Foundation of Computer Science FCS, New York, USA

' International Journal of Applied Information Systems (IJAIS) — ISSN : 2249-0868

Volume 12- No.46, February 2025 — www.jjais.org

Tokens as Currency: A Novel Framework to Sustain Al
Adoption and Profitability

Siddharth Nandagopal
Unaffiliated/Independent
Cambridge, Massachusetts. 02139, USA

ABSTRACT

Large Language Models (LLMs) are widely adopted across
sectors for tasks like text generation, analytics, and automated
support. However, many organizations struggle with token-
based cost escalation, hampering long-term sustainability. The
objective of this study is to address the urgent demand for an
integrated framework that optimizes token usage and preserves
financial stability. The research employs a conceptual,
theoretical methodology by examining existing literature,
synthesizing best practices, and proposing hypothetical use
cases that illustrate potential benefits. Results reveal that the
proposed Token-Efficient Al Utilization Framework (TEA-UF)
can significantly improve token efficiency, enhance operational
scalability, energy efficiency, and reduce overall expenditures
linked to LLM deployments. Organizations adopting TEA-UF
can mitigate vendor lock-in risks, balance on-premises and
cloud infrastructures, and forecast costs more accurately. This
approach underscores the viability of sustainable Al adoption
without sacrificing innovation. In conclusion, the framework
holds promise for revolutionizing LLM integration across
diverse industries while maintaining economic responsibility.
By implementing TEA-UF, businesses can achieve deeper
market penetration, faster product evolution, and streamlined
budgeting processes. The solution fosters global collaboration
and fuels robust Al-driven growth, confirming that token
efficiency and resource optimization can serve as cornerstones
for successful LLM deployment strategies. Hence, it fosters
synergy for enduring, future-proof Al adoption.
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1. INTRODUCTION

Artificial Intelligence (Al) has become a cornerstone for
innovation across industries, transforming how organizations
operate and compete [30]. In recent years, the adoption of
Large Language Models (LLMs) has expanded rapidly,
offering unprecedented capabilities in natural language
processing, customer engagement, and automation [12]. LLMs,
such as GPT-4 and LLaMA, enable tasks like text
summarization, content generation, and conversational
interfaces, making them indispensable in modern product
portfolios [12]. However, building a proprietary LLM from
scratch  poses substantial challenges, leading many
organizations to rely on established LLM service providers
[27].

Developing a custom LLM demands extensive resources,
including vast datasets, specialized hardware, and expert talent

[27]. Training models with billions of parameters requires
months of computational effort, often costing millions of
dollars [27]. Additionally, the maintenance of such models,
including updates and error corrections, adds ongoing
expenses. For most organizations, these constraints make the
direct adoption of service providers like OpenAl, Google, and
Microsoft a more practical choice. These providers offer pre-
trained models with ready-to-use APIs, enabling faster
deployment and reducing the entry barrier [27].

Despite their advantages, LLM service providers operate on
token-based pricing models, where organizations pay based on
the number of tokens processed during inference [39]. This
consumption-based cost structure can escalate rapidly,
mirroring the financial challenges encountered in the early days
of cloud computing adoption [37]. Organizations that migrated
to the cloud attracted by initial low costs often faced vendor
lock-in and surging expenses as usage grew, making transitions
back to on-premises systems economically unfeasible [15].
Similar risks now arise with LLMs, where uncontrolled token
usage can threaten financial stability and limit scalability [37],
[39].

Moreover, token-heavy processing often leads to unnecessary
energy consumption, raising questions about sustainability and
environmental impact. Lowering token overhead through
strategic Al utilization can minimize the carbon footprint of
frequent cloud-based inference [2], [6].

