemaking regarding AI.  
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Findings for the second theme showed that the institute used external experts to 

deepen the knowledge gained in Theme 1. Specifically, the actions entailed convening 

workgroups in targeted areas of science and using the institute’s professional network to 

recruit AI experts to work alongside internal staff. These workgroups were convened as 

separate activities by individuals within the various scientific divisions, and the study 

found no actions or structuring mechanisms for disseminating the knowledge gained from 

the workshops throughout the institute. The participants reflected concerns about the 

institute’s increased dependence on external experts for guidance with AI but had 

favorable views about the institute’s AI recruitments. As a result of the actions taken 

within the second theme, the institute refined its knowledge on the value, limitations, 

readiness, and strategies for implementing AI in targeted areas of science. However, the 

study also found instances where external experts provided conflicting information on AI 

that the institute ignored. 

Findings related to the third theme showed the institute used its existing formal 

processes to enact funding opportunities, which ultimately led to the awarding of AI 

research grants in targeted areas of science. The institute’s actions within this theme 

presented the existing process as a series of activities that entailed two streams of actions: 

concept approval for new AI-related FOAs and research project funding for grants 

submitted in response to the approved new AI-related FOAs. The participants reflected 

that (1) the institute became more open to approval of AI-related FOAs in recent years 

and expressed (2) dissimilar philosophies on AI FOA funding strategies, (3) disparate 

perspectives on peer review in the research project funding process, and (4) unsettled 

concerns about the administration of new AI research project awards. By the end of this 
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study, the institute had funded a pilot AI project with a global technology vendor and 

awarded a limited number of AI research grants via its new AI-related FOAs. 

Accordingly, the participants perceived the institute to be at an embryonic stage with its 

AI activities.  

Chapter 5 presents interpretations of the findings, including an analysis of the 

acting and reflecting processes, and the conclusions and recommendations derived from 

this study.  
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CHAPTER 5: 

INTERPRETATIONS, CONCLUSIONS, AND RECOMMENDATIONS 

The study was undertaken to explore one biomedical research funding 

organization’s learning regarding artificial intelligence technologies (AI). Specifically, this 

study used Weick’s (1979) enactment theory (ET) to unpack the organization’s actions and 

reflections in learning about AI—as posited in Schwandt and Marquardt’s (2000) 

organizational learning systems model (OLSM). This chapter presents the interpretations, 

conclusions, and recommendations based upon the findings of the research related to the 

primary research question: How does an organization focused on funding biomedical 

research use action and reflection processes while learning about AI? 

Interpretations 

 This section discusses the major findings presented in Chapter 4 compared to the 

conceptual framework used to develop this study and the literature reviewed in Chapter 2. 

The discussion centers on the points of consistency with or departure from the study’s 

conceptual framework.  

Points of Consistency: Organizational Learning Systems Model 

The findings validated the usefulness of OLSM for exploring organizational 

learning within the biomedical research industry. At the ‘macro’ level, the data presented 

in the three themes show that the institute used action and reflection processes while 

learning about AI to (1) identify AI research gaps, (2) clarify funding opportunities in the 

AI research gap areas, and (3) enact funding opportunity announcements (FOAs) for AI 

in targeted areas of science. The FOAs then generated AI-related research project grant 
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applications from the extramural research committee, and the institute used additional 

action and reflection processes to fund a limited number of meritorious research project 

grant applications. A synthesis of the findings using the dyadic interchange media 

stemming from the action/reflection subsystem of action in the OLSM is presented in 

Table 5.1. 

Table 5.1 
Interpretations Synthesized Based on the OLSM’s Action/Reflection Dyads 

Interchange media Study interpretations 
New information 
and goal reference 
knowledge 

The institute collected new information regarding the use of AI as a 
biomedical research tool. The institute’s reflection was limited to the 
content of new information received on AI, and as such, the knowledge 
produced was limited to the valuation of new AI funding opportunities in 
targeted areas of science.  

Structuring and 
goal reference 
knowledge 

The institute’s structuring primarily served as a pass-through for new 
information on AI and was used in a manner that served to reinforce 
existing routines. The absence of reflection on procedural actions provided 
no opportunity for the participants to question existing research strategy, 
practices, procedures, and funding mechanisms as they relate to AI. 

Sensemaking and 
goal reference 
knowledge 

The institute lacked a clear institute-wide position on AI, which enabled 
differing philosophies to be employed in enacting new funding 
opportunities to implement AI in targeted research areas. The institute’s 
reflections were directed to discrete research projects that served to 
reinforce separateness in administering of AI research project grant areas 
and rewarding staff for AI-related accomplishments. 

 
 
 

Collectively, the interchange media configuration patterns confirmed that 

structuring can serve as both a conduit and barrier to organizational learning and 

confirmed that the lack of reflection inhibits the production of goal reference knowledge.  

Points of Consistency: Enactment Theory  

The mission of the institute examined in this study was knowledge generation, 

which further complexified the boundaries between the processes related to its ongoing 
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performance versus learning. Due to the complex nature of human actions in the social 

context, Schwandt and Marquardt (2000) cautioned about this difficulty in separating 

performance and learning actions in conceptualizing the OLSM. Rather than creating an 

artificial separation, the analysis that follows uses the tenets of ET as heuristics for 

examining the sequence, nature, and overall pattern of acting and reflecting processes 

related to both the performance and learning actions of funding research.  

Sequence and Nature of Acting and Reflecting Processes in Learning 

Through ET’s lens, the findings in this study suggest the institute created its AI 

environment through a series of acting and reflecting processes. ET posits that 

organizations are cognitive systems that create the environment that they respond to by 

an assemblage of three ongoing microprocesses: enactment, selection, and retention 

(Weick, 1979; Weick et al., 2005). Enactment is the gateway to the three ET 

microprocesses, and it accounts for all new information that the cognitive system 

acquires and considers in meaning-making and organizing (Weick, 1979). Selection 

entails actions that the system takes to reduce equivocalities through the trial-and-error 

applications of solutions derived from past experiences. Selection results in valued new 

information or knowledge and retained thinking practices, which the cognitive systems 

ultimately store through retention (Weick, 1979).  

To gain deeper insights into the sequence and nature of the reflective findings 

presented in Chapter 4, it’s worthwhile to examine the clusters of action and reflection 

based on ET’s enactment microprocess. This examination warrants two heuristic 

maneuvers. First, the institute must be conceptualized as a cognitive system. From this 

view, the institute is akin to a brain, and every aspect of its functioning depends on 
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information processing (Morgan, 2006). Second, the findings must be examined as new 

information, which entered the cognitive system through enactment at some period in 

time. Because enactment serves as the only gateway for entry into the cognitive system, 

the clusters presented in Chapter 4 can be reordered to represent when the information 

first entered the cognitive system to examine the sequence of acting and reflecting 

processes that occurred in the institute’s learning. Table 5.2 lists the clusters based on the 

enactment microprocess.  

