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Highlights

Please indicate how your work links to systems science via your contributions to systems
practice, theory, and/or methodology.

• Research data infrastructure is modeled as a three-tier system whose architecture
endogenously lowers exercise friction and thereby raises real option value, offering a
systems perspective on digital infrastructures.

• The framework couples option pricing with explicit friction and environmental
penalty functions, offering a systems methodology for evaluating national research
data infrastructures.

What are the main findings and/or the implications of the main findings?

• Advancing data through the three-tier architecture lowers exercise friction, which
creates an Architecture Premium and, once friction falls deep below the intrinsic asset
value, sharply compresses the sensitivity of realizable scientific value to volatility;
both are standard option properties applied to an architecture-dependent strike.

• Tier-3 AI sandboxes require both sufficient cross-disciplinary reuse and satisfaction
of a total-cost boundary in which annualized upgrade cost reduces the admissible
environmental penalty one-for-one.

Abstract

This paper proposes the Architecture-Aware Real Options Framework (AA-ROF), a systems-
based model for valuing research data in multi-tier socio-technical infrastructures (Institu-
tional Archive, Federated Mesh, AI Sandbox). AA-ROF treats architecture as an endogenous
generator of exercise friction and defines the “Architecture Premium” as the gain in realiz-
able option value; two of its three named effects are standard option properties applied to
this endogenous strike, and the novelty lies in coupling that strike to the environmental
penalty of compute-intensive architecture. The analysis yields two conditional implica-
tions: low friction can sharply compress value sensitivity to scientific uncertainty, and
Tier-3 infrastructure can offset redundant-data-creation losses once cross-disciplinary reuse
exceeds an illustrative threshold. Its central result is a symbolic total-cost boundary: the
admissible Tier-3 environmental penalty equals the Tier-2 penalty plus the option-value
gain minus annualized capital cost. Thus, the reported value of 60 is only a zero-capital-cost
illustration, not a general adoption threshold; tier parameters follow literature ratios, not
inverted from the model. A two-period extension reports opposing conditional feedback
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effects rather than an unconditional tier preference. AA-ROF thus offers a systems-level
baseline for governing environmental burden and realizable option value in research
data infrastructure.

Keywords: research data valuation; real options framework; multi-tier architecture; socio-
technical systems; systems methodology; global R&D governance; AI foundation models

1. Introduction
In the era of Data-Driven Science and Artificial Intelligence for Science (AI4S), the ex-

ponential generation of research data has exposed a structural inefficiency in the systems
that store and mobilize it. While data is universally acknowledged as a paramount in-
tangible asset, a significant portion of global scientific data devolves into “dark data”,
stored in isolated silos and rarely reused. This linear lifecycle of data incurs substantial
environmental and financial costs through redundant experiments and unoptimized data
storage, imposing a system-level deadweight loss on national R&D ecosystems. To foster a
true Circular Economy of Research Data, global infrastructure initiatives such as the National
Artificial Intelligence Research Resource (NAIRR) in the United States, the European Open
Science Cloud (EOSC) and Gaia-X in Europe, and sovereign high-performance computing
(HPC) projects publicly describe multi-tier digital infrastructures that facilitate continuous
data reusability.

However, the economic justification for investing in such advanced, multi-tier infras-
tructures remains analytically constrained. The existing Information Systems (IS) literature
evaluates digital infrastructure primarily through the lens of operational efficiency and
cost reduction. Traditional valuation methods, such as Net Present Value (NPV), measure
infrastructure investments by how much they reduce the deterministic costs of data storage
or network transfer. This cost-centric paradigm often misinterprets the economic nature
of data. Advanced distributed architectures do not merely reduce the cost of conducting
existing research; they reduce the friction that keeps disparate datasets from being merged
with AI foundation models, rendering previously impractical combinations exercisable and
thereby enabling researchers to answer novel scientific questions.

Simultaneously, the global push toward highly integrated AI infrastructures sharp-
ens the exchange between such a system and its physical environment. Modern AI4S
workloads and foundation model training demand immense power, massive water con-
sumption, and extensive cooling resources, resulting in escalating carbon footprints that
increasingly challenge national carbon-neutrality targets. As highlighted by international
energy projections, global data center electricity consumption is set to more than double by
2030, with renewables expected to meet only about half of this additional demand while
many electricity grids are already under strain [1]. Therefore, science policymakers face
a complex and urgent dilemma: How can public R&D infrastructure policies balance the
economic and scientific necessity of reducing the friction that keeps existing research data
from being exercised against the energy and carbon burden that the same architectural
choices impose?

To address this, we propose the Architecture-Aware Real Options Framework (AA-
ROF). We move beyond the paradigm of merely applying existing financial formulas to
empirical data. Instead, we establish a formal deductive analytical framework where the in-
frastructure architecture shapes economic friction. We demonstrate that transitioning data
through a proposed three-tier distributed architecture (Archive, Federated, AI Sandbox)
can act as a systematic driver of real option value rather than merely a cost-saving mea-
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sure. In doing so, we adopt an explicitly systems-theoretic perspective: the research data
ecosystem is modeled as a multi-tier system whose economic behavior emerges from the
interaction of accessibility, governance readiness, and computing proximity. That ecosys-
tem is socio-technical in the strict sense, since governance readiness is an institutional and
organizational property whereas accessibility and computing proximity are technical ones,
and the realizable value of the whole is set by how these heterogeneous components jointly
enter the single priced friction quantity of Equation (2) rather than by any component in
isolation. The framework is therefore offered as a reusable systems methodology for infras-
tructure policy analysis, linking real options economics to the systems-science tradition of
studying structure-driven behavior.

The primary contributions of this paper are three structural properties that follow
from treating research data infrastructure as a multi-tier system rather than as a static asset
store. First, we provide an analytical proposition that architectural progression generates
an “Architecture Premium,” a friction-reduction premium whose economic significance is
that previously prohibitive combinations of datasets and AI models become exercisable,
rather than a distinct combinatorial-value mechanism. Second, we formalize a conditional
“Volatility Compression” effect, indicating that low-friction infrastructure sharply reduces,
without eliminating, the sensitivity of realizable value to scientific uncertainty. Third, we in-
troduce the “Sustainability Premium,” showing analytically under stated assumptions that
advanced tier infrastructures can mitigate the severe deadweight loss associated with re-
dundant data creation when reuse conditions are met. What is new is not the option-pricing
machinery itself but the specific functional coupling in Equations (2) and (3) that maps
architectural state jointly onto exercise friction and environmental penalty. We emphasize
that Principles 1 and 2 below are, mathematically, disciplined applications of standard
option-pricing properties (strike monotonicity and deep-in-the-money Vega compression)
composed with that coupling; the theoretical contribution lies in the systematic mapping of
architectural states into that calculus, and in the policy vocabulary this mapping yields,
rather than in new option-pricing theorems.

Given that sovereign-scale Tier-3 AI Sandboxes are currently in early developmental
phases globally, empirical ex-post evaluation remains structurally infeasible. Consequently,
this study is explicitly positioned as an ex-ante analytical framework rather than a retrospective
empirical validation. By establishing the theoretical boundary conditions and structural
mechanisms of data infrastructure value, this paper provides a deductive baseline for
future empirical calibration and infrastructure design. The remainder of this paper is
structured as follows. Section 2 positions this contribution against prior work in data
valuation, global R&D frameworks, and digital infrastructure. Section 3 develops the formal
analytical framework, detailing the shift from cost reduction to option-based valuation
and embedding governance readiness. Section 4 conducts a numerical boundary-condition
analysis and policy scenario evaluation. Section 5 discusses theoretical contributions, public
sector evaluation implications, and empirical calibration strategies, and Section 6 concludes.

2. Literature Review and Theoretical Positioning
To elucidate the theoretical necessity of the AA-ROF framework, we synthesize and

critique recent advancements across distinct streams of peer-reviewed literature. Crucially,
we focus on how the infrastructure architecture and research data management (RDM)
status, rather than abstract policy declarations, dictate the realizable value of data within
our proposed three-tier distributed model.

From a systems-science perspective, the relevant unit of analysis is not an isolated
dataset or computing component but a bounded configuration of interdependent elements
whose properties depend on relations among parts and on the level of abstraction at which
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the system is described [2,3]. We use this perspective narrowly: it motivates evaluating
data, infrastructure, and RDM arrangements jointly, but it does not by itself validate the
particular three-tier taxonomy or the functional forms used in AA-ROF.

2.1. Data Valuation and Infonomics in the AI Era

The burgeoning field of Infonomics [4] established the premise that data must be
treated as a formal economic asset. Recently, this has evolved into the precise quantification
of data quality metrics, particularly through the lens of the FAIR (Findable, Accessible,
Interoperable, and Reusable) principles [5]. Contemporary studies attempt to assign
financial value based on these intrinsic data readiness metrics [6].

However, this “intrinsic determinism” assumes data possesses realizable value re-
gardless of its infrastructural environment. In the AI4S era, a perfectly curated dataset is
economically inert if trapped in a disconnected cold archive. The systematic bibliomet-
ric review by Qin et al. [7] shows that value is progressively co-created as data moves
through assetization, commoditization, and capitalization stages. Crucially, in our pro-
posed three-tier model, this realizable value depends fundamentally on the underlying
infrastructure and the actual status of research data management rather than merely on
policy initiatives or intrinsic data quality. Recent peer-reviewed work supports this view:
Majithia et al. [8] and Greenberg et al. [9] show that FAIR compliance is necessary but not
sufficient, as readiness is heavily mediated by an infrastructural metadata ecosystem that
must be machine-actionable.