The stakes for organizations extend beyond financial
implications. Sustaining competitive Al strategies while
managing operational costs is critical for long-term
profitability [37]. Unchecked expenses in Al utilization can
also impact workforce investments, jeopardizing innovation
and employee development [37]. To address these challenges,
this paper introduces the Token-Efficient Al Utilization
Framework (TEA-UF), a novel solution designed to optimize
token usage, enhance cost predictability, and enable sustainable
LLM adoption. TEA-UF integrates principles of optimization,
hybrid deployment, and intelligent design, providing a
comprehensive strategy to balance efficiency and scalability.

2. METHODOLOGY

2.1 Appropriateness of the Methods

As depicted in Figure 1, the methodology employed in this
research integrates a systematic approach combining literature
review, conceptual framework design, and hypothetical
applications to develop the TEA-UF [19]. A systematic
literature review was conducted to analyze the growing
challenges organizations face in managing LLM tokens and the
limitations of existing solutions. Recent studies were reviewed
to identify the factors contributing to cost escalation,
inefficiencies, and vendor lock-in in Al adoption [27], [37],
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[39]. This review provided a foundation to conceptualize TEA-
UF as a sustainable and efficient framework for Al utilization.

The conceptual framework was designed using insights derived
from the literature and organizational challenges, focusing on
token optimization, hybrid deployment, and secure data
preprocessing. This design phase incorporated feedback from
case studies of industries reliant on LLMs, such as retail, and
healthcare, highlighting the need for adaptable and scalable
solutions [7], [27]. Finally, hypothetical applications of TEA-
UF were crafted to validate its practical relevance. These
scenarios simulated its implementation across diverse sectors,
projecting cost savings, enhanced operational efficiency, and
improved data security [19].

2.2 Framework Development

The development of TEA-UF followed a structured, multi-
stage approach, ensuring its comprehensiveness and
adaptability across organizational contexts. The framework
was built upon three foundational principles: token
optimization, hybrid deployment, and secure preprocessing.
Each principle addressed a specific aspect of LLM token
management to align with organizational goals [36], [40].

1. Assessment Stage: This stage involved evaluating the
Al needs of organizations and analyzing token
consumption patterns to identify inefficiencies. Tools
like token usage dashboards and predictive analytics
were recommended for accurate assessments [1],
[28], [35].

2. Design Stage: This phase focused on modularizing
Al tasks, enabling organizations to allocate resources
based on operational priorities. Strategies included
integrating caching mechanisms and summarizing
prompts to reduce redundant token consumption
[17], [23].

3. Implementation Stage: This stage emphasized
deploying hybrid models combining cloud and local
infrastructures. Such models offered scalability while

ensuring data privacy and compliance with industry
regulations [3], [32].

4. Evaluation Stage: Continuous monitoring and
iterative refinement were key components of this
stage. Real-time dashboards tracked token usage,
while feedback mechanisms ensured the framework
remained adaptive to changing needs [1], [28], [34],
[35].

This methodology establishes TEA-UF as a robust solution to
address the complexities of LLM token management, making
it highly relevant for adoption across industries.

3. LITERATURE REVIEW

3.1 Comprehensiveness

The landscape of LLM tokenization has evolved significantly
in recent years, emphasizing the need to manage token
economics effectively. As depicted in Figure 2, Research has
highlighted critical challenges such as token-based pricing,
escalating costs, vendor lock-in, and inefficiencies in token
usage [27], [37], [39]. These studies underline the urgency for
frameworks like the TEA-UF.

3.2 The Cost Dynamics of LLM Tokens
Token-based pricing models form the foundation of LLM
service offerings, where each token processed incurs a cost.
The computational cost of token usage is often underestimated,
with expenses accumulating as organizations scale operations.
Over time, repetitive processing, redundant token
consumption, and large-context prompts exacerbate these
costs. Token overuse can result from poor prompt structuring
and inefficient utilization of model capabilities, which inflate
operational expenses and undermine budget predictability [16],
[20], [27], [37], [39].
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3.3 The Vendor Lock-in Dilemma

Dependence on proprietary infrastructures and APIs creates a
challenging dynamic for organizations using LLM services.
There is difficulty of transitioning to alternative providers due
to deeply ingrained dependencies on vendor-specific
ecosystems. Furthermore, proprietary models often restrict
integration flexibility, forcing organizations to navigate high
switching costs and significant operational disruptions. There
is need for hybrid solutions to mitigate these barriers,
advocating for models that blend cloud-based scalability with
local infrastructure autonomy [3], [8], [21], [27], [32], [37].
[39].

