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Introduction

Yuki Yamamoto , Kenji Ito1* 1

Organizations are investing in artificial intelligence with expectations of improved efficiency, stronger decision quality,
better customer experiences, and new sources of competitive advantage. Yet many AI initiatives do not progress
beyond experimentation or fail to produce durable business value after deployment. A central reason is that firms often
treat AI deployment as a technical implementation challenge rather than as an organizational readiness problem.
Existing readiness models help organizations evaluate digital capability, while business value frameworks help
managers estimate the strategic and financial promise of technology investments. However, these two assessments
are frequently conducted separately. As a result, decision-makers may pursue AI initiatives that appear strategically
attractive but exceed the organization’s practical capacity to implement, govern, and absorb them. This article
develops the AI Readiness–Business Value Matrix as an original conceptual model for assessing organizational
preparedness before artificial intelligence deployment. The matrix maps organizational readiness against expected
business value potential, enabling firms to classify AI initiatives into practical decision categories. It is designed to
support managerial judgment before major resources are committed. The article synthesises peer-reviewed
publications published across AI adoption, organizational readiness, digital transformation, business value, and
strategic management. The resulting model defines readiness dimensions, value categories, and four strategic
quadrants that guide whether organizations should proceed, prepare, pivot, or postpone AI deployment. Four tables
operationalise the model by detailing preparedness dimensions, business value potential, matrix design, and
application scenarios. The AI Readiness–Business Value Matrix contributes a practical diagnostic tool for aligning AI
ambition with organizational preparedness. It encourages organizations to move beyond technology enthusiasm
toward structured evaluation of capability, governance, culture, and strategic value. By doing so, it can reduce
deployment failure risk and improve the allocation of scarce managerial, technical, and financial resources.

1

Artificial intelligence has become a central object of managerial investment, strategic expectation, and organizational
transformation. Yet the promise of AI often exceeds realized outcomes because firms adopt AI tools before they possess
the complementary capabilities required to use them effectively. The business value of AI depends not only on algorithms
and data but also on organizational structures, managerial processes, and capability alignment, as shown in studies of AI
capability, business value, and digital transformation [1-3]. This creates a paradox: organizations pursue AI to transform
performance, but the transformation requires readiness that many organizations have not yet developed.
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AI Deployment Readiness Problem

Organizational Preparedness Dimensions

A major limitation in current AI deployment practice is the separation between readiness assessment and value
assessment. Readiness studies emphasize organizational factors such as data infrastructure, leadership support, skills,
governance, and cultural preparedness [4, 5], while business value research focuses on productivity, innovation,
customer value, and performance effects [6-8]. When these perspectives are separated, organizations may select AI
initiatives because they appear high-value without asking whether the organization can realistically implement them. The
result is a gap between AI ambition and deployable AI capability.

The AI Readiness–Business Value Matrix proposed in this article addresses this gap by integrating two questions that are
often treated independently. The first question is whether the organization is prepared to deploy, govern, and absorb a
specific AI initiative; the second is whether the initiative has sufficient business value to justify investment. This integrated
logic builds on research showing that AI deployment requires both strategic alignment and sociotechnical adaptation
rather than isolated technical excellence [9-11]. The matrix therefore positions AI deployment as a managerial decision
problem rather than a purely technological adoption problem.

The article proceeds by diagnosing the AI deployment readiness problem, defining organizational preparedness
dimensions, and categorising business value potential. It then develops the AI Readiness–Business Value Matrix as a
2×2 strategic tool and explains how managers can use it to classify initiatives before deployment. The model is grounded
in literature on AI governance, organizational decision-making, digital innovation readiness, and strategic use of AI [12-
16]. It is conceptual in nature and does not report new empirical data.

The AI deployment readiness problem arises when organizations assume that the presence of data, software, or technical
expertise is sufficient for successful artificial intelligence implementation. Interview-based and conceptual work on AI
readiness shows that organizational readiness includes more than technical infrastructure; it also includes leadership
commitment, strategic clarity, data governance, talent, ethics, and change capacity [4, 5]. Firms that focus narrowly on
models and platforms may underestimate the organizational routines required to translate AI outputs into decisions. This
misalignment can produce stalled pilots, unused recommendations, or deployments that fail to influence performance.

