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Cognitive Warfare and 
Organizational Design
Leveraging AI to Reshape Military 
Decisionmaking
By Michael S. Silver, Kellen D. Sick, Matthew A. Snyder, and Justin E. Farnell

I n 2002, the Oakland Athletics 
faced formidable challenges. With a 
payroll less than a third of the New 

York Yankees’ $125.9 million and the 
departure of key players, the Oakland 
A’s were projected to struggle. Yet they 
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won the American League West divi-
sion, besting their star-studded 2001 
run. Immortalized in the film inspired 
by Michael Lewis’s book Moneyball, 
the team’s 2002 season is a case study 
in leveraging data-driven decisionmak-
ing to challenge and overturn a failing 
status quo. By prioritizing undervalued 
metrics, the Oakland A’s constructed 
a team that tied the Yankees for the 
most wins in the league for a fraction 
of the cost. In 2004, the Boston Red 
Sox adopted this approach to break 
their 86-year championship drought, 
demonstrating the competitive edge 
that data-centric analysis provides 
in decisionmaking. Just as the 2002 
Oakland A’s leveraged data to chal-
lenge conventional approaches, modern 
warfare requires a shift from intuition-
based decisionmaking to artificial 
intelligence/machine learning (AI/
ML)–enabled decisionmaking. The 
joint force, like baseball two decades 
ago, faces an urgent challenge: integrate 
AI/ML or risk being outmaneuvered 
by more agile adversaries.

The military and economic 
dominance of the United States in the 
post-Soviet era compelled adversaries 
to shift their strategies away from large-
scale conventional warfare. Instead, they 
have increasingly focused on contesting 
American decisionmaking through cogni-
tive warfare, leveraging psychological, 
informational, and technological domains 
to erode strategic advantage. Unlike 
traditional warfare, cognitive warfare 
shapes how individuals and organizations 
perceive reality, evaluate choices, and act 
on information.1 Russia’s interference in 
the 2016 U.S. Presidential election and 
the United Kingdom’s Brexit vote, as 
well as China’s 2024 use of TikTok to 
influence Taiwan’s presidential election, 
demonstrate the profound impact cogni-
tive warfare has had on recent history.2 
Moreover, China is aggressively pursuing 
a future battlefield dominated by au-
tonomy, outpacing adversaries with AI/
ML tools that compress decisionmaking 
from seconds to milliseconds.3

The proliferation of tools such as 
China-based DeepSeek AI and U.S.-based 
ChatGPT has revolutionized private and 

commercial sectors by accelerating deci-
sion cycles.4 These tools can analyze vast 
and complex data sets in seconds, produc-
ing insights that once required entire 
teams of analysts working over extended 
periods. For example, JPMorgan Chase 
uses AI tools to detect fraud and assess 
credit risk across millions of accounts in 
near-real time, while the U.S. National 
Weather Service employs ML models 
to rapidly process satellite imagery and 
atmospheric data, generating earlier and 
more accurate storm forecasts.5 These 
systems reduce the human cognitive load 
and enable faster, higher-quality deci-
sions at scale. In the national security 
domain, where the stakes far exceed those 
of finance or public safety, a competitive 
edge in the speed and accuracy of deci-
sionmaking is more critical than ever. In 
this type of contest, those who can shape 
narratives, manipulate information, and 
make superior decisions faster than their 
competitors achieve victory.6

Despite widespread investment and 
experimentation in AI/ML, most organi-
zations struggle to increase performance 
with this technology. Only one-quarter 
of companies experimenting with AI 
have generated real value, and less than 5 
percent have built AI capabilities at scale.7 
Even large companies like Microsoft 
believe they are transforming, but they 
are merely using AI to speed up processes 
rather than fundamentally reshaping 
operations to optimize performance.8 
As evidenced by initiatives detailed on 
ai.mil, the Department of Defense—now 
the Department of War (DOW)—has 
invested billions of dollars into AI/ML 
capabilities. Still, mere access to this 
technology has proved insufficient for 
widescale integration.