 
Table 5.2 
Sequence of the Study’s Findings Based on the Enactment Microprocess 

Wave 
No. Activity Findings 
1 Action Cluster 1: Grounded its scientific mission in extramural research  

Action Cluster 22: Used a standard, existing process to fund research 
Action Cluster 2: Sought to address data analysis shortfall and preconceived AI as 

a potential solution 
Action Cluster 3: Used self-study actions to identify scientific needs and trends in 

the literature, such as AI 
Action Cluster 4: Collectively acknowledged the internal AI knowledge deficits  
Action Cluster 5: Chartered a self-governed AI workgroup (AIWG) 
Action Cluster 7: Brainstormed with colleagues in the AIWG workgroup 
Action Cluster 8: Shared information with AIWG chair’s facilitation 
Action Cluster 16: Convened focused AI workshops in targeted research gap areas  

2 Reflection Cluster 9: Perceived the AIWG’s role differently 
Reflection Cluster 11: Conceptualized a lowest common denominator approach as the 

basis for consensus 
Reflection Cluster 12: Viewed AI strategic planning inconsistently  

3 Action Cluster 17: Used its professional network to recruit AI expert for internal 
support 

4 Reflection Cluster 24: Reflected dissimilar philosophies on AI FOA strategies 
Reflection Cluster 19: Reflected favorably on AI recruitments 

5 Action Cluster 6: Offered AIWG-hosted AI seminars in a broad scientific area 
6 Reflection Cluster 10: Envisioned opportunities to improve communication and 

participation in the AIWG 
Reflection Cluster 23: Perceived that the institute became more open to concept 

approval for AI-related FOA in recent years 
Reflection Cluster 18: Perceived an increased dependence on external guidance  
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The use of the enactment microprocess to order the clusters of findings suggests 

that the institute’s learning evolved in the six waves of action and reflection shown in 

Table 5.2. The first wave of actions (i.e., Clusters 1, 22, 2, 3, 4, 5, 7, 8, and 16) suggests 

that the institute began its exploratory activities using routine practices at the individual 

level to bracket streams of new information about AI. The actions were fueled by the 

institute’s desire to identify solutions to a perceived burgeoning data analysis challenge 

among its extramural researchers. The staff’s limited understanding of AI impeded 

disparate, individual-level actions, and the institute chartered the workgroup hoping to 

address its knowledge gap.  

The analysis also suggests that the use of workshops and workgroups to address 

knowledge deficits among its staff was a routine institute practice. From ET, the 

institute’s workshops and AI workgroup can be interpreted as cognitive sites 

commissioned to bracket, label, substantiate, and discard new AI information, and the 

practice of using workshops and workgroups to address knowledge shortfalls can be 

understood as a tool that the institute, as a cognitive system, retained through retention. 

The finding suggests that the institute uses focused questions to guide its workshops. 

However, the study did not find any actions taken by the institute to suggest the guiding 

premise(s) for how the workgroup should address the institute’s AI knowledge gap.  

The second wave of activities encompasses reflections, which suggest 

discordance. This wave includes Clusters 9, 11, and 12. The data within these clusters 

indicate that the institute’s AI workgroup’s purpose was not clear. Given the differing 

perspectives, the workgroup defaulted to using the lowest common denominator 

approach in selection to make sense of new AI information. ET suggests that the 
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discordance could be interpreted as a breakdown in selection due to the lack of a shared 

cognitive framework for making meaning about AI within the workgroup.  

The third wave includes Cluster 17, and the analysis suggests that the institute 

recruited external expertise to support the development of new AI FOAs. The external 

experts contributed additional further information on AI, but most notably, helped the 

institute in selection, to clarify the timeliest opportunities for AI investments.  

The fourth wave of reflective activities included Clusters 24 and 19. That analysis 

suggests that the institute’s staff retrospectively analyzed the FOAs proposed among the 

divisions and deduced that the scientific divisions were using differing philosophies in 

their FOAs. Nonetheless, the staff appreciated the institute’s recruitment to help with 

making sense of the AI environment.  

The final waves of acting (i.e., Cluster 6) and reflecting processes (i.e., Clusters 

10, 18, and 23) suggest that the institute perceived an increasing dependence on AI and a 

growing need to be responsive to the AI environment that it enacted.  

Role of Preconceptions in Learning 

In ET, Weick (1979) expounded the role of preconceptions to explain the 

connection between the enactment environment and the organization as a cognitive 

system. ET contends that organizations take actions to bring structures and events into 

existence and defines the results of these actions as the enacted environment (Weick, 

1979). The enacted environment encompasses ‘real’ objects as well as meaning (Weick, 

1979). From this perspective, ET describes the organizational learning actions as efferent 

sensemaking, or a process by which ideas from within the cognitive system are “extended 

outward, implanted, and then rediscovered as knowledge” (Weick, 1979, p. 158).  
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The efferent sensemaking comports with the dynamics of actions and reflections 

that were found in this study. When the institute’s acting and reflecting processes are 

ordered based on ET, Cluster 2 surfaced as the first AI-specific action. The data in 

Cluster 2 comports with the notions of preconceptions postulated in ET. The analysis 

suggests that the participants preconceived AI as a viable solution to a growing data 

analysis shortfall among its extramural researcher stakeholders and took actions that 

enacted new funding opportunities to implement AI data analytic capabilities within 

targeted areas of research. The institute’s actions also reinforced perceptions of AI as a 

viable solution for analyzing existing datasets, despite signals from the agency-level AI 

implementation principles that guided against the use of AI on existing datasets and some 

staff’s internal concerns about implementing AI in a piecemeal manner. 

Antecedent Conditions for Acting and Reflecting in Learning About AI 

The ET lens also suggests insight about the antecedent conditions for learning in 

this study. When ordered based on the enactment microprocess, Clusters 1 and 22 

advance to the first two positions in the sequence of acting and reflecting processes. 

Cluster 1 presented data that showed that the institute grounded its operations in studies 

conducted in the extramural research community. Cluster 22 presented data that showed 

that the institute had a longstanding existing process for funding research, which all the 

participants in the study understood well. Actions within these two clusters established 

and maintained the commonly understood approach that the institute used to substantiate 

or discard new information streams. The analysis suggests that the commonly understood 

process was not unique to AI. The approach more appropriately described the antecedent 

conditions for the institute’s learning about AI.  
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Overarching Pattern of Acting and Reflecting Processing in Learning 

Arranging the clusters of findings based on enactment also enables further 

abstracting into the overarching pattern of acting and reflecting processes. For example, 

three key attributes of the institute’s learning that surfaced when considering the 

microprocesses in ET were the (1) levels of social activities, (2) elements of acting and 

reflecting processes, and (3) cyclic properties of the institute’s performance and learning. 

Figure 5.1 depicts the institute’s overarching learning pattern.  

 

 

Figure 5.1. Institute’s overarching pattern of performance and learning. 
 