3.4 Token Overuse in Practical Scenarios
Inefficiencies in token consumption often arise from long-
context prompts, iterative edits, and unoptimized tokenization
strategies. The excessive token consumption during iterative
code editing or document processing inflates costs
unnecessarily. Additionally, the lack of caching mechanisms
and suboptimal pre-processing techniques compounds the
issue. Examples such as managing customer queries or editing
large-scale contracts illustrate  how improper token
management can lead to resource waste [17], [20], [23], [31].

3.5 Relevance to Current Study

The insights from these studies reveal significant gaps in
existing token management strategies, emphasizing the need
for a structured approach like TEA-UF. While prior research
provides a thorough understanding of the challenges, it often
falls short in offering comprehensive solutions that combine
cost efficiency, scalability, and flexibility. TEA-UF addresses
this gap by introducing modular design principles, hybrid
deployment strategies, and token optimization techniques. This
framework builds upon the lessons from previous studies,

providing a practical pathway for organizations to adopt
sustainable Al practices.

The need for efficient token management is critical not only for
large-scale enterprises but also for small and medium-sized
organizations seeking to integrate Al capabilities. As depicted
in Figure 2, the proposed framework aligns with the findings of
[20] and [21], reinforcing the importance of balancing
operational costs with the flexibility to switch providers or
adopt open-source alternatives.

4. CONCEPTUALIZING THE TOKEN-
EFFICIENT AI UTILIZATION
FRAMEWORK (TEA-UF)

4.1 Core Principles of TEA-UF

The TEA-UF incorporates a set of principles designed to
manage LLM token usage effectively [8], [36], [40]. Each
principle addresses a specific concern that organizations face
when handling token-based pricing models and rising
operational costs [3], [8], [16], [21], [27], [32], [37], [39]. One
core idea involves smart prompts, where shorter and more
targeted instructions help reduce token expenses without
sacrificing quality. Another important strategy, known as
caching, stores previously generated content to avoid
regenerating similar text repeatedly. In addition, context
summarization condenses lengthy inputs into concise
fragments, minimizing token consumption during inference
[17], [20], [21], [23], [31].

An equally vital principle involves hybrid deployment models,
blending cloud services for high-volume workloads with on-
premises systems for sensitive data. This approach allows
organizations to benefit from the elasticity of external providers
while retaining tighter control over critical resources [3], [8],
[16], [21], [27], [32], [37], [39]. Secure pre-processing plays a
pivotal role by filtering out unnecessary details before sending
text to the LLM, which further lessens token demands [20],
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[36], [40]. Maintaining data-locality also bolsters privacy,
especially in sectors like healthcare or finance that require
strong compliance measures [3], [21], [32]. Together, these
principles help users achieve economical token usage and a
reliable infrastructure that suits varied operating conditions
[20], [31].

Figure 3 demonstrates how each principle feeds into token
efficiency, leading to less cost strain on organizations [8], [36],
[40]. Smart prompts keep messages relevant, context
summarization trims excessive data, caching prevents duplicate
outputs, and hybrid deployment merges flexible computation
with strict security demands. Meanwhile, secure pre-processing
ensures that incoming text is already optimized, further
lowering the chance of unnecessary token usage [16], [17],
[20], [21], [23], [31].

4.2 The TEA-UF Lifecycle
As depicted in Figure 4, a well-defined lifecycle ensures that
TEA-UF remains adaptable as an organization’s needs evolve.