The struggle is not only technologi-
cal; it is behavioral. True AI integration 
requires more than technology; it 
requires adoption. Understanding why 
these AI challenges persist is critical to 
identifying viable solutions and prevent-
ing the erosion of strategic advantage. 
With three-quarters of all organizations 
yet to see tangible AI benefits, the chal-
lenge to adoption lies in amending 
structures, processes, and people to un-
lock the full potential of AI/ML.9

DOW must take note and move be-
yond the status quo, accelerating AI/ML 
adoption to enhance decisionmaking. At 
a February 2025 AI Action Summit in 
Paris, North Atlantic Treaty Organization 
(NATO) Supreme Allied Commander 
Transformation, Admiral Pierre Vandier, 
clearly articulated this imperative: 
“Artificial intelligence is massively acceler-
ating military decisionmaking, and armed 
forces that do not keep up risk being out-
matched.”10 Using the conflict in Ukraine 
as an example, he highlighted that the 
stakes of maintaining the status quo are 
stark: “If you do not adapt at speed and 
at scale, you die.”11 Admiral Vandier’s 
mandate for AI training among officers  
in Allied Command Transformation 
underscores the critical insight that adop-
tion, not capability, is the limiting factor 
for integration.

In this article, we seek to analyze 
organizational design factors affecting the 
widescale adoption of AI/ML tools into 
DOW decisionmaking. We do not ad-
dress offensive and defensive applications 
of cognitive warfare; ethical consider-
ations for using AI/ML tools; trust and 
transparency requirements; or vulner-
abilities that using AI/ML tools might 
present to adversarial actors. These areas 
represent future research opportunities.

Approach to Analyzing 
Organizational Design
When an organization reaches an 
inflection point and assesses that the 
status quo will ultimately lead to its 
stagnation or decline, it must adapt its 
organizational design. Jay Galbraith’s 
Star Model, first introduced in 1977 
as a strategic approach to organi-
zational design, provides a useful 
framework for such adaptation.12 In 
this article, we modify Galbraith’s 
Star Model to analyze organizational 
design factors affecting the widescale 
adoption of AI/ML tools into DOW 
decisionmaking. These factors can be 
applied across tactical, operational, and 
strategic organizations for warfight-
ing, resourcing, and administrative 
purposes. The modified Star Model, 
illustrated in figure 1, includes five 
organizational design factors: people, 
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structure, processes, incentives, and 
leadership and management.

The term people refers to the mind-
set, skill sets, and talents required of 
the individual workforce to achieve an 
organization’s goals.13 Structure refers to 
the location of decisionmaking power. 
It defines the shape of an organization, 
reflecting the hierarchy of authority and 
distribution of power through the lens of 
what and where decisions are made.14 The 
term processes refers to the information 
flows that feed into decisionmaking.15 
Incentives are the motivational tools that 
drive people to exercise processes within 
a specified structure to achieve organi-
zational objectives.16 Incentives reflect 
a combination of extrinsic and intrinsic 
motivators. Leadership and management 
reflect the role that joint leaders play in 
establishing strategic direction and priori-
ties for their organizations. They wield 
considerable influence over the other 
organizational design factors.17

These five factors operate as interde-
pendent nodes of organizational design, 
reinforcing or weakening the overall 
strength of the organization. How these 
factors interact drives the organization’s 
performance and cultural outputs. When 
mission or environmental changes influ-
ence one node in the modified Star Model 
to change, organizations should evolve 
and adapt to reoptimize the design fac-
tors.18 Failure to do so risks organizational 
impotence or, worse, obsolescence.

Analyzing Organizational 
Design Factors
People. The physiology of the human 
brain as well as the mindset and skill set 
of people in an organization are criti-
cal factors affecting AI/ML adoption. 
Decisionmaking relies on intercon-
nected cognitive processes shaped by 
experience and repetition. Over time, 
familiar workflows become deeply 
ingrained, leading individuals to rely on 
default patterns even when new tools 
become available.19 This is evident in 
the joint force, where decades of Inter-
net use have conditioned personnel to 
develop a “search-engine mindset.”20 
This habituated approach relies on gen-
erating results through indexed, static, 
keyword-driven interaction. In con-
trast, AI/ML tools generate dynamic, 
context-sensitive responses that improve 
with iteration.