2.2. Real Options Theory in Environmental and IT Investments

Real options theory adapts financial option pricing to evaluate strategic investments
under high uncertainty [10]. While prior IS literature primarily treats the IT infrastructure
itself as the “underlying asset” [11], our three-tier framework inverts this paradigm: the
research data is the underlying asset, and the infrastructure architecture is the endogenous
mechanism that alters the “exercise cost” of that option.

Furthermore, the conceptual linkage between environmental costs, irreversibility,
and option value traces its roots to classical environmental economics literature [12,13].
While these foundational works addressed the irreversible loss of natural resources, this pa-
per extends the irreversibility concept to the modern context of carbon-intensive computing
infrastructures and the deadweight loss of redundant data creation. Most directly relevant
to data valuation is Coyle and Gamberi [14], who apply the Black–Scholes framework
to value commercial data assets based on empirical exercise costs. Where the existing
literature asks what the exercise cost was for a specific use case, AA-ROF endogenizes the
exercise cost as a continuous function of the proposed three-tier architectural movement, ex-
tending classical environmental option value into a systems-level evaluation methodology
for digital infrastructures.

2.3. Digital Infrastructure, Data Gravity, and Research Data Management

Information infrastructure is not merely a technical artifact but a relational property
that dictates how scientific work is accomplished [15]. Classical socio-technical systems
research likewise showed that work-system outcomes depend on the relation between social
organization and technological content rather than on technology alone [16]. In the present
setting, this insight motivates treating RDM readiness and infrastructure architecture as
coupled conditions; it does not imply that evidence from industrial work systems directly
establishes effects in research-data infrastructures. This is acutely relevant in the context
of “Data Gravity” [17], which posits that moving petabyte-scale data to external compute
nodes incurs prohibitive latency.
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Recent studies emphasize the urgent need to co-locate computation with data storage,
that is, to place compute and storage resources within the same physical data center or HPC
facility, to overcome these bottlenecks. Belcastro et al. [18] show that multi-layered edge-
cloud architectures are essential for distributed workflows, yet adoption remains hindered
by infrastructural fragmentation. Frameworks integrating HPC, cloud, and data-analytics
resources [19], alongside AI-assisted metadata management [20] and FAIR-aligned research
data infrastructures for high-throughput experimentation [21], illustrate how distributed
edge-cloud-HPC continuums support diverse scientific workflows in practice. By formalizing
computing proximity and readiness, AA-ROF translates these specific RDM and infrastruc-
tural realities into the quantifiable structural parameters of the three-tier model.

2.4. Positioning of AA-ROF Relative to Existing Literature

The reviewed literature reveals a well-established machinery for pricing uncertain
assets and a growing consensus that architecture shapes data usability. It is important
to acknowledge that advanced Net Present Value (NPV) extensions and existing real
options models already address managerial flexibility and the combinatorial value of assets.
The primary theoretical departure of AA-ROF is not the assertion that real options apply to
data, but rather the explicit mathematical coupling of architectural tier movement with the
friction and environmental penalty functions.

AA-ROF should also be distinguished from established systems methodologies. Check-
land’s shift from optimizing to learning cautions that quantitative models for intervention
in human affairs do not themselves settle problem framing or stakeholder purposes [22].
AA-ROF therefore assumes that the evaluation purpose and system boundary have already
been specified; it does not claim to replace a learning-oriented systems inquiry. System
dynamics, in turn, explains policy resistance and behavior over time through endogenous
system responses and feedback [23]. The readiness–reuse loop and the minimal two-period
extension are therefore best viewed as a limited feedback representation, not as a calibrated
system dynamics model.

Instead of relying on abstract policy frameworks, AA-ROF embeds the concrete
RDM realities of the specific three-tier distributed model directly into the exercise cost
term. To delineate this theoretical refinement without oversimplifying prior literature,
Table 1 summarizes the specific conceptual pivot from generalized intrinsic valuation to
the architecture-driven valuation of our three-tier model.

Table 1. Positioning of AA-ROF Relative to Existing Paradigms.

Analytical Dimension Generalized IT/Valuation Models The AA-ROF Approach (Three-Tier
Model)

Focus of Value Intrinsic Data Value or General IT Flexibility Architecture-Driven Value (Tier
progression)

Infrastructure Role Operational constraint or underlying asset
Endogenous setter of exercise friction that
raises realizable option value across the
three-tier RDM progression

Evaluation Focus Policy/Financial return on investment Infrastructural friction & RDM
status reduction

Environmental View Exogenous operational constraint Endogenous Sustainability
Premium/Penalty (Irreversibility)

3. The Architecture-Aware Real Options Framework (AA-ROF)
To establish AA-ROF as a practical baseline for policy evaluation rather than a mere

application of existing financial models, we note that the strike-monotonicity property
underlying Principle 1 does not depend on a specific stochastic process for scientific
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uncertainty, whereas the Vega-compression property of Principle 2 is established here only
for the standard Black–Scholes geometric Brownian motion benchmark that the numerical
illustrations of Section 4 also adopt, and whose limitations are discussed in Section 5.4. We
construct a generalized analytical framework based on explicit assumptions, analytical
properties, and logical derivations.

3.1. The Three-Tier Infrastructure Architecture

Before formalizing the friction and value functions, we first define the three-tier
architectural gradient that anchors the analysis throughout this paper. We characterize
each tier along the three dimensions of the infrastructure vector I⃗ = (A, R, P) (Accessibility,
Readiness, and Computing Proximity), introduced formally in Section 3.3 and visually
summarize this dynamic progression in Figure 1.

• Tier 1 (Institutional Archive): Data resides in isolated, institution-specific reposito-
ries with minimal metadata standardization and no direct co-location with compute
resources. Accessibility and readiness are low, and computing proximity is minimal
(P ≈ Pmin, formalized in Section 3.4), so exercise friction X(⃗I) is near its structural max-
imum. This tier corresponds to the conventional “cold storage” model that underlies
dark-data accumulation.

• Tier 2 (Federated Mesh): Data is exposed through interoperable, FAIR-aligned in-
terfaces across institutions (e.g., federated catalogs, shared identifier and metadata
schemas), substantially raising accessibility (A) and readiness (R). Computing prox-
imity remains moderate, as data is discoverable and interoperable but not necessarily
co-located with high-performance compute. This tier reflects federated governance
models, of which EOSC and Gaia-X are illustrative, not formally classified, examples.
Federated architectures of this kind preserve institutional data sovereignty and orga-
nizational autonomy, since each institution retains custody of its own holdings while
exposing them through shared interfaces; the corresponding cost is a governance over-
head of sustaining cross-institutional consensus on schemas and identifiers, which
can manifest as schema fragmentation and lags in data freshness relative to a fully
centralized architecture.

• Tier 3 (AI Sandbox): Data is co-located with sovereign or institutional GPU clusters
within a governed, compute-adjacent environment, maximizing computing proximity
(P) and minimizing latency for AI model training. This tier minimizes exercise friction
but, as formalized in Section 3.4, incurs the steepest environmental penalty E(⃗I).

Tier 1

Institutional
Archive

(Local Data &
Dark Data)

Tier 2

Federated
Mesh

(Interoperable &
FAIR Data)

Tier 3

AI
Sandbox
(Compute

Co-location)

Circular Economy: Data Reuse & AI Model Feedback

Accessibility (A), Readiness (R), Proximity (P) ↑ ⇒ Friction X(⃗I) ↓

Environmental Penalty E(⃗I) ↑

Figure 1. The three-tier infrastructural gradient integrating the Circular Data Economy. As data
advances from Tier 1 to Tier 3, accessibility, readiness, and proximity increase, reducing exercise
friction X(⃗I) (top) while environmental penalty E(⃗I) rises (bottom). The dashed feedback loop
illustrates the Sustainability Premium achieved through continuous data and model reuse.
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The dashed return path in Figure 1 represents the architecture as a closed loop rather
than a one-directional pipeline: the outputs of the Sandbox tier, in the form of reused
datasets and refined models, re-enter the archival base as newly curated holdings, raising
the average readiness of the corpus that subsequent curation cycles draw on rather than
altering the low-readiness definition of Tier 1 itself. This return path is a reinforcing loop
in the qualitative system-dynamics sense, and we state plainly that the static formulation
developed below does not endogenize it: neither X(⃗I) nor E(⃗I) makes the infrastructure
state depend on prior exercise, so the loop is represented here as a structural property of
the architecture. Section 4.6 takes a first step toward that loop in a minimal two-period
form (reuse feeding back into each tier’s own readiness and opportunity set, not yet into
the archival base of another tier), and the remaining dynamic formalization is set out as a
modeling extension in Section 5.4. As depicted in Figure 1, this tier structure is illustrative
rather than a claim about any specific national system: real infrastructures may occupy
intermediate or hybrid positions along the gradient. The choice of exactly three tiers is
an analytical rather than an empirical judgment. Along the (A, R, P) space of Section 3.3,
the tiers need only be numerous enough to trace the friction-versus-environmental-penalty
trade-off of Section 3.4 through qualitatively distinct regimes: a high-friction, low-penalty
regime in which data is largely inert (Tier 1), an intermediate regime with substantial inter-
operability but limited compute co-location (Tier 2), and a low-friction, high-penalty regime
in which both option value and environmental cost are maximized (Tier 3). Three tiers are
the minimum number that spans this trade-off end to end while retaining an interior point
at which it is genuinely ambiguous; a finer partition would add intermediate points along
the same gradient rather than a qualitatively new regime, at the cost of additional free
parameters in Section 4.1. The tiers are accordingly representative archetypes chosen for
analytical and expository sufficiency, not an exhaustive taxonomy of real infrastructures.
Section 3.4 operationalizes this qualitative progression into the continuous friction function
X(⃗I), and Section 4 discretizes it into the tier-indexed parameters (X1, X2, X3) used in the
numerical analysis.