AI deployment also changes how work is organized, how decisions are made, and how authority is distributed between
humans and intelligent systems. Research on algorithmic work, expert knowledge, and AI-based decision structures
shows that AI systems can reshape control, accountability, and professional judgment in ways that create resistance or
unintended consequences [10, 14, 17, 18]. These issues are readiness issues because they determine whether an
organization can interpret, trust, challenge, and govern AI outputs. Readiness therefore includes the social and
managerial capacity to integrate AI into decision processes, not merely the technical ability to run AI models.

A holistic readiness assessment is needed because AI failures often emerge from weak complementarities among
technology, strategy, governance, and organizational change. Digital transformation research demonstrates that value
creation depends on dynamic capabilities, strategic renewal, and organizational adaptation rather than isolated
technology acquisition [3, 19, 20]. AI deployment intensifies this requirement because AI systems depend on data quality,
model monitoring, user adoption, ethical oversight, and process redesign. The readiness problem is therefore best
understood as a multidimensional preparedness gap that must be assessed before deployment decisions are made.

Organizational preparedness for AI deployment refers to the organization’s capacity to implement AI initiatives in ways
that are technically feasible, strategically aligned, ethically governed, and operationally absorbed. Prior AI readiness
research identifies readiness as a combination of organizational, technological, and environmental factors rather than a
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single maturity score [4]. AI capability research similarly argues that firms require coordinated resources, skills, and
managerial capabilities to convert AI into performance outcomes [2]. In this article, preparedness is treated as the vertical
axis of the proposed matrix because it determines whether a potentially valuable AI initiative can be responsibly and
effectively deployed.

The first preparedness dimension is data and digital infrastructure, which includes data accessibility, quality,
interoperability, platform stability, cybersecurity, and integration with existing systems. AI deployment requires not only
data availability but also data governance and operational processes that allow models to be trained, updated, audited,
and embedded in workflows [12, 21]. The second dimension is talent and skills, including technical expertise, domain
knowledge, analytical literacy, and managerial understanding of AI limitations. These dimensions are essential because AI
value depends on how human and technical capabilities are combined within organizational routines [22, 23].

The third preparedness dimension is leadership and strategic alignment, which reflects whether senior managers can
define why AI is being deployed and how it supports broader organizational objectives. Digital transformation research
shows that leadership, dynamic capabilities, and strategic renewal are central to turning digital investments into
organizational change [20, 24]. The fourth dimension is cultural receptivity to algorithmic decision-making, including
openness to experimentation, willingness to use AI-supported recommendations, and capacity to manage tensions
between automation and augmentation [9, 10]. Without cultural readiness, technically sound AI systems may remain
peripheral to real decision-making.

The fifth preparedness dimension is ethical governance and accountability, which includes model oversight, fairness
monitoring, transparency, human review, and responsibility for AI-enabled decisions. Governance research shows that
responsible AI requires formal structures, practices, and barriers to be addressed before deployment, not after problems
emerge [12, 25]. These preparedness dimensions can be translated into diagnostic criteria that allow managers to
evaluate whether a specific AI initiative is deployable in its current organizational context. Table 1 defines the key
dimensions of organizational preparedness for AI deployment.

Table 1. Organizational Preparedness Dimensions for AI Deployment: Data, Skills, Leadership, Culture, and Governance

Preparedness
dimension

Definition Diagnostic focus
before AI deployment

Indicators of high
preparedness

Indicators of low
preparedness

Data and digital
infrastructure

The technical and
informational

foundation required
to build, integrate,

monitor, and
maintain AI
systems.

Whether relevant data
are accessible, reliable,
governed, interoperable,

and connected to
operational systems.

Clean and integrated
datasets, documented
data ownership, stable

platforms, secure
access, and clear
model monitoring

pathways.

Fragmented data, unclear
ownership, poor quality,

weak integration, manual
extraction, and limited

monitoring infrastructure.

Talent and AI
skills

The human
capability required

to design, evaluate,
interpret, and use AI
systems effectively.

Whether the
organization has

technical, analytical,
managerial, and domain

expertise for the
intended AI use case.

Cross-functional AI
teams, domain experts
involved in design, AI
literacy among users,

and access to
specialist technical

knowledge.