 
 

Through the lens of ET, the institute’s acting and reflecting processes suggest that 

a curvilinear, dialogical process linked the institute’s levels of learning and formed the 

nucleus of the collective’s learning about AI. The learning pattern suggests an orderly 

progression from individual-level program management activities, to workshops for 

expert opinions, to an all-staff retreat for funding concept approval, to the publication of 
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FOAs for research grant applications, to peer review for the scientific evaluation of 

research grant applications, and back to the individual level for program management 

activities, where the cycle repeats.  

The levels of social activities suggest insights about information processing flow 

during the institute’s acting and reflecting processes. The social activities indicate that the 

knowledge structures emerged from bottom-up self-study actions and, over time, 

expanded to include peer-to-peer, group, and the collective for legitimization. Ultimately, 

the knowledge structures returned to the individual level to be sustained by continuous 

use in ongoing actions.  

Points of Departure 

At the micro level of analysis, ET proved valuable for explaining the dynamics 

postulated within the ‘black box’ of the action/reflection subsystem of the OLSM. 

However, the findings in this study departed from the concepts within the conceptual 

framework in three notable ways. 

The Importance of Dialogue 

In the OLSM, Schwandt and Marquardt (2000) suggested dialogue as an 

alternative to ‘guessing,’ in the absence of organizational guidelines, to achieve a 

dynamic balance between information exploration and information exploitation (March, 

1991) in the organizational learning process. This study found dialogue to be more 

preeminent than the conceptualization in the OLSM. Dialogue was found to be the 

process in which and by which the organization’s acting and reflecting processes 

occurred, and the means by which new information was valued to inform the goal 

attainment prerequisite function of the organization. 
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Time and the Multifaceted Levels of Social Activities 

Second, the data across all three major themes suggest that the institute’s learning 

was characterized by episodic experiences, which emerged from self-guided individual 

activities to loosely coupled group proceedings and, ultimately, to collective actions over 

a 3-year period. The actions within the institute oscillated between the individual, peer-

to-peer, and group levels before advancing to include the collective—and this pattern was 

more constant than the fluid dynamics advanced in OLSM. 

Third, and related to the second point of departure, is the multifaceted nature of 

the institute’s organizational learning experience. The study identified four levels of 

social activities in the institute’s learning: individual, peer-to-peer, group, and the 

institute as a collective. These multifaceted activities partially align with Crossan, Lane, 

and White’s (1999) 41 process model. However, the investigative value of time and level 

of social activities is untheorized in both the OLSM and the ET.  

Importance of Examining Multiple Levels of Social Activities in Organizational 

Learning Over Time 

This study’s findings exemplify the value of both time and levels of social 

activities when examining learning in vivo. When clusters of findings presented in this 

study are (1) arranged in a sequence based on enactment and expanded to include the 

levels of social activities (i.e., individual, peer-to-peer, workgroup, and the collective) 

over time, they suggest more in-depth insight into the nature of activities postulated in 

the action/reflection subsystem of the OLSM. Figure 5.2 depicts the institute’s 

pattern/sequence of acting and reflecting processes expanded to incorporate the levels 
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of social activities. ‘A’ before the cluster number indicates that the cluster relates to 

action activities, whereas ‘R’ indicates the cluster relates to reflective activities.  

 

 
Figure 5.2. Sequence of acting and reflecting processes expanded to include the levels of 
social activities.  

 
 
In the analysis depicted in Figure 5.2, the data suggest a separation between the 

individual-level reflections and actions taken to enact new AI FOAs within targeted 

areas of research. That analysis suggests that the institute’s structuring and sensemaking 

mechanisms provided conduits and shared symbolic codes for the participants to 

bracket, label, and advance valued information about AI that aligned within the 

institute’s established understanding of how research should be performed. However, 

the analysis also suggests that the institute lacked mechanisms to capture the individual-

level reflections, which emerged retrospectively and sporadically throughout its 

learning about AI. Some reflection emerged while the participants were being 

interviewed for this study.  
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The Importance of Collaboration 

The importance of collaboration appears to be neglected. Collaboration emerged 

as a key concept in the actions performed at the individual, peer-to-peer, group, and 

collective levels to identify research gaps and clarify funding opportunities to implement 

AI in the institute’s targeted areas of research. Similarly, barriers to collaborative 

practices such as ill-defined guidelines for workgroup actions, siloed administrative 

system configurations, and individual-based reward structures surfaced during the 

participants’ reflections on the institute’s experience in learning about AI. 

Conclusions 

Six conclusions were drawn from the study interpretations. 

Conclusion 1: Dialogue Is the Nucleus of Organizational Learning  

 Dialogue is well recognized as a key consideration in the organizational learning 

scholarship. In conceptualizing the OLSM, Schwandt and Marquardt (2000) suggested 

that dialogue may serve as one way that actors in an organization interact and reflect to 

produce knowledge in the absence of organizational guidelines. Oswick et al. (2000) 

suggested that dialogue enables the actors in organizations to reflect more broadly on 

organizational behavior to determine possible meanings and alternative approaches. 

Similarly, Casey (2000) posited that there is no substitute for dialogue in addressing the 

tensions that routinely develop within a collective system or organization.  

This study found dialogue to be preeminent, or the nucleus of organizational 

learning. The institute’s acting and reflecting processes were operationalized in dialogic 

engagements at the individual, peer-to-peer, group, and collective levels. The 
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sensemaking media established the rituals and behavior regularities, such as workgroup 

discussions, seminars, expert workshops, and the all-staff retreat. However, it was the 

dialogue that occurred in those forums that served to reduce ambiguity around AI, make 

sense of the areas of focus for the institute’s development of AI FOAs, and transform 

new information on AI into valued organizational knowledge.  

Conclusion 2: Dialogue Links the Levels of Learning in a Collective System  

Consistent with Weick’s (1979) notion that we do not know what we think until 

we see what we say, this study found that the dialogic process served to connect and 

advance the topical discussions on AI from individual program officers’ intuitions, to 

peer-to-peer engagements, to the AI workgroup meetings, to presentations at the 

institute’s all-staff retreat, and ultimately back to the individual program officers. The 

participants described a variety of AI-related scientific gap areas, but the institute’s use of 

a dialogic process remained constant for advancing those ideas progressively through the 

various levels of learning in the collective system.  

Conclusion 3: Organizational Learning Includes Both Orderly and Dynamic 

Processes  

 The findings of this study suggest that organizational learning is heterogenous, 

involving both orderly and dynamic processes. The organizational learning micro-level 

processes appeared dynamic, whereas the macro-level organizational learning processes 

were more stable and orderly. The dynamic micro-level processes stemmed from the 

episodic self-study actions, engagements with colleagues, and participation in a host of 
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‘thought-provoking’ forums such as seminars, workshops, workgroups, and taskforces 

that the participants described.  

The dynamic learning at the micro level was ultimately transferred into an orderly 

macro-level process for legitimization at the organizational level. At the macro level, the 

participants in this study indicated that the institute followed a standard existing routine 

for vetting new funding programs such as AI. The routine established an orderly 2-year 

process cycle for novel ideas to be discussed, reflected upon, and advanced for funding.  