3.2. Theoretical Core: Why Option Value over Cost Reduction?

In standard IS literature, an infrastructure upgrade is evaluated by the marginal
decrease in processing costs (∆C). Under this paradigm, the intrinsic value of the data asset
remains static, and the infrastructure merely improves the profit margin of utilizing that
data. This linear, operational perspective is adequate for predictable business environments
but often falls short in scientific R&D, which is characterized by extreme uncertainty and
the potential for discontinuous innovation.

In a dedicated three-tier distributed infrastructure, architecture governs which data-
and-model combinations are exercisable rather than creating those combinations outright.
When research data is elevated to a Tier 3 AI Sandbox, where computing proximity is
maximized and latency is minimized, it gains the capacity to be instantly coupled with
heterogeneous datasets and generative AI models. This state of high readiness does not just
make existing research cheaper; it renders a Real Option to Expand economically exercisable.
The infrastructure analytically transforms previously prohibitive combinatorial choices
into viable ones for the researcher, allowing them to delay decisions until new scientific
paradigms emerge and then execute complex analyses.

3.3. The Infrastructure Vector: Accessibility, Readiness, and Proximity

To operationalize the three-tier architecture, we explicitly define the dimensions of
the infrastructure vector I⃗ = (A, R, P). A robust national R&D ecosystem demands not
only data curation but also seamless institutional access and computational co-location.
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The advancement of research data through the tiers is governed by the following three
foundational pillars:

1. Accessibility (A): Overcoming institutional silos requires structural and legal inter-
operability. Accessibility is driven by the implementation of open APIs, standardized
data-sharing agreements, and federated identity management (e.g., Single Sign-On
across national R&D grids). High accessibility is fundamentally required to transition
from a Tier-1 Archive to a Tier-2 Federated Mesh, enabling disparate research entities to
seamlessly discover and query distributed datasets without administrative bottlenecks.

2. Governance Readiness (R): As the second pillar, readiness is not a binary state
but a composite governance index. It is evaluated using three interdependent Data
Maturity Indicators:

• FAIR Maturity Score (m f air): Quantified by the presence of persistent identifiers
and machine-actionable metadata.

• Provenance Granularity (mprov): The availability of automated lineage logs, which
strictly reduces the effort required to validate experimental reproducibility.

• Compute-Ready Encoding (mai): The presence of standardized, GPU-accessible
data structures (e.g., HDF5, Zarr).

We model readiness R as a Cobb–Douglas-style composite index:

R =
3

∏
i=1

mωi
i (1)

where (m1, m2, m3) = (m f air, mprov, mai), each mi ∈ [0, 1], and the ωi are normalized
weights satisfying ωi > 0 and ∑3

i=1 ωi = 1, to be derived via multi-criteria decision-
making methods based on surveys of national data governance experts. The geometric
form is deliberately non-compensatory at the index level: a maturity component of
zero drives R to zero, regardless of the other two, so no single governance dimen-
sion can be fully substituted by strength elsewhere. This is a statement about the
readiness index and not about total friction, which stays bounded even at R = 0: as
Section 3.4 shows, the readiness term of X(⃗I) then contributes at most Xmaxβ rather
than diverging. Empirical implementations may impose a small floor, mi ≥ ϵ > 0, so
that R remains strictly positive, and the geometric mean is numerically well behaved,
which relaxes the index-level statement without affecting the friction bound.

3. Computing Proximity (P): Driven by the principle of “Data Gravity,” moving
petabyte-scale scientific data across standard networks is both economically and
temporally infeasible. Computing proximity quantifies the physical and network
closeness between data storage and HPC nodes. Maximizing P is strictly required for
Tier-3 AI Sandboxes, ensuring that high-value datasets are co-located with sovereign
GPU clusters to eliminate I/O latency during large-scale foundation model training.

3.4. Formalizing Infrastructural Friction and Environmental Penalties

To translate the conceptual infrastructure vector I⃗ into an analytical model, we formally
specify the endogenous friction function X(⃗I) and the environmental penalty function E(⃗I).

The friction function, defined in Equation (2), dictates that exercise cost decreases as
accessibility, readiness, and proximity improve:

X(⃗I) = Xmax

[
α(1− A) + βe−λR + γ

(
1
P
− 1

)]
(2)

where α, β, γ are structural weight parameters. The variables and parameters are restricted to
the domains A ∈ [0, 1], R ∈ [0, 1], and P ∈ [Pmin, 1] with Pmin > 0, together with α, β, γ > 0,
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λ > 0, and Xmax > 0. Under these restrictions, X(⃗I) is finite and strictly positive, attaining its
structural maximum Xmax[α + β + γ(1/Pmin − 1)] at (A, R, P) = (0, 0, Pmin) and its structural
minimum Xmin ≡ X(1, 1, 1) = Xmax βe−λ > 0 at the fully developed corner (1, 1, 1). Two
naming clarifications follow. The parameter Xmax is a friction scale rather than a literal upper
bound of the function, as the expression for the attained maximum makes clear. The fully
developed corner is not a frictionless one: a strictly positive floor, Xmin, persists there because
standardized metadata reduces, but never eliminates, the interpretive cost of using someone
else’s data. While this functional form is deductively formulated within this framework, it
structurally reflects established principles of information economics. Specifically, the linear
term for accessibility captures basic network access dynamics; the exponential decay of readi-
ness (λ) captures the diminishing marginal returns of metadata curation; and the proximity
term ( 1

P ) mathematically models “Data Gravity,” where transmission friction grows steeply as
compute nodes are separated from storage. The unrestricted form would diverge as P→ 0+,
which is precisely why the domain restriction P ≥ Pmin is imposed: Tier-1 friction is thereby
kept large but finite, consistent with the tier description in Section 3.1.

Furthermore, a critical mathematical feature of Equation (2) is its behavior at the
boundary condition where data maturity is entirely absent (R → 0). In scenarios where
governance is non-existent, the readiness friction term does not diverge to infinity but
resolves to a finite ceiling, contributing at most Xmaxβ to total friction. From an operational
policy perspective, this bounded form is consistent with operational experience: an absolute
lack of metadata necessitates the maximum possible manual labor (e.g., reconstructing or
reverse-engineering the dataset from scratch), which remains logically bounded by the
finite structural maximum of Equation (2). This ensures that the framework remains robust
when evaluating the integration of legacy “dark data.”

Conversely, the environmental penalty E(⃗I) is defined in Equation (3) as strictly convex
with respect to computing proximity P:

E(⃗I) = Ebase + ηPκ (3)

where Ebase is the baseline archive energy cost, η > 0 is a hardware-specific energy scaling
coefficient, and κ > 1 ensures strict convexity in P over the domain P ∈ [Pmin, 1]. The con-
vex power-law term models the non-linear energy overheads typical of high-density GPU
cooling and power usage. We stress that P enters Equation (3) as a reduced-form index:
greater compute co-location proxies for the far larger absolute IT workload that co-located
clusters host, so E(⃗I) measures the total energy burden rather than facility efficiency alone.
The vector argument is retained in E(⃗I) for symmetry with X(⃗I), but the present specifi-
cation is deliberately univariate in P: accessibility and readiness are assumed to govern
discovery and reuse friction rather than energy draw. Letting the environmental penalty de-
pend explicitly on workload and utilization alongside proximity is a specification extension
taken up in Section 5.4. This formalizes the central macroeconomic trade-off of national AI
policies: advancing to Tier 3 minimizes infrastructural friction X(⃗I) but sharply increases
the environmental penalty E(⃗I) under the assumed power law, due to the immense power
demands of sovereign compute clusters.

Equation (3) is best read as a stylized reduced-form penalty rather than a first-
principles emissions model: it deliberately compresses the environmental burden of a
tier into the single scalar E(⃗I) rather than itemizing the distinct physical quantities that
contribute to it. Six such quantities can be distinguished: energy efficiency (facility-level
Power Usage Effectiveness, on which Tier-3 facilities typically score better), absolute com-
putational demand (the far larger IT workload that higher-tier, GPU-dense facilities host,
which drives the assumed E1 < E2 < E3 ordering), transmission energy (the network cost
of moving data to and between compute nodes), facility-level energy consumption (the
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metered draw of the hosting data center), embodied emissions (the manufacturing and
hardware life-cycle footprint of compute and storage equipment), and total burden (the
aggregate quantity that E(⃗I) is calibrated to approximate). Equation (3) does not itemize
transmission energy or embodied emissions separately: as specified, E(⃗I) approximates
only the operational energy burden of the co-located compute and storage, and trans-
mission energy and embodied emissions are not included in the current functional form;
disentangling all six components empirically and extending E(⃗I) to incorporate them is
left to the calibration roadmap of Section 5.4.