Skill gaps, isolated data
science teams, low user
understanding, limited
model interpretation

capacity, and dependence
on external vendors.

Leadership and
strategic
alignment

The degree to which
AI deployment is

connected to explicit

Whether leaders can
define the purpose,

expected value,

Clear executive
sponsorship, defined
business objectives,

Technology-led
experimentation, unclear
strategic purpose, weak
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Business Value Potential

strategic priorities
and supported by
senior decision-

makers.

resource commitments,
and accountability

structure for AI
deployment.

aligned budgets, and
explicit ownership of AI

outcomes.

sponsorship, shifting
priorities, and no

accountable business
owner.

Change
management
and process
integration

The organization’s
ability to redesign

routines, roles, and
workflows so AI

outputs influence
actual decisions.

Whether AI
recommendations can

be embedded into
operational processes

and accepted by
affected users.

Workflow redesign,
user training, feedback

loops, adoption
support, and

mechanisms for human
review.

AI tools added without
process redesign, user

resistance, unclear
handoffs, and limited
operational uptake.

Cultural
receptivity to
algorithmic

decision-making

The collective
openness to using

AI-supported
analysis while

preserving
appropriate human

judgment.

Whether employees and
managers trust,

question, and use AI
outputs in a balanced

and informed way.

Experimentation
culture, constructive

challenge of AI outputs,
learning orientation,

and balanced
automation–

augmentation logic.

Fear of replacement, blind
trust, rejection of AI

recommendations, or lack
of shared norms for AI-
supported decisions.

Ethical
governance and

accountability

The structures that
ensure AI systems

are transparent, fair,
auditable,

compliant, and
responsibly
supervised.

Whether the
organization can identify

ethical risks, assign
accountability, and

monitor consequences
after deployment.

AI governance
committees, fairness
checks, audit trails,

escalation procedures,
and human

accountability for
decisions.

No governance process,
unclear responsibility,

untested bias risks, weak
documentation, and

limited review
mechanisms.

Business value potential refers to the expected contribution of an AI initiative to organizational performance, strategic
positioning, and future capability development. AI value is not limited to cost reduction; it may also emerge through
improved decision quality, new products, customer personalization, and innovation capacity [1, 16]. Studies on digital
transformation and business model innovation show that value depends on whether technology investments reshape
processes, offerings, or competitive logic [24, 26, 27]. For this reason, the horizontal axis of the matrix evaluates the
expected value of a specific AI initiative rather than the general attractiveness of AI as a technology.

Operational efficiency is one of the most visible dimensions of AI business value because AI can automate repetitive
tasks, improve forecasting, reduce error, and support faster decision cycles. However, productivity gains from general-
purpose technologies often require complementary investments in processes, skills, and intangible organizational assets
before they become visible [6]. This means that efficiency value should be estimated realistically rather than assumed
from automation potential alone. An AI initiative may appear efficient in principle but produce limited value if processes
remain fragmented or users do not adopt the system.

AI may also create business value through revenue growth, innovation capability, and customer experience
enhancement. Research on digital innovation and entrepreneurship shows that digital technologies can expand
opportunity creation, enable new offerings, and alter the boundaries of markets [28]. AI can strengthen these effects by
enabling personalization, predictive insight, intelligent services, and faster experimentation, but these benefits depend on
strategic fit and business model relevance [29]. Table 2 categorises the dimensions of business value potential from AI
investments.
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Table 2. Business Value Potential from AI: Efficiency, Revenue, Innovation, and Customer Value Dimensions

Business
value

dimension

Definition Typical AI contribution Assessment
question

Examples of value
indicators

Operational
efficiency

The potential of AI to
reduce cost, improve

speed, increase
accuracy, or simplify

routine work.

Automation, prediction,
anomaly detection,

process optimization,
and decision support.

Will the AI initiative
measurably improve

operational
performance in a

process that
matters?

Cycle-time reduction,
cost savings, error

reduction, productivity
improvement, fewer

manual interventions.

Revenue
growth

The potential of AI to
increase sales, improve

conversion, expand
markets, or support
pricing and demand

strategies.

Customer targeting,
demand prediction,

pricing analytics,
recommendation

systems, and sales
intelligence.