Conclusion 4: Collaboration Increases Organizational Learning Efficacy 

The findings in this study suggest that collaboration is an implicit but 

undertheorized concept in organizational learning. Core to the organizational learning 

literature is the fundamental assumption that social actions produce knowledge and 

shared cognition (Easterby-Smith, 1997; Schwandt & Marquardt, 2000; Weick, 1979). 

For example, Crossan, Lane and White’s (1999) 41 process model posits four processes 

(intuiting, interpreting, integrating, and institutionalizing—or 4I) and three levels 

(individual, group, and organizational) of organizational learning and asserts that 

integrating and institutionalizing as collective processes involve multiple actors. 

However, the organizational learning scholarship stops short of defining concepts that 

affect the strength or direction of the organizational learning process.  

The findings in this study point to collaboration as a moderator of organizational 

learning efficacy. Specifically, the findings suggest that collaborative actions increased 

the institute’s requisite variety (Weick, 1979) for identifying, exploring, defining, and 

clarifying AI research needs. The first major theme expounded the willful and self-

directed engagement that occurred within the institute to gain broad knowledge on AI as 
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a potential solution to the perceived data analytic shortfall within the research 

community. The participants described how they sought and received guidance from 

colleagues, brainstormed on overlapping challenges, and shared information—absent of 

prescriptive guidance or directives from authoritative individuals. 

The second major theme exemplified collaborative actions taken by the institute’s 

members to learn about AI. For instance, the participants detailed willful collaborative 

actions taken to locate external experts and to foster collaboration among the AI experts 

at the institute’s workshops. Similarly, the data captured the participants’ elation when 

the institute recruited AI experts to work collaboratively with staff internally to develop 

AI-related concepts to be proposed for funding at the institute’s retreat.  

The institute’s sensemaking media provided a commonly understood formula for 

addressing equivocal topics such as AI. Structuring provided the conduit for actions and 

in some instances served as a barrier to intended actions. But overall, the organizational 

learning demonstrated in this study stemmed from the willful collaborative actions 

generated by the participants’ intuition (Crossan et al., 1999), guided by shared 

preconceptions, and facilitated within the institute’s structuring mechanisms. 

Conclusion 5: Reflections Must Be Probed/Stimulated for Organizational Learning 

to Occur 

 This study uncovered reflection in vivo at the individual, group, and collective 

levels of analysis. These findings align with the value of reflective activity advanced 

throughout the organizational learning literature. For example, Schwandt and Marquardt 

(2000) established that reflection must occur for goal reference knowledge to be 

produced in conceptualizing the OLSM, and contended that reflections occur when some, 
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or all, individuals in an organization review, judge, and decide on issues in the name of 

the organization.  

Other organizational theorists have also highlighted the role of reflection and 

organizational learning. Walsh and Ungson (1991) connected reflections to organization 

memory and established that organizational memory is a core concept in organizational 

learning. Mezirow (1997) identified reflection as a critical component of adult learning in 

the real-world context; Smith and Billet (2006) expounded on reflection and changes in 

cultural practices at work; and Cain (2019) examined connections between reflection, 

organizational learning, and teachers’ decision-making. However, the existing literature 

on reflection focuses on substantiating and legitimizing the concept as a critical 

component in the organizational learning process. The findings in this study 

demonstrated a simple but critical notion: reflection must be probed for its value to 

materialize in organizational learning.  

 This study demonstrated what happens both when an organization reflects and 

fails to reflect in exploring new information. The findings show that the institute reflected 

on the content of new information regarding AI but failed to consider/curate reflections in 

the institute concerning the processes and structuring implicated in its learning about AI. 

For example, the participants in this study described the institute’s actions and 

subsequent reflections on AI-related information across the three major themes. The data 

presented the institute’s established mechanisms and practices for collecting feedback on 

the AI seminars, producing comprehensive reports on AI workshops, and gathering 

survey responses related to new concepts presented at the institute’s retreat. What these 

findings imply but do not explicitly state is that the institute established various 
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mechanisms and practices to stimulate reflection on the content of information shared 

within collective forums. 

 On the flipside, the findings also revealed that the institute lacked mechanisms 

and established practices for procedural reflections throughout the period of learning 

examined in this study. It should be noted that the study participants had reflective 

insights on the institute across the three major themes presented in the findings. For 

example, within the first major theme, the participants offered procedural reflections on 

the nature of communication within the institute’s AI workgroup and institute-wide 

participation in the AI workgroup writ large. Also, within the third major theme, the 

participants offered procedural reflections on potential barriers to collaborative actions 

enshrined in the institute’s administrative technologies and reward structure. However, 

the institute missed the opportunity to explore and adapt, where necessary, because it 

failed to probe for these procedural reflections, and as a result, limited goal reference 

knowledge was created. 

Conclusion 6: Organizational Learning Produces Outcomes at Multiple Levels of 

Analysis and at Different Time Intervals 

 The outcome of the organizational learning process is arguably the most widely 

debated topic among organizational learning scholars (Easterby-Smith, 1997). Scholars 

offer different perspectives on evidentiary findings that substantiate that the process has 

occurred and the locus of activity for organizational learning actions. This study adopted 

Schwandt and Marquardt’s (2000) definition of organizational learning, which contends 

that the organization’s adaptive capacity must change for organizational learning to 

occur.  



172 

Schwandt and Marquardt (2000) did not explicitly define the dynamics for 

attributes of a change to the organization’s adaptive capacity; however, the organizational 

learning literature writ large encompasses a variety of perspectives. Weick and Westley 

(1999) proposed accessing concepts of organizational culture to examine the outcomes of 

organizational learning. Weick and Westley (1999) also asserted that sometimes stability 

is the outcome of learning in volatile and unpredictable environments. Argote (2013) 

advanced a cognitive-behavior model, which focuses on learning curves or the change in 

the number of units that an organization produces within a given period. Langer (2018) 

posited that information technology codifies organizational knowledge and advanced that 

organizational learning is best accessed by examining history, dynamics, and attributes 

encased in the organization’s information technology infrastructure.  

The study uncovered three levels of results that range from tangible products to 

inferences regarding existing performance routines and shared cognition within the 

institute. Figure 5.3 provides an overview of the organizational learning results 

demonstrated across the three major themes in this study. 

 

 

Figure 5.3. Summary of the institute’s organizational learning results. 
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 The results obtained in this study are consistent with a wide swath of the existing 

literature on organizational learning outcomes. At the highest level, the institute’s 

learning resulted in AI-related programs or FOAs and new research grant awards. The 

course of actions across Themes 1, 2, and 3 present findings that demonstrate how these 

‘real’ outcomes were identified, clarified, and implemented. The results at a second level, 

the action/reflection subsystem, convey outcome functions of the learning system as 

conceptualized by the OLSM. The data presented in this study exemplify that the institute 

utilized existing knowledge, skills, and abilities in learning about AI. These results 

occurred at different time intervals over a 3-year period. However, the process did not 

result in knowledge that changed the form or functioning of the institute. At the lowest or 

microprocess level, the results of this study characterized the learning outcome as an 

outward projection of existing preconceptions within the institute and maintenance of the 

collective’s shared schema for how research should be conducted.  