The transformation of data maturity is represented by a monotonic decline of the
friction function X(⃗I) across the infrastructure state space, mapping the transition from
high-friction institutional archives (Tier 1) to the low-friction, AI-ready environment of the
Sandbox (Tier 3); Section 4.1 reports the tier-level values of X(⃗I) actually attained under
the illustrative calibration and, in its worked structural-consistency example, the (A, R, P)
coordinates from which Equation (2) reproduces them.

3.5. Conceptual Formalization of Value Expansion, Sustainability, and Environment

To quantify the dynamic value of research data, we define the real options value
function C(S, X, Θ) using the standard Black–Scholes call option pricing model [24,25]. Let
S be the intrinsic epistemic value, let X(⃗I) be the endogenous infrastructural friction acting
as the strike price, and let σ be the scientific volatility. Throughout, Θ = (σ, r, T) collects
the option-pricing parameters, namely the volatility, the risk-free rate, and the time horizon.
The option value is given by:

C(S, X, Θ) = SΦ(d1)− Xe−rTΦ(d2) (4)

where d1 = ln(S/X)+(r+σ2/2)T
σ
√

T
, d2 = d1 − σ

√
T, and Φ(·) is the cumulative standard nor-

mal distribution.
Because research data is a non-market asset, applying standard financial option pric-

ing requires the Marketed Asset Disclaimer (MAD) assumption [26]. Under MAD, we
assume that the present value of the public investment required to curate the data and
provision the infrastructure acts as the perfectly correlated replicating portfolio, so that
this present value can stand in for the price of a traded twin security. We emphasize that
this substitution equates S with an expenditure-based proxy for value, not with value itself:
the underlying MAD assumption is that public R&D investment is efficiently allocated in
expectation, so that the present value of resources committed to curating and provisioning
a dataset approximates the market’s best estimate of its capitalized epistemic value. This
is a substantive identifying assumption rather than a definitional equivalence: if public
R&D spending is systematically mispriced relative to the scientific value it generates (e.g.,
due to political misallocation or Baumol-type cost disease in research), S measured as
expenditure will over- or understate true epistemic value, and the resulting option values
inherit that bias. We adopt MAD because it is the standard resolution to the non-tradability
problem in the real-options literature [26], but we flag the expenditure-value gap explicitly
as an identification assumption to be tested, not assumed away, in the empirical calibra-
tion program of Section 5.4. Two boundaries follow for measurement. First, the proxy
inherits a directional caveat: because higher expenditure mechanically raises S, a naive
application would assign a higher option value to an inefficiently expensive project, which
is precisely why efficient allocation in expectation is stated here as a testable assumption
rather than a definition. Second, S prices the capitalized epistemic value of the dataset
itself, whereas X(⃗I) and E(⃗I) price the friction and the energy of the infrastructure that
makes that value exercisable; each expenditure item must therefore be assigned to exactly
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one of these accounts, and provisioning cost already charged to X, E, or ∆Capex must not
re-enter S.

To keep the first of these caveats visible in the formalism rather than only in prose, we
write the proxy with an explicit allocative-efficiency coefficient,

S = ψ · PV(curation and provisioning expenditure), ψ ∈ (0, 1], (5)

where ψ measures the fraction of committed public resources that is converted into capi-
talized epistemic value; the MAD assumption of efficient allocation in expectation is the
special case ψ = 1, which the illustrative calibration of Section 4 adopts, so no reported
quantity depends on introducing ψ. Its role is to make the identification burden explicit
and directionally signed: since ∂C/∂S > 0, evaluating a program whose true ψ < 1 at
ψ = 1 overstates S; hence, C and every indicator that depends on C (namely NSV and AP,
though not the reuse-based accounts NEB and REA), and the proportional overstatement
of C exceeds that of S, most strongly at the least advanced tier, so a common ψ < 1 com-
presses the measured Architecture Premium as well as the levels. Appendix A derives this
elasticity result from Equation (4) and states the conditions under which cross-program
and within-program comparisons remain valid when ψ is unknown.

The expenditure-based proxy is theoretically defensible precisely because S enters
C(S, X, Θ) as the value of the underlying asset in a real-options sense: what is being
priced is the option to exploit whatever epistemic value that expenditure has created, so
S needs only to track the correct order of magnitude and direction of that value, not to
equal it exactly, for the comparative-static results of Principles 1–3 to hold. This is the
same identifying role that replacement cost or accumulated investment plays as an asset-
value proxy elsewhere in the real-options literature under MAD [26]. Because ψ renders the
resulting bias explicit and directionally signed, an empirical operationalization can partially
discipline it by cross-checking expenditure against independent value proxies: cumulative
citation counts, downstream reuse counts, technology-transfer activity (licensing or spin-off
events attributable to the dataset), and other downstream research outputs (e.g., derivative
datasets or publications) are candidate proxies for the empirical calibration roadmap of
Section 5.4, none of which is implemented in the present illustrative analysis. The baseline
value S = 100 used throughout Section 4 is accordingly an illustrative normalization of the
index unit, chosen so that other quantities can be read as ratios to it, and not an estimate of
any particular program’s expenditure.

Table 2 fixes the model-level definitions and unit conventions used throughout the
analysis. In particular, all value quantities (S, X, Ei, Kecon, pcKcarbon) are expressed as flows
per evaluation horizon T in a common normalized index unit, so that additive comparisons
among them are dimensionally meaningful, and all option values are read as normalized
option-value indices under the geometric Brownian motion and MAD assumptions rather
than as monetary valuations.

Based on this formalization, the structural propositions below rest on one standard
property of option pricing and one analytical property derived from our framework.

Standard Property (Strike Monotonicity): Within the Black–Scholes model, C(S, X, Θ)

is continuously differentiable in X with ∂C
∂X = −e−rTΦ(d2) < 0 for any fixed S > 0 and any

Θ = (σ, r, T) with X > 0, σ > 0, and T > 0, meaning the option value is strictly decreasing
as exercise friction increases. The strict inequality requires these interior conditions: Φ(d2)

is strictly positive at every finite d2 and degenerates only in the limits σ → 0 or T → 0,
where it tends to zero or to one according to whether the option is out of or in the money on
a discounted basis. This is a textbook property of call options, derived rather than assumed,
and it is not specific to this paper.

https://doi.org/10.3390/systems14101199

https://doi.org/10.3390/systems14101199


Systems 2026, 14, 1199 12 of 36

Analytical Property (Monotonic Friction Reduction): The friction function X(⃗I) is
continuously differentiable in the infrastructure vector I⃗ = (A, R, P), and ∇X(⃗I) < 0
componentwise. This is a direct algebraic corollary derived from the functional form in
Equation (2): improving accessibility, readiness, or computing proximity inherently reduces
exercise friction.

The strike monotonicity is standard; the monotonic friction reduction is a modeling
choice specific to AA-ROF, and its plausibility depends on the functional form of X(⃗I)
remaining monotonic outside the illustrative range explored in Section 4, a point we return
to in Section 5.

Principle 1 (Friction-Reduction Premium). This principle is a direct composition of
the standard strike-monotonicity property stated above with the model-specific friction
function of Equation (2), rather than a new option-pricing result. For an arbitrage-free
real options valuation model, and holding the intrinsic asset value S and the remaining
option parameters Θ fixed, advancing the infrastructure vector I⃗ strictly increases the gross
option value of the research data, securing the option to capitalize on future scientific
volatility. The proposition is stated before environmental and transition costs. The net
comparison, which subtracts the environmental penalty E(⃗I) and the capital cost of the
transition, is carried out in Sections 4 and 5.3; because E(⃗I) rises along the same architectural
gradient, the net ordering is not implied by the gross one. It happens to survive at the
illustrative calibration of Table 3, where NSV still increases across tiers at every volatility
level examined, but Scenario C identifies the environmental penalty at which it fails, and the
robustness analysis identifies a friction perturbation that reverses it. Whether the gross
ordering carries over to the net comparison is therefore an empirical question about E and
the transition cost, not a corollary of this proposition, and exposing that gap is precisely
what the framework is built to do.

Table 2. Model-level definitions and unit conventions.

Object Definition and Unit Convention

S
Intrinsic epistemic value. Canonical proxy: present value of public curation and provisioning
expenditure under the MAD assumption; citation- or reuse-based measures serve only as
alternative cross-checks. Normalized index units.

X(⃗I) Exercise friction (strike price), an endogenous function of I⃗. Normalized index units per
evaluation horizon.

σ
Annualized volatility of the value process of S under geometric Brownian motion; empirical
proxies (citation variance, grant-funding fluctuation) belong to the calibration roadmap of
Section 5.4.

r, T Assumed scenario constants (r = 0.05, T = 1.0); not empirical estimates.

Ei, Kecon, pcKcarbon

Flows per evaluation horizon T in the same normalized index unit as S and X, stated as present
values at the valuation date. The discount factor e−rT therefore appears explicitly only inside C,
where it applies to the strike because that amount is paid at exercise; every other cost and benefit
term is already expressed in present-value units and enters NSV, NEB, and REA without
further discounting.