Can the AI initiative
support revenue-

generating activities
or strengthen market

reach?

Increased conversion,
higher average order
value, new customer
acquisition, retention
improvement, pricing

gains.

Innovation
capability

The potential of AI to
support new products,

services, business
models, or

experimentation
routines.

Generative design,
intelligent service
creation, product

analytics, simulation, and
rapid prototyping.

Does the initiative
expand the

organization’s ability
to innovate beyond
existing operations?

New offerings, faster
experimentation, shorter
development cycles, new
digital services, improved

learning capability.

Customer
experience

The potential of AI to
improve service quality,

personalization,
responsiveness, and
customer satisfaction.

Chatbots,
personalization engines,

sentiment analysis,
intelligent routing, and

predictive service
support.

Will the AI initiative
improve the
customer’s

interaction with the
organization in a
meaningful way?

Higher satisfaction, lower
waiting time, improved

personalization, reduced
complaints, better
service continuity.

Competitive
differentiation

The potential of AI to
create strategic
distinction that

competitors cannot
easily imitate.

Proprietary analytics,
unique data-enabled

services, differentiated
decision capabilities, and
ecosystem positioning.

Does the initiative
create advantage
that is difficult for

competitors to copy
quickly?

Stronger market position,
distinctive service logic,
proprietary capability,
improved ecosystem

role.

Organizational
learning

The potential of AI to
improve institutional

knowledge, feedback
loops, and adaptive

decision-making.

Continuous analytics,
learning systems,

knowledge extraction,
and decision monitoring.

Does the initiative
help the organization

learn faster and
improve future

decisions?

Better feedback quality,
improved forecasting,
reusable data assets,

stronger analytical
routines.

Estimating business value potential requires attention to industry context, competitive pressure, process criticality, and the
organization’s strategic priorities. Big data analytics research shows that performance effects are mediated by dynamic
and operational capabilities rather than produced automatically by technology adoption [7, 8]. Therefore, managers
should distinguish between theoretical AI value and context-specific AI value. The matrix uses business value potential as
a disciplined estimate of expected contribution, not as a promise of guaranteed return.
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AI Readiness–Business Value Matrix Design
The AI Readiness–Business Value Matrix is designed as a 2×2 conceptual decision tool that places organizational
readiness on one axis and business value potential on the other. This design reflects the logic that AI investment
decisions should account for both the attractiveness of the opportunity and the organization’s ability to execute it.
Strategic alignment research in digital transformation shows that organizations must connect technology initiatives to
capabilities, structures, and transformation goals [3, 30]. The matrix therefore prevents managers from treating high-value
AI ideas as automatically deployable.

The first quadrant is “Quick Wins,” which contains AI initiatives with high readiness and high business value potential.
These initiatives are strong candidates for near-term deployment because the organization has both the preparedness
and the strategic rationale to proceed. The second quadrant is “Capability Building,” which contains high-value initiatives
for which readiness is currently low, requiring investment in data, talent, governance, or process redesign before
deployment [2, 4]. This quadrant is especially important because it prevents firms from abandoning valuable AI ideas
simply because they are not yet prepared to implement them.

The third quadrant is “Low Priority,” which contains AI initiatives with low readiness and low business value potential.
These initiatives should generally be postponed, redesigned, or removed from the AI portfolio because they create
implementation burden without sufficient strategic justification. The fourth quadrant is “Strategic Enabler,” which contains
initiatives with high readiness but lower immediate business value, meaning they may still matter as learning platforms,
infrastructure-building projects, or stepping stones toward future AI capability [20, 31]. Table 3 presents the design of the
AI Readiness–Business Value Matrix with quadrant interpretations.

Table 3. AI Readiness–Business Value Matrix: Axes, Quadrants, and Strategic Implications for AI Deployment

Matrix element Position or
meaning

Interpretation Recommended
managerial action

Key risk if mismanaged

Vertical axis:
Organizational

readiness

Low to high
readiness

Indicates whether the
organization has sufficient

data, skills, leadership,
culture, process integration,
and governance to deploy AI

responsibly.

Conduct readiness
scoring before committing

to deployment.

Overestimating
implementation capacity
and producing stalled or

poorly governed AI
projects.