 However, the findings of this study innately suggest that preconceptions must 

change for the organization to adapt or amend its structures, routines, and sensemaking 

media when faced with equivocal information. Without changes to these fundamental 

preconceptions, the organization will acquire new information and operationalize the 

valued information in a manner that is consistent with existing practices. This study 

found no evidence to support that the knowledge derived in the course of developing new 

AI concepts, in turn, increased the organization’s adaptive capacity (i.e., as posited in 

Schwandt and Marquardt’s [2000] concept of goal reference knowledge), despite the 

extended period of time that the institute engaged in learning about AI and the 

multifaceted nature of the institute’s learning actions.  
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Recommendations 

This section discusses the recommendations emanating from the study related to 

theory, practice, and future research.  

Recommendation Related to Theory 

The resurgence of AI is a phenomenon that most organizations must contend with 

in the 21st century. Emerging trends in AI have the potential to alter the organizational 

knowledge base, structuring, capabilities, and products/services. Likewise, organizational 

theories should be re-examined for relevance in these rapidly changing environments. 

This study demonstrates that organizational learning remains a much-needed area for 

organizational theorizing and also confirmed that Schwandt and Marquardt’s (2000) 

OLSM remains a viable framework for examining the dynamics of organizational 

learning in the 21st century. Similarly, ET remains useful for explaining the 

microprocesses that occur as an organization makes sense of ongoing changes and the 

equivocalities in its environment. 

The data also confirmed that organizations must reflect retrospectively on their 

actions to produce learning, and reflection must be directed at the topic of interest as well 

as the organization’s structuring and sensemaking schema to optimize learning. 

Accordingly, it is recommended that theories on organizational dynamics expound the 

value, nature, and object of reflection.  

Nonetheless, this study demonstrated that it is difficult to examine the connections 

between actions and reflection post facto. The participants of the study offered deep rich 

reflections on current activities, and their reflections became more speculative as they 

reached back further in time. Based on these findings, it is recommended that the OLSM 
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deepen its discussions on reflection. Specifically, the model should expand to offer 

clearer insight on the timing of reflections and the associated value to the organizational 

learning process.  

This study also demonstrated the importance of collaboration and time as critical 

and essential components of organizational theorizing. Collaborative actions served to 

convert individualized actions to shared group activities and retained outcomes. Inherent 

to collaborative actions is the importance of time. The data in this study demonstrated 

how peer networking shaped ideas, corralled resources, and resulted in organizational 

learning on AI. These findings suggest that both the OLSM and ET should further expand 

on the importance of collaboration (1) as an essential concept for organizational learning 

and (2) as a social mechanism used in the process of reducing the equivocalities and 

valuing new information. 

Finally, based on the study, it is recommended that the definition of 

organizational learning, as posited by the OLSM, should be updated for clearer alignment 

with research outcomes. In OLSM, organizational learning is defined as “a system of 

actions, actors, symbols, and processes that enables an organization to transform 

information into valued knowledge which in turn increases its long-term adaptive 

capacity” (Schwandt & Marquardt, 2000). However, Schwandt and Marquardt (2000) 

stopped short of clearly defining adaptive capacity, and without a clear definition of 

‘adaptive capacity,’ researchers are left to speculate about the alignment between their 

findings and overall organizational learning as posited in the OLSM.  

Removal of the phase “which in turn increases its long-term adaptive capacity” 

from the OLSM definition broadens the scope of the definition’s utility and increases the 
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definition’s alignment with the scope of outcomes/results attributable to the 

organizational learning process. In this study, the data pointed to learning outcomes that 

altered the institute’s knowledge, capabilities, and products without any qualifying 

assessment of adaptive capacity. However, despite the institute’s effort to explore a new 

area of science, i.e., AI, the participants explicitly expressed that the institute’s strategies, 

structures, and processes remained unchanged. It is reasonable to conclude that the 

organization acquired and converted information to valued knowledge, but any assertion 

about changes to the organization’s adaptive capacity would be questionable.  

Recommendation Related to Practice 

The conclusions from this study support six recommendations for practice. 

1. Leaders, managers, and practitioners should cultivate organizational 

dialogue as a preeminent, continuous, and generative process. This study 

demonstrated that dialogue serves as the essence or nucleus of organizational learning. 

The dialogic processes served to transform individual intuitions into shared knowledge 

and new AI programs within the institute’s widely understood operational boundaries. 

The findings in this study also demonstrated that the absence of dialogue may result in 

counterproductive tensions and inadvertent separateness. To increase learning efficacy, 

leadership should foster environments that establish the prerequisites—when necessary—

for dialogue. In such an environment, the participants should (1) “freely listen to each 

other, without prejudice, and without trying to influence each other,” (2) be “interested 

primarily in truth and coherence,” and (3) be “ready to drop his or her old ideas and 

intentions and . . . go on to something different if this is called for” (Bohm, 1996, as cited 

in Schwandt & Marquardt, 2000). 
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Along the same lines, leaders should recognize that meaning is constructed in 

dialogic communication and that the reason for communicating is to better understand 

what is said with the hope of finding more effective ways for the collective to move 

forward (Oswick et al., 2000). In addition, meetings should be managed from the 

perspective of continuous discourse, with significant focus on  

• How conversations and information sharing connect from one forum to the next 

• The duration of time afforded for reflection between conversations 

• How the outcomes of dialogic events are retained for later reference 

2. Leaders, managers, and practitioners should ensure there is a shared 

understanding within the workplace for proposing and vetting new ideas. The 

institute in this study benefited from the participants’ shared understanding of how new 

ideas were to be developed, legitimized, and operationalized as a new program. For 

example, the data showed that the participants understood (1) the need to convene a 

workgroup to amass the limited staff knowledge, (2) the need to consult with literature 

and external experts to legitimize and support concepts proposed for funding, and (3) the 

timing and course of events necessary to propose new concepts for funding. The shared 

understanding served to reduce process ambiguity for advancing new ideas.  

3. Leaders, managers, and practitioners need to ensure that the work 

environment fosters collaborative work. This study demonstrated that collaboration 

serves to bridge the gap between self-directed intuitive actions and group activity, in the 

absence of directive guidance. Collaborative work fosters new information sharing, 

brainstorming, and the development of shared understanding within the work 

environment. However, without clear collective guidance and mechanisms for reflection, 
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even collaborative actions are prone to communication challenges, philosophical 

conflicts, and suboptimal learning outcomes.  

4. Leaders need to ensure the organization includes mechanisms for 

capturing individual and collective reflection on both content and process. The 

findings in this study described an institution that identified, clarified, and implemented 

AI to address a perceived shortfall of data analytic tools among its research community. 