C(S, X, Θ)
Normalized option-value index under the geometric Brownian motion and MAD assumptions;
not a monetary valuation.

Analytical Implication. Let C(S, X, Θ) be a continuously differentiable call option value
function. By the strike monotonicity property ( ∂C

∂X < 0) and the monotonic friction reduction
property (∇X(⃗I) < 0⃗), the total derivative of the option value with respect to any forward
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architectural movement (d⃗I ≥ 0⃗ with at least one strict component, taken within the interior
of the domain of Section 3.4) is strictly positive:

dC =
(
∇X(⃗I) · d⃗I

) ∂C
∂X

> 0

Economically, this compact derivation implies that infrastructure upgrades directly trans-
late into the expansion of gross option value, bypassing the need for intrinsic asset modifica-
tion. This result holds the research opportunity set fixed; Section 4.6 partially endogenizes
that set through N′i = 1 + νρi (Equation (9)), while a fuller combinatorial expansion of the
opportunity set itself remains part of the theoretical roadmap of Section 5.4.

Table 3. Illustrative normalized parameters for the structural sensitivity analysis (literature-informed).

Category Parameter Assumed Normalized Value (Rationale)

Asset & Environment Intrinsic Epistemic Value (S) 100 (Normalized index; expenditure-based proxy
under MAD)

Risk-free Rate (r) & Horizon (T) r = 0.05, T = 1.0 (Assumed scenario values)

Infrastructure Friction Tier 1 (Archive) Friction (X1) 150 (Proxy: 80% wrangling overhead)
Tier 2 (Federated) Friction (X2) 70 (Proxy: Reduced by FAIR cataloging)
Tier 3 (AI Sandbox) Friction (X3) 20 (Proxy: Compute-adjacent automation)

Environmental Costs Redundant Creation Cost (Kecon) 50 (Proxy: Grant-funded reproduction)
Carbon Penalty Conversion (pcKcarbon) 10 (Proxy: Social Cost of Carbon)

Tier Energy Penalties (E1, E2, E3) 5, 15, 50 (Assumed total energy burden: IT
load × PUE)

Principle 2 (Conditional Volatility Compression). This principle is the standard deep-
in-the-money Vega-compression property of call options, applied here to the endogenous
friction Xi rather than to an exogenously observed strike. Let Xi ≡ X(⃗Ii) denote the residual
friction actually attained at tier i, the same symbol used in the numerical calibration of
Section 4; it is distinct from the structural floor Xmin of Section 3.4, which no attainable tier
reaches, and in general strictly exceeds it. Conditional upon the infrastructure advancing
to a tier where this residual friction is strictly dominated by the intrinsic asset value,
that is Xi ≪ S, which places the option deep in the money and in particular implies
d1 > 0, the architecture sharply compresses, without eliminating, the option’s sensitivity
to volatility (Vega, V); this is the conditional volatility-compression effect anticipated in
Section 1. The label is a shorthand and should be read literally: what the architecture
compresses is ∂C/∂σ, the valuation’s responsiveness to scientific uncertainty, and not σ

itself, which is a property of the science and is unaffected by infrastructure.
Analytical Implication. In option pricing theory, Vega (V) is defined as V = ∂C

∂σ =

S
√

Tϕ(d1), where ϕ(d1) =
1√
2π

e−d2
1/2 and

d1 =
ln(S/Xi) + (r + σ2/2)T

σ
√

T
.

Two statements must be distinguished. The exact limit holds only as friction vanishes:
for fixed S, σ, r, T, letting X → 0+ drives d1 → ∞ and hence V → 0. At any finite Tier-3
friction (X3 > 0), Vega is compressed but strictly positive: under the illustrative calibration
of Section 4 (S = 100, T = 1), Vega falls from approximately 31.5 (Tier 1, X1 = 150) to
0.003 (Tier 3, X3 = 20) at σ = 0.4, and from approximately 39.9 to 1.9 at σ = 0.8. This is
a large but finite compression, and it is the standard deep-in-the-money behavior of call
options composed with the friction function, rather than a separate hedging mechanism.
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The compression is monotone in friction only within that regime: Vega attains its maximum
at the friction level X∗ = Se(r+σ2/2)T at which d1 = 0, approximately 113.9 at σ = 0.4 under
the same calibration, so reducing friction from a level above X∗ first raises Vega toward
that peak before compressing it. Because r > 0 and σ2/2 > 0, X∗ = Se(r+σ2/2)T always
exceeds the intrinsic asset value S; this is a structural property of the Black–Scholes formula
itself, not an artifact of the calibration in Table 3. X∗ is therefore a Vega-maximizing turning
point rather than a moneyness boundary: the option is not yet in the money there, and the
deep-in-the-money regime of Principle 2 begins only at friction levels well below it. At the
baseline calibration, the tier progression reported here crosses X∗ between Tier 1 and Tier 2
(X1 = 150 > X∗ ≈ 113.9 > X2 = 70), and Principle 2 therefore claims compression only
along the deep-in-the-money segment beyond that crossing; unlike the general inequality
X∗ > S, this specific crossing location is a property of the calibrated X1 and X2 values and
is not guaranteed to hold outside them. In particular, it is not robust across the full X1

range used in the joint robustness check of Section 4.5 (X1 ∈ [112.5, 150]): at the lower end
of that range, X1 = 112.5 falls below X∗ ≈ 113.9, so the crossing would occur at or before
Tier 1 rather than strictly between Tier 1 and Tier 2. The one-at-a-time sensitivity table of
Section 4.5 varies each input independently and does not itself test this crossing margin, nor
does it capture interaction effects among inputs that move simultaneously; the joint Monte
Carlo test partially addresses the latter by drawing all inputs together, and Section 4.5
reports how often the X1 > X∗ placement underlying this crossing survives under the
calibrated draw range (approximately 96% of draws at σ = 0.4 with S held at 100), together
with the scope limits of that figure. In the same deep-in-the-money regime, the option value
converges to its deterministic exercise value, C → S− Xe−rT ; the framework therefore
nests the static NPV benchmark criticized in Section 1 as its low-friction limiting case,
and the option lens is most informative in intermediate-friction, high-uncertainty regimes
(e.g., Tier 1 to Tier 2 transitions), where time value remains material.

Principle 3 (Net Environmental Benefit and Data Circularity). Let Kecon be the finan-
cial cost, and let Kcarbon be the environmental emission cost of redundantly reproducing an
existing dataset due to accessibility failure. Kecon and Kcarbon price only this reuse-failure
redundancy, that is, the re-creation that occurs because an existing dataset could not be
found or accessed; they do not price redundancy that is deliberately engineered for fault
tolerance or availability, such as planned multi-site replication of critical holdings, which
carries its own resilience benefits and lies outside the scope of this model. Under the
condition that Tier-1 friction leaves the data’s realizable value below the recreation cost
(C1 < Kecon), and noting that, whenever the residual friction itself exceeds the recreation
cost (X1 > Kecon), a rational actor prefers re-creation over reuse, the data devolves into
“dark data,” forcing redundant investments. The two conditions are distinct and neither
implies the other. The first is a value-side barrier: the option on the existing dataset is worth
less than rebuilding it. The second is a choice-side barrier: paying the access friction costs
more than rebuilding, irrespective of what the option is worth. Either condition alone is
sufficient to drive a rational actor toward re-creation, and the illustrative Tier-1 calibration
of Section 4 satisfies both (C1 ≈ 5 < 50 and X1 = 150 > 50 at σ = 0.4). Tier 3 infrastructure
is assumed to enable a Circular Data Economy and thereby to generate a macroeconomic
Net Environmental Benefit (NEB); we refer to this architectural surplus as the “Sustainability
Premium” introduced in Section 1.

Analytical Implication. To internalize circularity and maintain dimensional consistency
within the model, we introduce pc as a conversion factor (e.g., the Social Cost of Carbon)
that translates the physical carbon emissions (Kcarbon) into monetary equivalents. Let
ρreuse be the incremental cross-disciplinary reuse rate, defined as the expected number of
reuse events per dataset within the evaluation horizon T that the advanced tier enables
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and that would not have occurred under Tier-1 friction; by construction ρreuse = 0 at
Tier 1, so the reuse benefit credited below is attributable in full to the tier transition and
is not double-counted against a pre-existing baseline. The scenarios of Section 4 evaluate
ρreuse ≥ 1, with ρreuse = 1 as the conservative case of a single incremental reuse event.
The reuse benefits and the energy penalties below are flows over the same horizon, so the
aggregation is symmetric. At Tier 3, as X3 → Xmin, the realizable option value exceeds
the recreation cost at the illustrative parameterization (C3 ≈ 81 > Kecon = 50), removing
the value-side barrier to reuse; whether reuse actually occurs additionally depends on
demand and researcher choice, which the static framework treats as exogenous through
ρreuse; Section 4.6 relaxes that treatment by tying the reuse rate to moneyness. The total Net
Environmental Benefit (NEB) is mathematically quantified as the sum of avoided economic
and environmental deadweight losses over ρreuse cycles, minus the operational penalty of
the infrastructure (E3):

NEB = [ρreuse · (Kecon + pcKcarbon)]− (E3 − E1)