Effective AI/ML adoption neces-
sitates a fundamental shift in human 
cognitive habits. Just as military planners 
use multiple iterations to refine initial 
concepts prior to execution, AI-generated 
outputs require a similar process to 
achieve optimal results. However, many 
users unknowingly limit the effectiveness 
of AI/ML by treating it as a static query 
system rather than an interactive tool. 
Reliance on traditional search-engine 
workflows has reinforced behaviors that 
are at odds with AI/ML’s adaptive na-
ture. Users approaching AI/ML with a 

conventional search-and-response model 
struggle when the technology requires a 
different form of interaction. Frustration 
grows when responses appear incomplete 
or contain “hallucination” errors that 
often prompt users to disengage from the 
technology.21 As Conor Grennan, chief 
AI architect at New York University’s 
Stern School of Business, notes, “It’s not 
that our brain doesn’t know how to use 
it—it’s more nefarious than that. It’s that 
our brain thinks it knows how to use it, 
but it’s wrong.”22 The challenge is not 
simply learning a new tool; it is retraining 
deeply ingrained cognitive habits.

Like any weapon system, AI/ML is 
a purpose-built tool that complements, 
rather than replaces, existing capabilities. 
To unlock its full potential, personnel 
must shift away from treating AI/ML 
like a search engine to actively shaping 
AI/ML-generated outputs. For example, 
a Google query for “develop an opera-
tions plan for a joint force mission” yields 
static templates and archived opera-
tions orders (OPORDs). While useful, 
these resources require hours of manual 
adjustment to meet dynamic mission re-
quirements. In contrast, a user iterating 
with a generative AI/ML model can rap-
idly create a fully customized OPORD 
tailored to mission-specific inputs. When 
provided with these inputs, AI/ML can 
analyze real-time intelligence to identify 
enemy force positions, vulnerabilities, 
and likely courses of action (COAs). 
It can incorporate weather forecasts to 
assess operational impacts and recom-
mend troop movements, logistics, and 
contingencies. This iterative process has 
the potential to significantly accelerate 
the planning process, reducing planning 
timelines from days to hours and en-
abling faster, more informed decisions.

Developing new cognitive habits is 
only part of the challenge. Effective AI/
ML adoption requires structured training 
to develop the requisite skills.23 A recent 
study found that untrained users under-
performed when applying AI beyond its 
intended capabilities, often because they 
treated it like a search engine. In contrast, 
trained AI users demonstrated significant 
gains in both productivity and quality. For 
individuals normally below the average 

Figure 1. Modified Star Model for the Joint Force*

*Original Graphic. Derived from Jay R. Galbraith’s Star Model.
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Marine Corps Lance Corporal Eric Granados, 
intelligence specialist with 3rd Battalion, 5th 
Marine Regiment, 1st Marine Division, I Marine 
Expeditionary Force, launches RQ-20 Puma 
during artificial intelligence–enabled system 
Dead Center as part of small unmanned aircraft 
system training on Marine Corps Base Camp 
Pendleton, California, August 20, 2025 (U.S. 
Marine Corps/Trent A. Henry)
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performance threshold, performance 
increased 43 percent with effective AI aug-
mentation. Individuals already performing 
above the average performance threshold 
still experienced a 17-percent improve-
ment with effective AI augmentation. 
Additionally, trained AI users completed 
12 percent more tasks and worked 25 
percent faster than those without AI aug-
mentation.24 These findings highlight the 
necessity of deliberate AI/ML training to 
maximize operational effectiveness.