Horizontal axis:
Business value

potential

Low to high
value

Indicates whether the AI
initiative is likely to contribute

to efficiency, revenue,
innovation, customer value,
or competitive advantage.

Estimate value using
strategic, operational, and

financial criteria.

Pursuing technically
interesting initiatives with

weak business
justification.

Quick Wins High
readiness
and high

value

AI initiatives are both
strategically attractive and

practically deployable.

Prioritize for near-term
deployment, allocate

resources, define success
metrics, and monitor

outcomes.

Moving too fast without
maintaining governance,

evaluation, and user
adoption discipline.

Capability
Building

Low
readiness
and high

value

AI initiatives are strategically
important but exceed current
organizational preparedness.

Delay full deployment
while investing in data
infrastructure, skills,

governance, and process
redesign.

Launching prematurely
and damaging trust,

performance, or
legitimacy.
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Application to Managerial Decision-Making

Low Priority Low
readiness

and low value

AI initiatives lack both
practical feasibility and
compelling business

justification.

Postpone, redesign, or
remove from the active AI

portfolio.

Wasting scarce
resources on symbolic AI

experimentation.

Strategic Enabler High
readiness
and low

immediate
value

AI initiatives are feasible but
may not deliver strong direct

returns; they may support
learning or future capability.

Use selectively as pilots,
learning exercises, or

capability platforms if they
support long-term

strategy.

Treating easy-to-deploy
AI projects as

strategically important
when their value is

limited.

Figure 1 presents the AI Readiness–Business Value Matrix as a strategic decision tool for classifying AI initiatives
according to organizational preparedness and expected business value before deployment.

Figure 1. The AI Readiness–Business Value Matrix for Strategic Artificial Intelligence Deployment Decisions

The matrix should be applied at the level of specific AI initiatives rather than at the level of the organization as a whole. A
firm may be highly ready for one AI use case, such as customer analytics, while being poorly prepared for another, such
as autonomous decision execution in regulated processes. Research on responsible AI governance and algorithmic
decision structures shows that AI risks vary according to context, decision authority, and accountability arrangements [14,
25]. The matrix therefore functions as a use-case-level diagnostic rather than a generic maturity label.

The decision logic of the matrix is intentionally practical. Managers should prioritize Quick Wins, invest in readiness for
Capability Building initiatives, deprioritize Low Priority initiatives, and use Strategic Enablers only when they support
broader learning or transformation. This logic connects AI adoption to strategic resource allocation rather than technology
enthusiasm [13, 16]. It also encourages firms to treat readiness as changeable, meaning that initiatives can move
between quadrants as preparedness improves or value assumptions are refined.

Managers can use the AI Readiness–Business Value Matrix to structure portfolio discussions before committing to AI
deployment. The first step is to identify candidate AI use cases and assess each one against the preparedness
dimensions and value categories already defined. This creates a shared language for cross-functional dialogue among
executives, data scientists, process owners, legal teams, and frontline users [12, 21]. The matrix is useful because it
makes disagreements visible rather than allowing AI investment decisions to be driven by enthusiasm, vendor pressure,
or isolated technical feasibility.
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The matrix also supports transparent go/no-go decisions by separating strategic attractiveness from deployability. For
example, an AI system for predictive customer retention may have high business value but require stronger data
integration and governance before deployment. In contrast, an internal document classification tool may be easy to
implement but provide only modest strategic value, placing it in the Strategic Enabler quadrant rather than making it a top
priority [1, 6]. This distinction helps managers avoid both premature deployment and excessive caution.

The matrix can also facilitate learning by showing how AI initiatives change position over time. A Capability Building
initiative may become a Quick Win after the organization improves data quality, develops user training, or establishes
responsible AI governance. Similarly, a Strategic Enabler may become more valuable if it reveals reusable infrastructure,
strengthens analytical routines, or supports new business model innovation [26, 28]. Table 4 provides illustrative
scenarios for applying the matrix in different organizational contexts.

Table 4. Application Scenarios for the AI Readiness–Business Value Matrix: Examples of Quadrant Placement and
Recommended Actions

Illustrative AI scenario Likely
readiness

level

Likely
business

value
potential

Matrix
quadrant

Recommended managerial action

Predictive maintenance in a
manufacturing firm with integrated
sensor data and strong analytics

capability

High High Quick Wins Proceed with controlled
deployment, define operational

metrics, and scale after
performance validation.