Two accounting conventions in this formulation are made explicit. First, each reuse event is
assumed to avert exactly one full redundant re-creation, a one-to-one counterfactual. Three
related quantities are worth distinguishing here: the potential reuse value is the option
value C3 that low Tier-3 friction makes exercisable; the avoided redundant activity is the
Kecon + pcKcarbon credited per reuse event in the NEB expression above; and the actual envi-
ronmental saving is the carbon component (pcKcarbon) of the fraction of that avoided activity
that materializes, governed by the avoidance conversion rate θ introduced below; the Kecon

component of the same credit is an economic, not an environmental, saving. The one-to-
one counterfactual identifies the third quantity with the second at θ = 1; whenever θ < 1,
the avoided-activity credit overstates the actual environmental saving, so the displayed NEB
is an upper bound on the environmental account; the option value C3 and the avoided-activity
credit are kept as separate accounts throughout and are not equated with each other. Second,
NEB is kept as a separate environmental-economic account from the single-exercise option
value C, and per-event access frictions are not netted out of it. Both simplifications can
overstate NEB when a reuse event would not otherwise have triggered re-creation or when
per-event access costs are material; we return to this in Section 5.4. Let θ ∈ (0, 1] denote the
avoidance conversion rate, namely the proportion of reuse events that actually substitute
for redundant re-creation. The generalized account is ρreuse θ (Kecon + pcKcarbon)− (E3− E1),
and the displayed NEB expression is the special case θ = 1, so every numerical result reported
in this paper is unaffected. The positive-benefit condition correspondingly generalizes to
ρreuse > 0.75/θ at the illustrative baseline: at θ = 0.5, the requirement rises to 1.5 incremental
reuse events, which the baseline ρreuse = 1 does not meet. From an empirical measurement
perspective, this formulation is highly operationalizable: Kecon can be quantified by the labor
and grant funding required for data reproduction, pcKcarbon can be monetized via life cycle
assessment of the redundant experimental hardware, and Ei can be directly tracked using data
center Power Usage Effectiveness (PUE) metrics and GPU workload logs. This explicit mea-
surability ensures that the Circular Economy concept within AA-ROF is not merely abstract,
but an analytically quantifiable objective function. The reuse condition follows directly from
the formulation: NEB > 0 holds if and only if ρreuse > (E3 − E1)/(Kecon + pcKcarbon). At the
illustrative baseline of Section 4, this ratio equals 45/60 = 0.75, so every reuse level evaluated
there (ρreuse ≥ 1) satisfies the condition, whereas a transition that generated less than three
quarters of one incremental reuse event per dataset would not; the reuse requirement binds,
however, as the energy differential grows or as the recreation costs shrink, which is exactly
the regime that the screening indicator of Section 5.3 is designed to flag.
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To bridge these theoretical propositions with operational policy evaluation, we formally
define the exact measure of this value expansion by introducing the Architecture Premium.

Definition 1 (The Architecture Premium). The Architecture Premium (AP) is defined as the
discrete expansion of the option value resulting from the architectural movement from a base state,
I⃗base, to a target state, I⃗target:

AP = C(S, X(⃗Itarget), Θ)− C(S, X(⃗Ibase), Θ)

This discrete finite-difference formulation deliberately avoids the theoretical abstraction of
continuous path integrals. It directly maps to the step-wise tier transitions (e.g., Tier 1→ Tier 3)
typically utilized in public R&D infrastructure planning and serves as the exact objective function
for our subsequent numerical simulations. Formally, AP is a friction-reduction premium: it
follows from strike monotonicity composed with the friction function, and it captures no effect
beyond the reduction in the exercise friction X(⃗I). The combinatorial interpretation, namely
that lower friction is what permits heterogeneous datasets to be coupled with AI models at
scale under high Computing Proximity (P) and Governance Readiness (R), is an economic
reading of that reduction, not a separate mathematical object; extending the framework so that
the size or arrival rate of the research opportunity set itself depends on I⃗ is taken up in the
minimal dynamic extension of Section 4.6, where realized reuse scales the number of period-two
opportunities, and its fuller treatment remains part of the theoretical roadmap in Section 5.4.

In practical public R&D policy evaluation and Pre-Feasibility Studies (PFS), AP is mea-
sured by operationalizing its core components: (1) Intrinsic value S is proxied canonically
by curation and provisioning expenditure under the MAD assumption (Table 2), with his-
torical citation impact and reuse valuation serving as alternative cross-checks; (2) Exercise
friction X(⃗I) is estimated through average data-wrangling labor hours and network la-
tency logs; and (3) Volatility σ is benchmarked using citation variance or grant-funding
fluctuations within specific scientific domains.

4. Illustrative Structural Analysis of the Three-Tier Architecture
This section conducts a structural sensitivity analysis to operationalize the proposed

three-tier architecture. Rather than aiming to empirically discover deterministic financial
returns or evaluate specific national policy budgets, we utilize this numerical section as a
comparative-static structural heuristic. By applying illustrative normalized values informed
by IT infrastructure and RDM literature, we identify symbolic boundary conditions for
comparing the three tiers. Unless stated otherwise, the numerical threshold tables report
the zero-capital-cost intercepts of those boundaries; they do not establish a preferred tier
without a program-level annualized transition cost.

To keep these illustrative results from being read as more than they are, three levels
of claim should be kept distinct throughout this section. The first is the set of struc-
tural, deductive propositions of Section 3 (Principles 1–3 and the strike-monotonicity and
friction-reduction properties), which hold under their stated conditions for any admissible
parameterization of Equations (2) and (3) (Principle 2 within the geometric Brownian bench-
mark and its deep-in-the-money regime, Principle 3 under the reuse-failure conditions
stated there) and are not specific to the numbers below. The second is the illustrative
calibrated parameter set of Table 3, which fixes one admissible, literature-informed point
in that space; the numerical results attached to it, including the value of 60 discussed in
Section 4.4, are illustrative point values computed from a calibration that is not identified
by the model, whose role is to demonstrate direction and order of magnitude rather than to
estimate any specific infrastructure. The third is the non-empirical, illustrative narrative of
Section 5 that maps AA-ROF’s vocabulary onto named programs (NAIRR, EOSC, Gaia-X);
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those mappings carry no claim about the actual friction, cost, or carbon profile of any real
system. Unless stated otherwise, the results below should be read at the second level.

4.1. Illustrative Normalized Calibration for the Three-Tier Model

To ensure the transparency and reproducibility of our sensitivity analysis, we parame-
terize the structural variables, namely the environmental penalty (Ei), the infrastructural
friction (Xi), and the data reuse rate (ρreuse), using illustrative normalized values informed
by relative metrics from empirical studies on data center efficiency and RDM status. Table 3
outlines these assumed values.

• Environmental Penalties (Ei) via PUE Proxies: Rather than arbitrary index values,
energy penalties are informed by empirical facility-efficiency and demand data. Ac-
cording to the Uptime Institute’s Global Data Center Survey [27], the industry average
PUE stood at 1.56 in 2024 and has remained essentially flat for five consecutive years,
an average kept high by the large stock of aging legacy facilities, whereas recent
optimized builds routinely achieve PUE ≈ 1.3 and leading hyperscale fleets report
fleet-wide averages near 1.1 [28]. PUE alone, however, moves in the opposite direction
of the assumed Ei ordering: it measures facility overhead per unit of IT load, and Tier-3
facilities are the more efficient ones on that metric. The ordering E1 < E2 < E3 is
instead driven by the far larger absolute IT workload that higher tiers host: electricity
consumption in accelerated servers, driven mainly by AI adoption, is projected to
grow by approximately 30% annually and to account for almost half of the net increase
in global data center electricity consumption, and a typical AI-focused data center
already consumes as much electricity as 100,000 households [1]. The Ei values there-
fore represent assumed total energy burdens (IT load × PUE) per evaluation horizon,
in which the growth of absolute compute demand dominates the partially offsetting
PUE improvements; the assumed 1:3:10 progression of the Ei values is an illustrative
encoding of this workload-driven divergence, not a measured ratio.

• Infrastructural Friction (Xi) via Data Management Labor Costs: Infrastructural fric-
tion is calibrated using industry-standard RDM metrics. Practitioner accounts of data
science workflows widely report that researchers spend approximately 60% to 80%
of their time on data discovery, wrangling, and cleaning due to fragmented silos;
the upper end of this range traces to early work on data cleaning, which places the
combined exploratory-analysis and cleaning effort at about 80% [29]. We treat the
range as an indicative order of magnitude rather than a measured constant. We map
this maximum labor overhead to Tier 1 friction (X1). Transitioning to a Tier 3 AI
Sandbox, where metadata is standardized and co-located with compute, structurally
compresses this manual labor constraint, reducing the friction parameter (X3) to a
baseline computational latency cost. The macroeconomic scale of this friction channel
is independently documented: a European Commission study estimates the measur-
able cost of not having FAIR research data in Europe at a minimum of EUR 10.2 billion
per year, driven by time spent, storage and license costs, research retraction, double
funding, and forgone interdisciplinarity [30].