AI/ML training extends beyond 
technical proficiency in key skill sets 
such as prompt engineering, iteration 
and chaining, role-based interaction, 
and conversational engagement. It must 
also account for cognitive and behav-
ioral mechanisms that drive adaptation. 
Training should reinforce positive feed-
back loops, where improved performance 
encourages continued use, ultimately 
leading to the formation of new habits. 
Achieving this shift requires deliberate 
implementation efforts to correct the 
lack of structured reinforcement strate-
gies found in legacy methods. Behavioral 
change demands a combination of 
hands-on training, iterative learning, and 
leadership-driven adoption initiatives. 
While training programs are essential, 
adoption also depends on aligning AI/
ML tools with organizational structure.

Structure. Organizational structure 
determines what decisions are made and 
where they occur, directly shaping AI/
ML adoption. While mission and envi-
ronment drive structural design, different 
structures affect the speed, efficiency, 
and effectiveness of using AI/ML tools 
for decisionmaking. Understanding 
the types of decisions an organization 
makes reveals how to use AI/ML tools. 
Identifying where decisions occur reveals 
where to apply them.

Decisions vary significantly in nature 
and complexity.25 Administrative tasks 
like summarizing and disseminating 
meeting transcripts differ substantially 
from dynamic battlefield assessments 
based on emerging targeting informa-
tion and force posture. Different types 
of decisions require different AI/ML 
integration models. Tasks with high 
variability and unpredictability require a 

more collaborative approach. In contrast, 
structured, repeatable decisions allow for 
greater automation. Common models 
include full delegation, interaction, and 
aggregation.26 In full delegation, AI/
ML tools make decisions without human 
intervention. In interaction, human and 
AI/ML tools sequentially make decisions 
such that the output of one decisionmaker 
provides the input to the other. Project 
Maven’s augmentation of the targeting 
cycle is an example of this interaction 
model. The model can be further subdi-
vided into the “Centaur” and “Cyborg” 
approaches. The Centaur approach drives 
human and AI task division based on rela-
tive strengths. The Cyborg approach fuses 
human-AI decisionmaking in real time, 
leveraging AI for continuous analysis and 
adaptation while maintaining human 
oversight for context-driven judgments.27 
In aggregation, human- and AI-based de-
cisions are made independently, delegated 
based on strengths, and then aggregated 
into a collective decision. In this model, 
the AI/ML tool becomes a voting mem-
ber in the decisionmaking process, often 
weighted based on various criteria. Each 
model reflects a different balance between 
human and AI/ML capabilities, tailored 
to the specific decision type.28

In addition to the type of deci-
sion being made, the distribution of 
decisionmaking power—where deci-
sions occur—determines the optimal 
placement of AI/ML tools. Mission 
and environment typically drive this 
distribution across several structural 
types. Organizations emphasizing stan-
dardization tend toward professional or 
machine bureaucracies with centralized 
decisionmaking. Those requiring stan-
dardized output across semiautonomous 
units develop “divisionalized” structures. 
When project-based adaptive output 
is essential, organizations benefit from 
adhocracies—fluid structures with flatter 
decentralized authority.29 In all cases, AI/
ML tools should be integrated where de-
cisionmaking occurs. Where mission and 
environment allow structural flexibility, 
decentralized decisionmaking can en-
hance AI’s impact by enabling faster and 
more adaptive responses at lower levels. 
For example, Ukraine recently embedded 

Palantir engineers with AI/ML tools into 
its frontline units to enable rapid deci-
sionmaking on the battlefield.30

AI/ML tools perform best when 
accessing broad interconnected data 
sources. Consequently, AI/ML integra-
tion is particularly effective in rapidly 
composable and decomposable cross-
functional teams that synthesize diverse 
inputs across disciplines. For example, in 
the convergence between electronic war-
fare and cyberspace, AI-enhanced threat 
detection becomes most effective when 
cybersecurity, signals intelligence, and 
operations personnel collaborate closely 
rather than operating in isolated silos.