AI-based personalized pricing in a
firm with fragmented customer data

and weak governance

Low High Capability
Building

Delay full deployment and invest in
data integration, fairness review,

governance, and commercial
testing.

Experimental chatbot for an internal
process with limited usage and no

clear strategic priority

High Low Strategic
Enabler

Use as a learning pilot only if it
builds reusable capability or

improves AI literacy.

Automated hiring recommendation
system in a firm with weak ethical

oversight and unclear accountability

Low High Capability
Building

Do not deploy until bias controls,
human review, legal review, and

accountability structures are
established.

Image recognition tool for a process
that is rarely used and not linked to

strategic objectives

Low Low Low Priority Postpone or cancel unless the use
case is redesigned around a clearer

value proposition.

AI-supported customer service
triage in a firm with strong service

data and leadership support

High High Quick Wins Deploy incrementally, monitor
service quality, maintain human

escalation, and evaluate customer
impact.

The application of the matrix should not be reduced to mechanical scoring. AI deployment involves contested judgments
about value, responsibility, expertise, and control, especially when algorithms influence organizational work and decision
authority [10, 17, 18]. For this reason, the matrix should be used as a structured conversation tool as well as a
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Implementation and Validation Pathway

Limitations

Conclusion

prioritization instrument. Its practical value lies in making assumptions explicit before resources, credibility, and
organizational attention are committed.

Implementation should begin with a readiness audit that evaluates each proposed AI initiative against data infrastructure,
talent, leadership, change management, culture, and governance. This audit should be conducted by a cross-functional
team rather than a technical unit alone because AI readiness depends on organizational and managerial conditions as
well as system design [4, 11]. The audit can produce a readiness score, but the score should be accompanied by
qualitative evidence explaining the main preparedness gaps. This prevents the matrix from becoming a superficial
checklist.

The second step is a business value estimation workshop in which managers assess each initiative’s potential
contribution to efficiency, revenue, innovation, customer experience, differentiation, and learning. Prior research on
analytics capability and firm performance suggests that value is shaped by complementary capabilities and operational
integration [7, 8]. Therefore, value estimation should include both expected benefits and the conditions required to realize
them. The matrix can then be populated by comparing readiness evidence with value evidence for each initiative.

Validation should proceed through pilot testing, expert panels, case applications, and iterative refinement. Action-oriented
validation is appropriate because the matrix is intended to guide managerial judgment in real deployment contexts rather
than function as a fixed predictive model. Responsible AI governance research suggests that AI practices should be
refined as barriers, outcomes, and accountability concerns become visible during implementation [12, 25]. Over time,
organizations can update initiative positions as readiness improves, value assumptions change, or external conditions
alter the strategic relevance of AI projects.

The AI Readiness–Business Value Matrix simplifies complex organizational realities into two major dimensions. This
simplification is useful for managerial clarity, but it cannot fully capture the interdependencies among data quality,
leadership, culture, ethics, regulation, market dynamics, and competitive behavior. Digital transformation research shows
that organizational change is complex, recursive, and shaped by ongoing adaptation rather than linear implementation
[19, 30]. Therefore, the matrix should be treated as a diagnostic aid rather than a complete theory of AI transformation.

A second limitation is that readiness and business value scoring are partly subjective. Managers may overestimate
readiness because they focus on visible assets such as software platforms, or they may overestimate value because AI
projects are associated with innovation symbolism and competitive pressure [13, 16]. This limitation can be reduced
through cross-functional scoring, evidence-based criteria, external review, and post-deployment learning. However,
subjective judgment cannot be eliminated because AI deployment decisions involve uncertainty and strategic
interpretation.

A third limitation is that the matrix has not yet been empirically validated across industries, firm sizes, or regulatory
environments. External factors such as regulation, labor market constraints, competitor actions, and public trust may
influence both readiness and value but are not represented as separate axes in the proposed model. Future research
should test the matrix through comparative case studies, surveys, expert panels, and longitudinal action research to
assess whether it improves AI portfolio decisions [15, 29]. Such research could also refine the matrix for high-risk
contexts where governance and accountability are especially central.
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