• Cross-Disciplinary Reuse Rate (ρreuse) via Open Data Premium: The reuse rate is
not assumed statically but motivated by bibliometric evidence regarding the “Open
Data Citation Advantage.” Reported estimates suggest a twofold to fivefold increase
in cross-disciplinary reuse for datasets achieving high FAIR compliance and computa-
tional interoperability, compared to isolated data. We flag this range explicitly as an
assumption rather than an established effect size. The published evidence on open
data documents a citation advantage of roughly 9% to 25% [31,32] rather than a reuse
multiple of this magnitude, and the closest directly measured reuse quantity is the
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accumulation of more than 150 third-party reuse publications from 100 deposited
datasets over five years [31]. Because NSV and the Tier-2/Tier-3 total-cost boundary
are independent of ρreuse, as noted in Scenario B, this assumption affects only the NEB
and REA accounts. Thus, we evaluate scenarios ranging from ρreuse = 1.0 (conserva-
tive baseline scenario) to ρreuse ≥ 3.0 (high-reuse Tier 3 environments), where ρreuse

counts incremental reuse events as defined in Section 3. The translation is itself an
assumption and is stated as such: the cited evidence reports a relative multiple of
reuse, whereas ρreuse is an absolute count of incremental events per dataset, so the
scenario values are read as illustrative counts consistent with the reported multiples
rather than as quantities the bibliometric studies measure directly.

A note on calibration status: The proxy values presented in Table 3 are derived from
relative ratios found in infrastructure literature, designed to satisfy the qualitative dynamics
(X1 > X2 > X3 and E1 < E2 < E3) inherent in the three-tier architecture. They function as
structural anchors for analyzing the threshold behaviors of the model, rather than absolute
point estimates of any specific institutional expenditure. The mapping from the cited
ranges onto the index scale is fixed as follows: X1 = 150 anchors the upper bound of
the reported wrangling-overhead range, so that the 60–80% range corresponds linearly to
X1 ∈ [112.5, 150] (with 112.5 = 150× 60/80); X3 = 20 represents residual computational
latency; and the Ei values encode the assumed total-energy ordering described above. All
quantities are expressed in the common normalized index unit of Table 2, in which only
relative magnitudes are meaningful, and all of them are per-dataset allocations on a single
scale: Ei denotes the marginal energy burden attributable to one dataset’s storage and
workload at tier i, not the absolute draw of a national facility, so that Ei is dimensionally
comparable with S, Kecon, and Xi. The facility-level evidence cited above therefore motivates
the ratio 1:3:10 between tiers, not the absolute level of any Ei. We note explicitly that
these tier-level values are calibrated directly from the cited literature ratios rather than
by numerically inverting the continuous friction function X(⃗I) of Equation (2) or the
environmental penalty function E(⃗I) of Equation (3) from underlying (A, R, P) values;
establishing that micro-to-macro linkage empirically (i.e., fitting α, β, γ, λ, η, κ to observed
(A, R, P) trajectories of real infrastructures) is itself part of the empirical roadmap in
Section 5.4. Because the tier-level values in Table 3 are themselves proxies rather than
measured quantities, we treat them as uncertain inputs and formally examine how far the
boundary-condition results of the following scenarios can move under plausible variation
in these inputs; this robustness check is reported in Section 4.5.

A worked structural-consistency example: Although the tier-level values are not ob-
tained by inverting the continuous functions, they are attainable states of those func-
tions rather than free-standing assignments. As one admissible parameterization, let
the tier coordinates be I⃗1 = (0.2, 0.2, 0.2), I⃗2 = (0.6, 0.6, 0.6), and I⃗3 = (0.9, 0.9, 0.9)
with Pmin = 0.1. Setting Xmax = 200, λ = 2, and (α, β, γ) = (0.7385, 0.1481, 0.0150) in
Equation (2) reproduces X(⃗I1) = 150.0, X(⃗I2) = 70.0, and X(⃗I3) = 20.0 to one decimal,
with all weights strictly positive as required in Section 3.4 and a positive friction floor
Xmin = Xmaxβe−λ ≈ 4.0; the small proximity weight reflects the steepness of the 1/P
term at low proximity rather than the unimportance of Data Gravity. Likewise, setting
(Ebase, η, κ) = (4.82, 66.55, 3.675) in Equation (3) reproduces E = (5.0, 15.0, 50.0) at the
same coordinates, with the convexity condition κ > 1 satisfied. These coordinates and
parameters are chosen for demonstration, not measured; the example establishes only that
the discrete calibration of Table 3 is structurally consistent with, and recoverable from,
the functional forms of Section 3.4, while fitting the same parameters to observed (A, R, P)
trajectories remains the calibration task of Section 5.4. One identification caveat applies to
any such inversion: Xmax and (α, β, γ) are identified only up to a common multiplicative
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scale, since replacing (Xmax, α, β, γ) by (cXmax, α/c, β/c, γ/c) for any c > 0 leaves X(⃗I)
pointwise unchanged. The values reported above are accordingly one admissible normal-
ization rather than a unique solution, and an empirical fit must impose a normalization,
for instance α + β + γ = 1, before the individual weights admit a structural interpretation.
The same tier-level values are also reproduced under a second, non-uniform coordinate
assignment, I⃗1 = (0.20, 0.35, 0.25), I⃗2 = (0.45, 0.55, 0.60), and I⃗3 = (0.85, 1.00, 0.90), but with
the materially different weight vector (α, β, γ) = (0.3206, 0.2876, 0.1169), environmental
parameters (Ebase, η, κ) = (4.56, 66.59, 3.63), and an implied friction floor of Xmin ≈ 7.8,
rather than 4.0, which stays strictly positive in both cases. Structural consistency is therefore
a necessary condition rather than an identification result, and the individual weights admit
a structural reading only once the (A, R, P) coordinates have themselves been measured.
The relationship between the continuous functions of Section 3.4 and the discrete tier-level
values of Table 3 is accordingly an assumed consistency, not a demonstrated identification:
what this example demonstrates is only that at least one, and in fact more than one, (A, R, P)
parameterization reproduces the assigned tier values, not that the tier values were derived
from a uniquely recovered (A, R, P) trajectory.

Interpreting the normalized scale: Because only relative magnitudes are meaningful on
this index, the calibration is best audited by reading off the ratios it implies for observable
quantities. Three are directly interpretable. First, Kecon/S = 0.5 states that re-creating
a dataset costs half of what was spent curating and provisioning it, which is consistent
with re-creation reusing established protocols and instrumentation while repeating the
collection itself. Second, X1/S = 1.5 states that the labor and access burden of exercising a
Tier-1 holding exceeds its capitalized epistemic value, which is what renders Tier-1 data
dark in the sense of Principle 3 rather than merely expensive. Third, and most demanding,
E3/Kecon = 1 states that the energy burden attributable to one dataset in a Tier-3 sandbox
over the evaluation horizon equals the full cost of re-creating that dataset. We flag this last
ratio as the most aggressive assumption in Table 3 and state the direction of the resulting
bias plainly: it charges Tier 3 the largest environmental penalty the framework can plausibly
carry, and therefore biases the analysis toward the caution about Tier-3 centralization that
Section 5 goes on to recommend. The Tier-3 warnings reported here should accordingly be
read as an upper bound on the environmental case against centralization rather than as a
calibrated estimate of it. The index unit can also be given an order of magnitude. A synthesis
of economic studies of three UK research data centers reports annual operating budgets
alongside annual acquisition counts for the same centers and years [33]: GBP 698,000
against 444 datasets acquired at one center, and GBP 3.3 million against 750 collections
acquired at another. Because those budgets fund delivery and preservation as well as
acquisition, the implied per-dataset annual expenditure, of order one to several thousand
pounds (approximately GBP 1600 and GBP 4400 for the two centers), is an upper bound
rather than an acquisition cost, and the two centers are reported there as separate studies
rather than as a comparison. Read against S = 100, this places one index unit in the range
of tens of pounds, so that the assumed recreation cost Kecon = 50 and the Tier-3 penalty
E3 = 50 each correspond to a per-dataset annual burden of order one thousand pounds.
We report this as a magnitude check rather than a calibration, and none of the results
above is recomputed from it. At the aggregate level, the European Commission estimate
cited above bounds the same friction channel at a minimum of EUR 10.2 billion per year
across European research, but converting that aggregate into a monetary value for one
index unit additionally requires the number of affected dataset-years, which that study
does not report. Fixing the index unit against measured per-dataset expenditure, energy,
and re-creation costs is accordingly the first task of the empirical roadmap in Section 5.4.

https://doi.org/10.3390/systems14101199

https://doi.org/10.3390/systems14101199


Systems 2026, 14, 1199 20 of 36

4.2. Scenario A: The Impact of the Cross-Disciplinary Reuse Rate (ρreuse)

A common critique of massive computational infrastructure is that its environmental
cost (E3 = 50) outstrips immediate economic gains. However, when applying our frame-
work, the net benefit depends heavily on data reuse. If the advanced tier enables only a
single incremental reuse event (ρreuse = 1), the avoided redundant cost is (50 + 10) = 60.
The net premium over Tier 1 is marginal. If the Tier 3 environment enables broad cross-
disciplinary reuse (ρreuse = 3), the avoided loss scales to 180, more than offsetting the 45 net
energy penalty (E3 − E1). This structurally implies that, although the baseline reuse level
already satisfies the NEB > 0 condition (the threshold ratio of 0.75 derived in Section 3),
the environmental margin at ρreuse = 1 is thin; the case for public AI sandboxes therefore
strengthens materially only when policies promote high data reuse rates.