Conversely, highly centralized struc-
tures may limit AI/ML tools to merely 
advisory roles instead of active compo-
nents in real-time operations. Formalized 
hierarchies may also impede the develop-
ment of the organizational competencies 
needed for effective adoption.31 Even 
so, command-structured hierarchies like 
DOW can still benefit from increasing the 
vertical or horizontal decentralization of 
their decisionmaking wherever possible.

Organizations face a fundamental 
tension between maintaining internal 
coherence for efficiency and adapting to 
environmental changes. Bureaucracies 
often struggle with rapid adaptation 
despite their efficiency at standardiza-
tion.32 These organizational structures 
are slow to evolve, often failing to keep 
pace with changing environments that 
demand adaptation. Organizations must 
balance structural adaptation with inter-
nal consistency, implementing AI/ML 
tools according to the type of decision 
and aligning AI/ML tools to where they 
most effectively enhance speed, insight, 
and decision superiority.33

Processes. Adopting AI/ML tools 
into decisionmaking depends not only 
on what and where decisions occur, but 
also on how they are made. Processes are 
the interconnected activities that shape 
information flow up, down, and across an 
organization.34 They facilitate collabora-
tion, coordination, and organizational 
decisionmaking and affect how AI/ML 
tools enhance these information flows. 
Processes apply to both hierarchical and 
decentralized structures when any level of 
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collaboration between internal boundaries 
is required to accomplish the mission.35 
For the joint force, informal and formal 
processes must operate seamlessly under 
conditions of uncertainty, time con-
straints, and adversary countermeasures.

Decisionmaking, while complex, is 
a cycle of linked information flows.36 
John Boyd’s OODA loop—observe, ori-
ent, decide, and act—provides a helpful 
simplification. Born out of the needs of 
aerial combat, the OODA loop asserts 
cycling faster than an opponent through 
this loop would produce advantages 
in combat. Conceptually, Boyd’s ideas 
hold weight for using AI/ML tools in 
cognitive warfare. In the observe and 
orient steps, actors gather and perceive 
information and build mental models of 
the environment, threats, opportunities, 
and risks. An implied step is generating 
decision alternatives and comparing those 
alternatives before selecting one (the 
decide step) and then executing it (the 
act step).37 Given this simplified frame-
work, AI/ML tools are well suited for 
adoption in observe-orient processes and 
in generating and comparing decision 
alternatives. Using the Joint Planning 
Process (JPP) as a representative military 
decisionmaking process highlights these 
opportunities (see figure 2).

In its most distilled form, the JPP is 
a series of information flows executed 
across several functions to produce 
products and staff actions leading to 
commander decisions. Doctrinally, the 
JPP facilitates planning interactions 
among the commander, planning staff, 
and lower echelons.38 This framework is 
a recursive, assessment-informed process 

in which issues that planners discover in 
later steps drive adjustments to earlier 
steps, and commanders have the flexibil-
ity to truncate, modify, or concurrently 
execute its seven steps depending on the 
situation or available time.39

To initiate planning, the commander 
must have a means by which to recog-
nize, monitor, and react to changing 
trends in the environment. If the com-
mander centralizes this function, he or 
she risks missing salient trends. However, 
disaggregating this function increases the 
requirement for processes. Previously, 
the larger the organization and the more 
disaggregated the processes, the more 
manpower was required to make deci-
sions, resulting in slower decision cycles. 
AI/ML tools can accelerate decisionmak-
ing processes by providing faster pattern 
recognition and sensing insights from a 
wider data set, enabling proactive rather 
than reactive planning.40 For example, 
AI/ML tools can rapidly analyze raw in-
telligence data and highlight changes that 
exceed human-defined thresholds, reduc-
ing the need for manual data analysis and 
allowing humans to focus on critical and 
creative thinking.41

Once planning is initiated, AI/ML ac-
celerates data-intensive mission analysis by 
fusing intelligence sources and force readi-
ness reporting into a unified operational 
picture. This is critical for framing the 
problem and guiding COA development. 
Previously, these inputs were processed 
and visualized separately and with direct 
staff intervention, making it difficult for 
commanders to develop a comprehensive 
picture of the operating environment and 
the military problems they must solve. 