More specifically, the findings showed that the institute incorporated AI into its 

operations, but failed to capture, curate, and address foreseen AI-related issues in the 

institute-wide strategy, existing administrative systems, and reward structure. These 

results confirm that in exploring AI, organizations must, in concert, examine the related 

implications on the shared understanding of how work should be performed and 

rewarded. Clues for potential adjustments exist within staff’s reflections. However, 

reflection appears to provide the richest information when collected in vivo or throughout 

the course of the organization’s learning. 

5. Practitioners need to ensure that existing structures do not inadvertently 

inhibit collaborative activities. The findings in this study demonstrated the value and 

complications of structuring to organizational learning. The three major themes showed 

that the institute employed routine practices to facilitate learning, such as (1) convening 

workgroups to create a critical mass of knowledge on emerging and relevant 

environmental changes, (2) supporting and recruiting external experts to work alongside 

staff collaboratively, and (3) discussing new funding ideas publicly and collecting 

feedback on the ideas to inform funding decisions. However, the institute failed to 

examine the unintended limitations of related structuring. For example, the institute 
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recognized the importance of collaboration in learning about AI but maintained 

administrative systems and a reward structure that disincentivized collaborative 

engagements.  

6. Leaders need to establish broad technical and operating principles for AI 

excellence. The findings in this study demonstrated several key attributes of AI that must 

be considered in organizational learning: 

• AI ecosystem. AI encompasses a broad suite of technologies, and organizations 

will need to identify areas of focus to operationalize.  

• Expert guidance. Guidance from AI experts can add valuable knowledge for 

decision-making, but caution must be exercised to prevent inadvertently limiting 

the exploration of new information to internal preconceptions of AI. 

• Data management philosophy. With the rapid evolution of volume, variety, 

veracity, velocity, and value data collection methods, organizations must address 

questions regarding the use of existing datasets versus new datasets and develop 

data harmonization approaches and new AI data models, respectively.  

• Technology infrastructure. AI implementations would most likely entail new 

computer hardware and software investments, such as cloud computing and 

storage, and U.S. government organizations must consider FAIR data principles: 

findable, accessible, interoperable, and reusable. 

• AI quality control. In addition to addressing informed consent, organizations must 

address how the outcome of AI would be interpreted—recognizing that (1) 

different AI vendors/algorithms may produce different outcomes and (2) the 

potential for bias exists in AI systems. 
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• Workforce augmentation and development. Contrary to popular-press 

publications, the findings in this study demonstrated that the organization needed 

to augment, rather than reduce, existing staff to identity, clarify, and enact AI. The 

data suggest the need to create cross-functional teams, which combine staff with 

knowledge of existing operations with AI experts to produce valued knowledge 

that can be operationalized in the interest of the organization.  

Recommendations Related to Future Research 

The conclusions derived from this study suggest several opportunities for future 

research. 

1. Examine organizational learning using dialogic analysis methods. 

Researchers interested in organizational learning should explore the use of dialogic 

analysis methods for examining organizational learning. The study found that dialogue 

served as the nucleus of the institute’s learning and linked the levels of learning, which 

included individual, peer-to-peer, group, and the collective. Based on these findings, it is 

recommended that future research give primacy to dialogue as the unit of analysis when 

exploring organizational learning. Dialogue (1) is guided by cultural-grounded language, 

rituals, symbols, norms, beliefs, and philosophies; (2) operationalizes shared cognitive 

schemas; (3) elucidates patterns of interactions; and (4) creates the structures that are 

used in the collective’s organizing processes.  

2. Examine organizational learning in vivo and in real time. Researchers 

interested in organizational learning should explore methods that collect reflections in 

close proximity to the respective organizational actions, such as action learning methods. 

This study confirmed that reflection is required for organizational learning to occur. 
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However, the data also suggest that reflection is deep and rich when probed in recent 

actions. Based on these findings, it is recommended that future research explore methods 

that situate the researcher at the site for the duration of the organizational learning 

experience to be examined. 

3. Examine how ET’s self-fulfilling prophecies are broken or modified. We do 

not currently understand if/how self-fulfilling prophecies are changed/broken in 

organizational learning or organizational theorizing. The findings in the study confirmed 

that organizations project preconceptions onto the streams of information they are 

exposed to and ultimately enact an environment that aligns with those preconceptions. 

Research is needed to understand how an organization can move from being subjected to 

its preconceptions to holding those preconceptions as an object in learning about new 

trends in its environment. 

4. Conduct similar studies on organizational learning and AI in the private 

sector. This study examined the learning experience of an institute within the U.S. 

government. U.S. government agencies and private-sector organizations present 

qualitatively different contextual factors for information technology–related 

organizational learning dynamics. Government agencies are influenced by demands for 

public accountability, well-established organizational structuring and cultural norms, and 

other mandates related to procurement, recruitment, and interagency/intraagency 

infrastructural interoperability (Bretschneider, 1990; Cats-Baril & Thompson, 1995; 

Obeidat & North, 2014; Rosacker & Rosacker, 2010; Sarantis et al., 2010).  

However, whether government or private, those organizations that wait too long 

to learn about these emerging technologies may never catch up  (Mahidhar & Davenport, 
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2018). Organizations must take actions to obtain relevant information about emerging AI 

capabilities, to evaluate and compare the value of different AI approaches to established 

organizational routines and practices, and to envision and establish goals for a new 

human-technology operating business model that uses AI (Brynjolfsson & McAfee, 

2017). Similar studies should be conducted in the private sector to enhance the 

transferability of the findings. 

Reflections on the Research Study 

 This study benefited considerably from the deep level of access and professional 

relationships that the researcher had with the participants in the institute. Without their 

willingness, enthusiasm, transparency, and candor, this research could not have 

uncovered the deep and unshared reflections within the institute. Certainly, these findings 

would not have achieved such richness.  

 The most impactful takeaway was the sense that this research served as a win-win 

for the researcher and the institute. The engagements with the participants prompted 

reflections, which appear likely to improve dialogue and discourse in the future. This 

notion is exemplified in the following statement by one of the senior staff members. The 

statement also shows the power of reflective thinking when introduced into 

organizational routines: 

What you should have learned from talking with me . . . it is clear that the level of 
involvement by many of us in the institute, and I would say divisional leadership, 
has not been as proximate or intense as it should have been . . . and I believe we 
will do better and pay more attention in the future. . . . It probably was not 
sufficient to have done the best we can. We should and need to do better 
understanding and managing the opportunities in AI. (Participant 6) 
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 The study was intended as an exploration, an opportunity to gain a deeper 

understanding of one organization’s learning about AI in the hope of building upon 

theory and helping to improve organizational practice and outcomes. These findings 

suggest that unanswered questions remain, additional research is needed, and scholar-

practitioners, with insider access to research sites, have a vital role in organizational 

theorizing and future knowledge discovery.  
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APPENDIX A: 

RECRUITMENT LETTER 

Dear _______, 
  
I am a doctoral candidate at The George Washington University’s Graduate School of 
Education and Human Development in the Human and Organizational Learning program, 
and I would like to invite you to participate in my dissertation research study, 
Organizational Learning and Artificial Intelligence Technologies (AI) (further described 
on the attached page). As part of my study, I plan to conduct 60- to 90-minute interviews 
with members of the organization’s senior leadership team and staff who have an action 
role in the organization’s artificial intelligence working group.  
 