Stage 1, Assessment, involves analyzing existing Al
requirements, monitoring token consumption patterns to spot
inefficiencies and identifying organizational priorities. This
stage also considers the sensitivity of data, regulatory factors,
and the volume of queries processed daily [1], [8], [16], [21],
[28], [35].

Stage 2, Design, uses insights from the assessment to create a
modular blueprint for Al operations. Tasks are split into
segments that match specific goals, allowing each segment to
leverage the correct mix of cloud or local infrastructure. In
practice, smaller tasks might be directed to local systems if
privacy or bandwidth are priorities, while large-scale text
generation might use cloud services for speed [8], [17], [20],
[23], [31].

Stage 3, Implementation, translates the design into tangible
processes and guidelines. Operators enforce the use of caching
protocols, integrate context summarization, and maintain a
repository of prompt templates to ensure messages remain
concise. Furthermore, administrators configure hybrid
deployment to handle sensitive data internally, while
harnessing cloud elasticity for non-critical workloads.
Implementation also defines cost-monitoring practices, such as
real-time dashboards that display token usage for immediate
corrective measures [3], [16], [20], [21], [31], [32].

Stage 4, Evaluation, applies continuous monitoring to check if
token usage targets and performance benchmarks are being

met. This final phase encourages iterative improvements by
gathering feedback from users, tracking cost patterns, and
revising strategies as needed. When token usage spikes
unexpectedly, immediate reviews might highlight poorly
structured prompts or unoptimized caching, leading to updated
policies or revised frameworks. By viewing TEA-UF as a cycle
rather than a static model, organizations retain flexibility in
adjusting their Al deployments [1], [8], [16], [20], [21], [28],
[34], [35].

4.3 Benefits of TEA-UF

A major advantage of TEA-UF lies in its potential to generate
substantial cost savings for organizations aiming to scale Al
initiatives. By employing optimized strategies, many
institutions can noticeably curtail token-related spending and
avoid the unpredictable bills often linked to large-scale LLM
usage. This adaptive approach assists management teams in
forecasting expenses more reliably, ensuring that growth does
not compromise budget stability [8], [16], [20], [27], [31], [37],
[39].

Another benefit involves reducing the risks associated with
vendor lock-in, a concern for those who rely heavily on
proprietary APIs. TEA-UF’s hybrid stance allows seamless
pivots between platforms or providers if services become
expensive or fail to meet evolving requirements. This agility
positions organizations to negotiate better deals and keep pace
with new technologies without committing to one exclusive
ecosystem [3], [8], [20], [21], [27], [31], [32], [37], [39].

A pivotal aspect of TEA-UF involves curbing redundant
computations, which not only reduces expenses but also
translates into tangible energy savings. By channeling simpler
workloads to local systems, enterprises cut back on persistent
cloud resource demands, thereby decreasing overall power
usage [2], [6].

Additionally, TEA-UF promotes scalability for businesses of
varying sizes, from modest startups handling small user bases
to major enterprises processing millions of requests. Teams can
configure TEA-UF principles in ways that match their
immediate needs, then expand those principles when usage
volumes rise. This tailored approach prevents sudden strains on
infrastructure and finances by ensuring that token consumption
remains controlled [8], [16], [20], [27], [37], [39].

Overall, TEA-UF brings clarity to the complexities of token
usage by merging cost optimization, flexibility, and secure
deployment model. Many case studies emphasize the difficulty
in maintaining Al solutions once costs accelerate, especially
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when organizations must update models or scale to new
markets. By tackling these concerns at the framework level,
TEA-UF bridges the gap between immediate implementation
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hurdles and long-term growth strategies [3], [8], [20], [21],
[27], [31], [32], [37], [39].
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Figure 4 illustrates TEA-UF lifecycle