Instead, planners can use AI/ML tools to 
process terabytes of data, rapidly displaying 
information according to human-defined 
parameters. They can also use AI/ML 
tools to provide multiple visualization op-
tions for decisionmakers to consider.42

After this step, planners must develop 
decision alternatives for commander ap-
proval. In the JPP, this involves COA 
development, COA analysis and war-
gaming, and COA comparison. At this 
stage, planning shifts from critical to 
creative thinking. Still, planners currently 
generate solutions using manual methods 
of iteration, limited by the expertise and 
experience of their teams, and present the 
results using antiquated visualization tools 
like PowerPoint. AI/ML tools allow ag-
gregation of large amounts of data across 
disparate functions and sources to gener-
ate multiple COAs faster and from a wider 
range of perspectives, reducing reliance on 
individual expertise and manual iteration.

Planners can use AI/ML tools to 
assume a unique persona when assess-
ing potential adversary, neutral, and 
friendly reactions. With proper inputs, 
AI/ML tools can also role-play the “red 
team,” speeding up the iterative play 
of war games. These tools facilitate the 
background analysis needed to identify 
a COA’s strengths, weaknesses, and 
risks. Planners can also use AI/ML tools 
to assess multiple COAs based on the 
commander’s priorities, constraints, and 
restraints.43 These opportunities for AI/
ML tool integration allow planners to 
compare, refine, and evaluate COAs, 
deepening the analysis supporting their 
COA recommendations to the com-
mander. While AI-generated COAs are 

Figure 2. Joint Planning Process Opportunities for AI/ML Tool Adoption*

*Original Graphic. Steps in the Joint Planning Process are derived from Joint Chiefs of Staff, Joint Publication 5-0.
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powerful, planners must resist overreliance 
on them and ensure that machine-gener-
ated options are filtered through human 
judgment, operational context, and com-
mander’s intent. As previously noted, AI/
ML tools should augment, not replace, 
the iterative cognitive processes that un-
derpin military decisionmaking.

Once the commander selects a COA, 
planners can use AI/ML tools to draft 
and disseminate the plan and orders on 
behalf of the commander. AI/ML tools 
can craft outputs from a wide range 
of inputs based on specified formats. 
Currently, the process of generating plans 
and orders involves the manually inten-
sive task of transcribing the analysis and 
decisions made during planning to gener-
ate products like OPORDs.

Integrating AI/ML tools into the JPP 
illustrates just one of many opportuni-
ties where AI/ML-enabled processes 
enhance the effectiveness of information 

flow at machine speeds. AI/ML tools 
enhance a decisionmaker’s ability to ob-
serve and orient and then develop a wide 
range of decision alternatives for refine-
ment, comparison, and evaluation before 
selecting the optimal choice. For other 
processes, the adoption challenge lies in 
recognizing which information flows AI/
ML tools are primed to support and then 
optimizing their use. Predictable and 
repeatable processes such as intelligence 
synthesis and aggregation, as well as force 
readiness assessment, lend themselves to 
more automated decisions using AI/ML 
tools. Ambiguous, iterative, or creative 
processes like mission analysis, adversary 
modeling, and COA development lend 
themselves to interaction models like the 
Centaur or Cyborg approaches discussed 
earlier. Processes related to the evaluation 
of decision alternatives, such as COA 
comparison, lend themselves to the ag-
gregated use of AI/ML tools.