You were identified as a potential participant for this study because of your role on the 
organization’s artificial intelligence working group or the organization’s senior 
leadership team. If you agree to take part in this study, I would truly appreciate your 
insights about the organization’s experience learning about AI.  
 
The findings of this study will contribute empirical insight to scholarly conversations on 
organizational learning regarding AI—and add to the management literature about AI, 
which is currently at a very nascent stage.  
 
Please contact me via email at kurtejohn@gwmail.gwu.edu or by phone at 202-725-1762 
if you are willing to participate or would like to obtain additional information about any 
aspect of my study. 
 
With kind regards, 
Kurt John 
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Research Study Overview 
 

Title of Study: Organizational Learning and Intelligent Machines: A Descriptive Case 
Study of a Biomedical Research Funding Organization’s Learning about Artificial 
Intelligence Technologies (AI)  
 
Purpose of the Study: The purpose of this case study is to explore one biomedical 
research funding organization’s learning regarding AI.  
 
Problem: AI is now everywhere, from social media search engines to biomedical 
research study protocols. Nonetheless, the literature shows that most executives still do 
not understand how to evaluate the appropriate AI solutions for their specific 
organizational needs—although they are aware of AI’s potential to automate and 
augment their operations (Sau et al., 2018). 
 
From an academic perspective, AI-related organizational research is sparse. Well-
established organizational theories are yet to consider inherent AI (von Krogh, 2018), and 
as a result, there are several calls for research on organizational deliberative processes 
regarding AI (Dietterich, 2019; Jaehun et al., 2019).  
 
Significance of the Study: From a practical perspective, this study will contribute one 
empirical instantiation of a biomedical research funding organization’s AI-related 
journey, which will help to elucidate the nature and characteristics of the organizational 
learning process for AI in biomedical research. 
 
From an academic perspective, this study will contribute to an enhanced theoretical 
understanding of the organizational learning process regarding AI. 
 
Participants Sought for the Study: Members of the organization’s senior leadership 
team and staff who have an active role on the organization’s artificial intelligence 
working group are ideal for this study. The primary means of data collection for this 
study are semi-structured interviews and nonparticipatory observations. 
 
Interviews will be conducted in person in 60- to 90-minute audio-recorded sessions. After 
each interview, the audio recording will be transcribed and then be returned to the 
interviewee via email for verification of accuracy. Any mention of real names will be 
deleted from the transcript and participant numbers used instead (i.e., Participant #1). 
Documents and nonparticipatory observations will be used for additional contextual 
information. 
 
Every effort will be made to protect confidentiality. All data collected in this study will 
be presented in aggregate form, and participant numbers and a pseudonym for the 
organization will be used in any reports, publications, or presentations created as a result 
of this study. Also, I will share the findings of the study with you once it is published. 
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APPENDIX B: 

INTERVIEW GUIDE 

Thank you for agreeing to participate in a research study on organizational learning and 
artificial intelligence technologies (AI). Your insights are sincerely appreciated. As noted 
in my request for your help, I’m working on my doctoral degree at The George 
Washington University, and this study is being completed for my dissertation.  
 
In this study, I am specifically focused on organizational-level dynamics involved in 
learning about AI. Specifically, I want to hear your perspective on the organization’s 
initial foray into funding AI-related grants and the organizational learning journey that 
led to a portfolio of AI-related grants and a number of AI-related funding opportunity 
announcements that the organization supports today. 
 
You were selected to participate in this interview because of your role in the 
organization’s AI working group or the organization’s senior leadership team. My intent 
is not to evaluate the organization’s process per se. My goal is to capture the 
organizational actions/reflections/decisions that were taken, learn how the process 
unfolded, and understand why the process unfolded the way that it did. Since we know 
each other professionally, the interview is obviously not anonymous; however, your 
responses will be held as confidential. Shall we proceed to the interview?  
 
Permission to record. Do I have your permission to record the audio of our discussion 
once we get started? I plan to have the audio transcribed to assist with the data analysis. 
Wait for a response . . . Thanks! 
 
Quick reminder. Your response will be reported anonymously and in aggregate, so 
please feel free to share your reflections and thoughts openly. Any final questions before 
we get started? Wait for a response . . . Thanks!  
 
Research question: How does an organization focused on funding biomedical research 
use action and reflection processes while learning about AI?  
 
Participant interview questions 
1. How would you describe your role in the organization regarding the grant funding 

process and the development of funding opportunity announcements?  
2. What about your role on the AI working group?  

3. What is your current understanding of AI?  
• What do you consider AI? Can you give me an example?  

4.  What is your perspective on using AI for biomedical research?  
• What led you to this position?  
• Has your position changed in recent years? If so, how? 
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5. How would you characterize the AI workgroup’s position regarding AI? 
• What led you to this belief?  
• Have you seen the workgroup’s position change over time? If so, how? What 

precipitated the change(s)? 
6. How would you characterize the organization’s position regarding AI?  

• What led you to this view?  
• Has the organization’s position changed in recent years? If so, in what way? 
• How would you describe the AI workgroup’s role in terms of the organization’s 

position on AI? 
7. In terms of funding decisions, please tell me about one of the first AI-related grant 

applications that you advised on and evaluated as the project or scientific officer (an 
application submitted before the AI workgroup was established).  
• What AI attributes were presented in the application?  
• How was it evaluated? Who was involved? Why was that approach taken?  
• What was the outcome?  
• What information/lessons was/were retained for future use?  
• If the grant did not include AI, what would be different? 

8. How would you describe the portfolio of AI-related grants in your purview today? 
• How has your portfolio changed? How?  
• How do you keep up with evaluating and valuing these applications? 
• What, if anything, is different in your view now as compared to the AI-related 

grant application that you discussed earlier? What do you pay attention to now? 
Why?  

• How does/has the AI workgroup impacted your portfolio oversight? 
9. Can you share an example of an AI-related FOA that you presented for funding 

approval? 
• What information did you present? What resources did you use?  
• What was the role of the AI workgroup? 
• How was the FOA evaluated? Who was involved? Why was that approach used? 
• What was the outcome? What is the status of FOA today?  
• If the FOA did not include AI, what would be different? 

10. Besides the AI workgroup, are there other forums in place for collective discussions 
regarding AI funding decisions? Please explain. 

11. If you drew a picture of the organization’s AI journey, what would it look like 
(thinking back from your first AI-related grant to today)? 
• Who were the key players? And what were their roles?  
• How would you describe the discussions about AI in this journey? Please share an 

example.  
• What is/was missing? What should be added? Why? 