5. RESULTS AND DISCUSSION

5.1 Interpretation and Discussion

TEA-UF establishes a structured way for organizations to
manage LLM usage, particularly when token-based costs
threaten budget stability [37], [39]. Each phase of TEA-UF
targets common pitfalls in Al adoption, such as excessive token
consumption and limited flexibility when vendor lock-in
occurs [15]. Many organizations struggle to predict expenses
because token surcharges escalate quickly once query volumes
rise [8], [16], [20], [27], [31], [37], [39]. TEA-UF minimizes
these risks by encouraging prompt caching, modular system
design, and hybrid deployments, thereby creating an adaptive
foundation for scalable Al solutions [16], [17], [20], [21], [23],
[31]. Token budgeting and monitoring, aided by predictive
dashboards, forecast usage spikes accurately [1], [8], [16], [20],
[21], [28], [34], [35]. Meanwhile, federated learning and edge-
based models expand Al reach, lowering cloud reliance [41].
Such strategies future-proof organizations against cost
escalations and vendor restrictions, enabling flexible scaling
without sacrificing efficiency. These approaches enhance trust
in adoption. Such a balanced framework also aligns with the
call for adaptive budget controls in mission-critical systems,
ensuring that cost is neither a barrier nor an afterthought.

5.2 Hypothetical Applications: TEA-UF in

Diverse Contexts

The effectiveness of TEA-UF becomes evident when applying
back-of-the-envelope estimates to two key sectors: retail and
healthcare [26], [29]. Consider a mid-sized retail operation
handling 60,000 daily user queries, each averaging 100 tokens,
for a total of 6 million tokens per day. By caching common
inquiries and using local inference for 40% of queries, the daily
token load on the cloud drops from 6 million to around 3.6
million tokens, potentially cutting monthly token spending
from 1.8 million USD to near 1.1 million USD if the base rate
is 0.01 USD per token. Furthermore, about 20% of those cached
tokens might repeat brand descriptions, sizing charts, and
promotional ads, thereby reducing repeated processing costs.
This modular approach also deters vendor lock-in, since local
systems can handle a significant share of processing.

A similar scenario arises in healthcare, where a hospital
receives 25,000 patient record requests daily, each involving
200 tokens for detailed summaries, resulting in 5 million tokens
per day. A hybrid strategy might route 50% of queries—
especially those carrying sensitive personal details—to local
deployments, cutting cloud-based tokens from 5 million to
roughly 2.5 million. The local portion might be allocated for
shorter summaries, while specialized analyses requiring

advanced text generation go to the cloud, thereby lowering
monthly token expenditure from an estimated 1.5 million USD
to near 750,000 USD if the base rate is 0.01 USD per token.
Privacy mandates, such as patient data protected by HIPAA,
often involve around 10% of daily tokens, which leads to more
secure operations and eases regulatory compliance. This
combination illustrates how TEA-UF promotes cost-effective
scaling and adherence to confidentiality requirements.

In both the retail and healthcare scenarios, local handling of
recurring tasks and selective cloud usage reduce monthly token
fees, diminish redundant data processing, and help maintain
energy-aware operations, aligning with industry standards for
sustainable Al adoption [2], [6].

By showcasing flexible deployments across retail and
healthcare, TEA-UF underscores its capacity to unify cost
savings, operational agility, and data protection in a single
coherent framework. Leaders in different industries can
customize token allocation or caching policies, encouraging
further research into how TEA-UF might be enhanced for
emerging Al use cases.

5.3 Policy Implication at Organization

Level and National Level

A policy-driven strategy prompts teams to adopt standardized
practices for token control, enhancing clarity and
accountability within Al operations. Many organizations set
local inference thresholds for sensitive workloads, limiting the
tokens transmitted to external providers when privacy rules
demand caution. On a broader scale, governments could require
Al vendors to reveal pricing structures more thoroughly,
empowering businesses to secure fair deals or migrate to new
providers without extensive reintegration challenges.
Enforcing interoperability across Al platforms further elevates
operational efficiency and nurtures competitive markets.
Standardized protocols for token usage, data formats, and
deployment models allow seamless transitions between
systems without significant overhead. At the same time,
national authorities could promote shared technical standards
that minimize vendor lock-in, enhance cost visibility, and
ensure a level playing field. This strategy fuels innovation by
letting firms explore multiple tools while contributing to
sustainable economic growth and open industry dynamics. As
a result, providers must compete on cost-effectiveness and
technical quality, creating a healthier environment for all
stakeholders. Regulatory bodies also benefit from clearer usage
metrics, guiding them toward policies that protect the interests
of both enterprises and end consumers.
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6. CONCLUSION AND
RECOMMENDATIONS