Incentives. Incentives drive behav-
ioral change, aligning individual and 
organizational goals to ensure mission 
effectiveness. If DOW is to pursue the 
broadscale adoption of AI/ML tools 
into decisionmaking, its leaders must 
carefully evaluate the impact of incen-
tives and disincentives on organizational 
performance, particularly regarding the 
acceptance of change. The status quo acts 
as an adversary to change, manifesting in 
deeply rooted organizational habits that 
create resistance to the changes needed 
for progress.44

Resistance can be individual or orga-
nizational. Individual resistance is either 
malicious or nonmalicious. Malicious 
resistors actively create obstacles to 
preserve self-value, often driven by 
fears of emerging technology displac-
ing their position in the organization. 
Nonmalicious resistors, by contrast, may 
simply lack understanding of the change, 

Unmanned combat aerial vehicle YFQ-42A Collaborative Combat Aircraft, developed in partnership with General Atomics, conducts flight 
testing in California, August 27, 2025 (Courtesy General Atomics)
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making them reluctant to venture be-
yond familiar practices.45

Organizational resistance may 
manifest in several ways. First, social and 
cultural resistance may stem from genera-
tional preferences for traditional methods. 
This could be due to a lack of AI/ML 
tool literacy or misunderstandings about 
the technology’s potential application. 
This resistance is more pronounced in 
hierarchical structures like DOW, where 
time-in-service promotion systems con-
centrate decisionmaking authority within 
a single generation. Second, ethical and 
moral criticism creates organizational 
resistance that centers on concerns about 
trustworthiness, authenticity, and po-
tential plagiarism of using AI-generated 
content. “AI shaming”—the criticism 
of using AI/ML tools based on ethical 
concerns, perceptions of laziness, or trust 
issues—can manifest both horizontally 
and vertically within an organization.46 
Third, perceptions of the impact that AI/
ML tools have on individual skill require-
ments, job security, and authority may 
contribute to this resistance.47

Within each category of resistance, 
there is likely a champion of the status quo 
whose behavior joint leaders must influ-
ence by providing appropriate incentives 
for change. For example, this could be the 
senior warrant officer preferring traditional 
tools, a noncommissioned officer con-
cerned about security implications, a staff 
officer fearing job obsolescence, or a gen-
eral officer who does not trust AI-produced 
products, demanding intensive staff labor 
no matter the impact on efficiency.

Overcoming this resistance requires 
a balanced approach to incentives. While 
structural and process changes can 
address tangible obstacles, overcom-
ing entrenched habits requires careful 
attention to incentives. Incentives can 
be extrinsic (for example, compensa-
tion, promotions, and recognition) or 
intrinsic (job satisfaction, challenging 
work, and personal fulfillment).48 While 
extrinsic incentives may help jump-start 
the early adoption of AI/ML tools, 
intrinsic incentives ultimately shape the 
organizational culture needed for long-
term transformation.

Intrinsic incentives offer several 
opportunities for individual and organi-
zational growth and development. For 
instance, AI/ML tools may enhance 
individual and group research efficiency 
across various disciplines, subsequently 
streamlining product-generation time-
lines. Additionally, human-machine 
collaboration allows organizations to 
leverage the creative and computational 
strengths of both, facilitating rapid data 
analysis and creative problem-solving. 
Finally, mitigating self-biases through 
education and training develops a 
growth-minded culture within the or-
ganization. This type of culture unlocks 
additional innovation, normalizes change, 
and increases intrinsic incentives that 
drive individuals and organizations to-
ward aligned goals.

The combination of extrinsic and 
intrinsic incentives should be tailored to 
the type of resistance the organization ex-
periences. However, organizations may be 
constrained by what incentive levers they 
can affect to motivate desirable behaviors. 
This leaves joint leaders with the challenge 

Autonomous low-profile vessel sails on Del Mar Boat Basin to test its capabilities as part of Project Convergence Capstone 4, February 23, 2024, 
at Camp Pendleton, California (U.S. Marine Corps/Kevin Ray J. Salvador)
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of identifying the right influence tools to 
promote the growth and transformation 
within their organizations to achieve wid-
escale adoption of AI/ML tools.

Leadership and Management. An or-
ganization’s leadership and management 
greatly influence organizational design 
factors affecting the adoption of AI/ML 
tools into decisionmaking. However, joint 
leaders must first address their own AI/
ML literacy before they can effectively 
adapt the other organizational design fac-
tors for AI/ML tool adoption. Without 
understanding AI/ML capabilities and 
limitations, leaders risk either over-relying 
on these tools or under-utilizing them 
because of skepticism.49 For example, 
using AI/ML-enabled decision aids can 
enhance battlefield effectiveness, but only 
if commanders know how to interpret 
their suggestions and trust their outputs.