12. Looking ahead, what is your perspective on the future of AI in biomedical research?  

13. Is there anything else you’d like to add regarding the organization’ s experience 
regarding AI? 
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14. This brings us to the end of the interview. Do you have any recommendations 
regarding documents (e.g., emails, meeting minutes, PowerPoint, video archives, 
reports) that I should review or meetings that I should observe for additional 
contextual information on discussions regarding AI?  

 
Closing 
Thank you again for your participation. As mentioned before, I plan to share the results 
of my research, but if you have any other suggestions or further questions, please don’t 
hesitate to contact me via email at kurtejohn@gwmail.gwu.edu or directly at 202-725-
xxxx. I sincerely appreciate your help and the insight that you provided today. 
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APPENDIX C: 

INFORMED CONSENT FOR PARTICIPATION IN THE RESEARCH STUDY 

Title of Study:  Organizational Learning and Artificial Intelligence:  
A Case Study 

Principal Investigator:  Ellen Goldman, EdD., email: egoldman@gwu.edu,  
tel. (202) 994-1531  

Co-Investigator:  Kurt John, email: kurtejohn@gwmail.gwu.edu,  
tel. (202) 725-xxxx 

 
Introduction 

You are invited to take part in a research study conducted by Kurt John, a doctoral 
candidate under the direction of Dr. Ellen Goldman of the Department of Human and 
Organizational Learning in the Graduate School of Education and Human Development 
at the George Washington University (GWU). The purpose of this study is to describe 
and characterize the organizational learning process regarding emerging artificial 
intelligence-enabled technologies. Taking part in this study is entirely voluntary. If you 
choose to participate, you may withdraw from the study at any time.  
 

The Study 
If you agree to take part in this study, you will be asked to share your experiences 
learning about emerging artificial intelligence technologies in a 60- to 90-minute 
interview that will be conducted in person at a location selected by you, or through 
FaceTime, WhatsApp, Skype, or WebEx. If you agree to participate, you may decide not 
to answer any of the questions. The interview will be recorded with your permission. 
After the interview is transcribed, I will send you a copy of the transcript for your review 
of its accuracy. The transcript will be used solely for data analysis. At the end of your 
interview, you will be asked for recommendations on organization-specific documents 
and forum(s) that may provide additional contextual information. Providing this 
information is also voluntary. You can participate in the interview without sharing this 
information. I will share the findings of the study with you once it is published.  
 

Risk and Confidentiality 
You will not be exposed to any risks that exceed what you encounter in the daily conduct 
of your work. The potential risks of participating in this study are minimal. While every 
effort will be made to keep your information confidential, this cannot be guaranteed. The 
following steps will be taken to preserve your confidentiality: 

• A participant number will be used to identify this interview, and your real name 
will never be used in this study. Any mention of real names will be deleted from 
the transcript and replaced with participant numbers. 

• All data collected in this study will be presented in aggregate form, and your 
name will not be included in any reports, publications, or presentations created as 
a result of this study.  



206 

• The digital audiotape files will be encrypted, password protected, and saved on a 
password-protected computer, and any handwritten notes will be kept in a locked 
cabinet that only I have access to. All these files and notes will be permanently 
removed from my computer and destroyed 6 months following the completion of 
this study.  

• However, if you wish this consent form linking your participation to this research 
study to be signed and kept for records, your wish will prevail. 
 

Benefits to Taking Part in the Study 
Although the findings of this study will not benefit you directly, the benefits of the 
knowledge gained are expected to help inform organizational learning dynamics related 
to artificial intelligence technologies.  
 

Costs and Compensation 
There are no costs to you for participating in this study. You will not receive any 
compensation for participating. 
 

Problems or Questions 
Research-specific questions should be addressed to the principal investigator, Dr. Ellen 
Goldman, at email egoldman@gwu.edu or telephone number (202) 994-1531. The GWU 
Office of Human Research at telephone number (202) 994-2715 can provide further 
information about your rights as a research participant. To ensure confidentiality, your 
signature is not required. Your willingness to participate in this study is implied if you 
proceed.  
 
 
 
 
 
 
[Each participant must be asked whether the participant wants documentation linking the 
participant with the research, and the subject’s wishes will govern.] 
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APPENDIX D: 

NONPARTICIPATORY OBSERVATION GUIDE 

Setting: Description of activities: 

Date/Start and end time: 

Event observing: 

Participants: 

Researcher reminders: Ground observation in the enactment, or the sensemaking in the 
organization’s actions and reflections regarding emerging artificial intelligence technologies.  

Properties of enactment theory (LANGUAGE, SYMBOLS, RULES, ROLES, 
PARTICIPATION) 
Enactment - Unknowns/changes/puns bracketed (identified) for closer examination of that action. 
Who did what, when, and why? How are experiences being enacted?  
Selection - Impositions of various structures on enacted equivocal displays in an attempt to 
reduce equivocality. What approach/info/rationale is being used to determine if the 
situation/information is relevant?  
Retention - Retention involves relatively straightforward storage of the products of successful 
sensemaking, products that we call enacted environment. This is what we will do moving 
forward.  
Social - Shared meaning is not what is crucial for collective action, but rather it is the experience 
of the collective action that is shared. 
Ongoing – Organizing is ongoing; it neither starts fresh nor stops cleanly. 
Focused on and by extracted clues - Context affects the extraction of clues and small, subtle 
features can have surprisingly large effects on sensemaking. 

Organizational learning systems model 
Action/reflection – the dynamic collective process in which organizational actions are reflected 
on to produce valued information, organization choices, or goal reference knowledge. 

• Organizational choices or valued information 
• Manifested in actions such as experimentation, research, evaluations, critical thinking, 

decision-making and problem-solving processes, and clarifying discussions 
• Range from routine (performance) to experimental (learning) 

INTERCHANGE MEDIA RESOURCES USED IN THE ORGANIZATION’S REFECTIONS 
ON ACTIONS 

v New information 
o Order data/information from internal or external, not yet valued by the organization 
o Manifested in customer feedback, employee survey, industry reports, organizational 

performance/status information, peer/competitor accomplishments 
o Ranges from nonequivocal (performance) to equivocal (learning) 

v Sensemaking  
o Language and symbols focused on pattern maintenance 
o Manifested in words used to express organizational values and shared assumptions 
o Ranges from reasonableness (performance) to inquiry-based (learning) 
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v Structuring 
o Symbolizes order – includes the organization’s roles, policies, objects/tools, and 

process used for integration 
o Manifested in actions used for integration and to move information/knowledge 
o Ranges from closed (performance) to open (learning)  

Attributes of the physical setting (space, lighting, noise, etc.): 
 

Participants (who is present/not present and why? what are their roles?): 
 
Interactions:  

What was the nature of the language used, the social interactions, and opportunities and 
concerns? 

What are the characteristics of the interaction/engagement, including the sequence of activities, 
norms, rules, artifacts, processes, outcomes? 
Researcher’s behavior (What was my role? Would I say? What was I thinking about what was 
going on?) 
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