A well-designed approach to LLM adoption can transform
organizational workflows, yet the TEA-UF remains conceptual
and relies on theoretical modeling that awaits validation in real-
world contexts [18], [33]. Each principle of TEA-UF draws
upon back-of-the-envelope approximations rather than detailed
empirical studies, which underscores the need for pragmatic
evaluations in specific sectors such as healthcare, finance, or
retail [26], [29]. These industries often involve unique data
volumes, compliance mandates, and usage spikes that can
influence how token usage patterns unfold in practice. Practical
trials would clarify how TEA-UF performs under varied
operational pressures, guiding practitioners on ways to balance
privacy needs with cost objectives. Further research might also
examine how unexpected factors, like sudden market changes
or regulatory revisions, affect the viability of TEA-UF in live
settings [18], [26], [29], [33].

Additionally, the reduction in token overhead yields notable
environmental advantages. Enterprises that optimize workloads
using TEA-UF find that fewer superfluous computations not
only safeguard budgets but also foster energy efficiency,
strengthening the case for immediate and widespread adoption

(2], [6].

Future empirical studies should systematically gauge how
TEA-UF handles token fluctuations, vendor lock-in avoidance,
and policy compliance across different scales of enterprise
deployment [24]. Comparative research might analyze how
organizations fare before and after adopting TEA-UF,
highlighting shifts in overall token expenses and the extent of
resource reallocation [13]. Cross-industry adaptations could
explore whether certain design elements, like hybrid
deployments or caching strategies, yield greater benefits in
manufacturing versus customer-facing services [5], [9], [10].
Explore whether this adaptation affects growth processes in
small and medium-sized enterprises (SMEs) [14]. Another
fruitful avenue involves refining token pricing models, possibly
by collaborating with LLM service providers to propose tiered
rates or specialized packages that incentivize efficient usage
[4]. In-depth simulations and pilot programs can capture
nuances in data sensitivity, infrastructure constraints, and
regulatory demands to sharpen best practices for TEA-UF [38].

Organizations worldwide should consider TEA-UF a guiding
framework when planning Al initiatives, especially to avoid
sudden budget hikes and operational bottlenecks [37], [39]. By
implementing token usage dashboards, subdividing tasks for
local or cloud inference, and adopting advanced summarization
approaches, companies stand to save both funds and valuable
staff time [1], [8], [16], [20], [21], [28], [34], [35]. Decision-
makers might also align these policies with national
regulations, ensuring that token consumption is transparent and
easily audited [25]. At a policy level, government bodies could
promote interoperability standards among LLM vendors,
encouraging fair pricing and spurring healthy competition that
benefits end-users [11], [22]. This macro-level encouragement
of uniform protocols can establish stable Al ecosystems that
support innovation, lower financial risk, and maintain robust
data security.

In summary, TEA-UF offers a holistic framework for
sustainable Al adoption, balancing agile deployments with
managed expenses and clear protocols. By bridging cost
forecasting, privacy mandates, and scalable architectures,

TEA-UF stands ready to facilitate global Al-driven growth [1],
[8], [16], [20], [21], [28], [34], [35]. A collaborative effort
among corporations, policymakers, and researchers would help
refine the framework’s components, improve token pricing
approaches, and deepen trust in Al solutions. Through ongoing
refinements and policy support, TEA-UF can significantly
impact organizations, leading them toward long-term
efficiency, stronger market performance, and ethical
stewardship of Al technology.
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