Beyond developing personal AI/ML 
literacy, joint leaders must articulate a 
compelling vision for change and a clear 
path to pursue it.50 This communication 
is particularly important for addressing 
nonmalicious resistance, which often 
stems from a lack of understanding rather 
than active opposition. Leaders must 
recognize that resistance to AI/ML 
adoption will manifest differently across 
their organizations and tailor incentives 
to overcome the specific type of resistance 
they encounter. Leaders who create a 
growth-minded organizational culture 
create a powerful complement to more 
direct incentives. Such cultures become 
self-reinforcing as improved results 
demonstrate the value of AI/ML tools, 
normalizing their adoption.51

Joint leaders must systematically 
assess how organizational design fac-
tors affect AI/ML adoption in their 
units. For people, this means driving 
the training initiatives to shift mindsets 
from “search-engine thinking” to un-
derstanding the interactive use of AI/
ML tools. It also means driving the 
training initiatives to develop new skill 
sets like prompt engineering and itera-
tion techniques to optimize human-AI 
collaboration. Where mission and 
environment allow flexibility, joint lead-
ers should consider structural choices 
that better enable AI/ML adoption to 

accomplish their mission through faster 
and wider-informed decisionmaking. 
This generally involves pushing deci-
sionmaking down and to the edges of 
an organization, flattening the structure 
to facilitate cross-functional collabora-
tion, iteration, and parallel use of AI/
ML tools. To do this, joint leaders must 
assess what decisions are made in an 
organization and where decisions are 
made, restructuring to optimize the use 
of AI/ML tools. When necessary, com-
mand relationships drive hierarchical 
structure, and joint leaders should still 
identify vertical and horizontal decen-
tralization opportunities to maximize 
AI/ML tool effectiveness. In processes, 
joint leaders must guide the adoption 
of AI/ML tools into the information 
flows that feed their decision cycles, 
identifying which flows benefit from 
fully automated or hybrid approaches. 
Ultimately, joint leaders must recognize 
that the adoption of AI/ML tools re-
quires synchronized adaptation across all 
organizational design factors.

Leadership and management play an 
outsized role in shaping organizational 
design factors. The combination of 
these factors drives an organization’s 
performance and culture. Joint lead-
ers who fail to proactively adapt their 
organizations for AI/ML adoption risk 
leaving the joint force anchored to legacy 
decisionmaking models that compromise 
strategic advantage.

Conclusion
In modern warfare, decision domi-
nance is highly correlated with victory. 
AI/ML tools are reshaping the bat-
tlespace by enhancing the speed and 
precision of decisions. For DOW, 
failure to meaningfully adopt these 
tools carries severe consequences, 
including slower operational tempo, 
increased cognitive overload, a higher 
probability of intelligence blind spots, 
and reduced force readiness.52

This analysis reveals that widescale in-
tegration of AI/ML tools hinges not only 
on technological capability and access 
but also on organizational design factors 
affecting the adoption of AI/ML tools. 
To break from a status quo deeply rooted 

in outdated habits of human cognition, 
institutional resistance, and legacy deci-
sionmaking processes, DOW must adapt 
its people, structure, processes, incen-
tives, and leadership and management.

The imperative is clear. DOW must 
accelerate the adoption of AI/ML tools 
into its decisionmaking. Failure to do 
so risks the joint force being outpaced 
by adversaries who weaponize AI/
ML tools to operate more effectively. 
As these tools move further left in the 
decision continuum, they will increas-
ingly shape how problems are framed, 
options generated, and actions selected. 
Human judgment still plays a role, and 
must evolve in parallel, but it must not 
become a brake on progress. In short, 
failure to adopt AI/ML at speed invites 
obsolescence, an untenable option for 
U.S. national security.53 JFQ
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