4.3. Scenario B: Volatility Sensitivity Across Tiers

Table 4 illustrates how the Net Sustainability Value (NSV = C− E) behaves under
varying levels of scientific volatility (σ). Note that NSV does not depend on ρreuse: the
reuse channel enters the separate NEB account of Principle 3 and not the tier-level objec-
tive function, so the comparison below holds across the full range of reuse assumptions
considered in Scenario A. To avoid spurious precision, output values are rounded to the
nearest whole index unit. The three volatility levels examined (σ = 0.2, 0.4, 0.8) are an
illustrative grid spanning low, medium, and high scientific uncertainty, not a calibrated
standard deviation estimated from any specific research domain; Table 2 defines σ formally,
and identifying empirical proxies for it is part of the calibration roadmap of Section 5.4.

Table 4. Boundary condition analysis: net sustainability value (NSV = C − E) under varying
volatility. Within each tier block, the first column reports the option value Ci, and the second reports
the resulting NSVi = Ci − Ei, with Ei held at the value stated in the block heading.

Tier 1 (X1 = 150, E1 = 5) Tier 2 (X2 = 70, E2 = 15) Tier 3 (X3 = 20, E3 = 50)

Volatility (σ) C1 NSV1 C2 NSV2 C3 NSV3

σ = 0.2 (Low) 0 −5 34 +19 81 +31
σ = 0.4 (Med) 5 0 36 +21 81 +31
σ = 0.8 (High) 20 +15 46 +31 81 +31

The structural evaluation reveals a nuanced policy insight. For highly stable data
(σ = 0.2), the residual friction in Tier 1 renders the option value insufficient to cover
the baseline energy penalty, resulting in a negative NSV1 index of −5; a negative NSV
indicates that the tier’s option value does not cover its energy penalty, which we interpret
as a waste-prone configuration rather than as an observed reuse outcome. At σ = 0.4, Tier
1 sits at the rounded break-even point (NSV1 ≈ 0). Transitioning to Tier 3 is contextually
optimal in the operating-only account, before ∆Capex (Section 4.4), to prevent the data
from devolving into a deadweight loss.

However, for highly volatile, disruptive data (σ = 0.8), the gross speculative value
rises even under high friction (C1 ≈ 20), yielding an NSV1 of +15; whether that value
is realized through reuse rather than through redundant re-creation still depends on the
friction-versus-recreation comparison of Principle 3, since X1 remains above Kecon. Notably,
in this high-volatility regime, the sustainability gap between Tier 2 (+31) and Tier 3 (+31)
closes: the two tiers differ by less than one index unit before rounding, so the tabulated
equality reflects genuine convergence rather than an artifact of the rounding policy. This
indicates that, while Tier 3 remains scientifically vital for rapid processing, policymakers
must carefully weigh whether the carbon expenditure is justified when Tier 2 already
captures the sustainable option value.
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4.4. Scenario C: The Total-Cost Tier-2/Tier-3 Indifference Boundary

To evaluate boundary conditions, we compare Tier 3 with Tier 2 under medium
scientific volatility (σ = 0.4) and make the transition capital cost explicit. Let ∆Capex2→3

denote the annualized incremental cost of upgrading from Tier 2 to Tier 3 on the same
normalized per-dataset scale. Tier 3 is preferred on a total-cost basis only when its option-
value gain covers both the environmental differential and this annualized upgrade cost:

C(S, X3, Θ)− E3 − ∆Capex2→3 ≥ C(S, X2, Θ)− E2

⇐⇒ E3 ≤ E3,crit(∆Capex2→3)

≡ E2 + C(S, X3, Θ)− C(S, X2, Θ)− ∆Capex2→3.

(6)

The sign is decisive: ∂E3,crit/∂∆Capex2→3 = −1, so each additional unit of annualized
upgrade cost lowers the admissible Tier-3 environmental penalty by one unit. Under the
illustrative calibration, E2 = 15 and the unrounded option-value gain is C3 − C2 = 44.9608,
giving E3,crit = 59.9608−∆Capex2→3. The familiar value of 60 is therefore only the rounded,
zero-capital-cost intercept. At ∆Capex2→3 = 10, the boundary falls to 49.9608, slightly
below the assumed E3 = 50, and the unrounded Tier-3 advantage reverses. No total-cost
tier preference follows from the numerical illustration until a program-level ∆Capex2→3

is supplied.
Figure 2 visualizes only the ∆Capex2→3 = 0 slice of Equation (6). In that slice, Tier 3

ceases to dominate Tier 2 once E3 exceeds approximately 60. Positive transition cost moves
the intersection left one-for-one. This relative boundary remains distinct from the absolute
point at which Tier 3’s operating NSV3 turns negative, E3 = C3 ≈ 81.

Energy Penalty (E3)

NSV

C(S, X3, Θ)

NSV3 = C− E3

NSV2 (Baseline)

60 (zero Capex)

21
Zero-Capex Slice

Figure 2. Zero-capital-cost slice of the Tier-2/Tier-3 total-cost boundary. At ∆Capex2→3 = 0, the inter-

section occurs at E3 ≈ 60 (i.e., E(0)
3,crit = E2 + C3 − C2, Equation (6), rounded from 59.9608) against the

Tier-2 baseline NSV2 = 21 (Table 4, σ = 0.4); a positive annualized upgrade cost shifts it left one-for-one
according to Equation (6). Tier 3’s stand-alone operating value remains positive up to E3 ≈ 81.

4.5. Robustness of the Calibration Thresholds

The numerical quantity examined in this subsection is the zero-capital-cost intercept
E(0)

3,crit = E2 +C3−C2, which equals approximately 60 under the baseline proxies of Table 3. It
is not the complete adoption boundary: for any fixed annualized upgrade cost k = ∆Capex2→3,
Equation (6) gives E(k)

3,crit = E(0)
3,crit− k. Because the proxy inputs are literature-informed approxi-

mations rather than measured quantities, even the intercept risks conveying spurious precision.
We therefore stress-test E(0)

3,crit against plausible variation in the four inputs that determine it
(S, X2, X3, E2), holding σ = 0.4 as in Scenario C. This exercise quantifies uncertainty in the
operating-value intercept; it neither estimates nor validates ∆Capex2→3.
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We first conduct a one-at-a-time sensitivity analysis: Table 5 perturbs each input
individually by ±20%, a range consistent with the width of the empirical ranges cited
in Section 4.1 (e.g., the 60–80% data-wrangling overhead underlying X1, and the PUE
differential underlying Ei).

Table 5. One-at-a-Time Sensitivity of the Zero-Capital-Cost Intercept E(0)
3,crit to Calibration Inputs (σ = 0.4).

The Baseline column reports the common, unperturbed intercept E(0)
3,crit = 59.9608 (Section 4.4), rounded

to 60.0 here at the one-decimal precision used for the perturbed entries; it is the same reference value in
all four rows, not a separate estimate per input.

Perturbed Input −20% Baseline +20%

Tier 2 Friction (X2 = 70) 48.5

60.0

69.5
Tier 3 Friction (X3 = 20) 63.8 56.2
Tier 2 Energy Penalty (E2 = 15) 57.0 63.0
Epistemic Value (S = 100) 56.5 61.5

Across the four one-at-a-time perturbations, E(0)
3,crit ranges from 48.5 to 69.5, a deviation

of up to 20% from its baseline value of 60. Under a fixed positive k, every value in the table
falls by exactly k; for example, k = 10 shifts the range to 38.5–59.5. In seven of the eight zero-
capital-cost perturbations, the intercept remains above the baseline energy penalty E3 = 50;
the exception is the downward perturbation of Tier-2 friction (X2 = 56), which pulls it down
to 48.5. The intercept is comparatively insensitive to the epistemic-value proxy itself (S± 20%
moves it by only−5.8% and +2.5%), because C3 and C2 co-move with S and largely cancel in
the difference. These comparisons describe operating-value sensitivity only. A total-cost tier
preference still requires the program-level k that shifts the entire boundary.

We then apply a joint Monte Carlo stress test that perturbs all six calibration inputs
(X1, X2, X3, E1, E2, E3) simultaneously: each input is drawn independently and uniformly
within ±20% of its baseline, except X1, which is drawn uniformly on [112.5, 150], the inter-
val obtained by mapping the cited 60–80% wrangling-overhead range onto the index scale
(Section 4.1). Under this range, the share of draws in which X1 exceeds the Vega-maximizing
point X∗ = Se(r+σ2/2)T ≈ 113.88 (Section 3) is (150− 113.88)/37.5 ≈ 96.3%, so the placement
of Tier 1 on the high-friction side of X∗ (that is, X1 > X∗, beyond the Vega peak) assumed in
Section 3 holds for approximately 96% of draws. This share is an analytical proportion of the
uniform draw interval rather than a sampled frequency (the seed-7 sample gives 96.5%), and it
is specific to σ = 0.4 with S held at its baseline of 100: because X∗ rises with σ, the same interval
gives essentially 100% at σ = 0.2 (X∗ ≈ 107.3) but only about 14% at σ = 0.8 (X∗ ≈ 144.8),
and when S is also perturbed by ±20% (the seven-input variant below) the share falls to
approximately 83%. The Tier-1 placement beyond the Vega peak is therefore a property of
the moderate-volatility calibration, not a general feature of the model. The model’s required
ordering (X1 > X2 > X3 and E1 < E2 < E3) is preserved automatically under these ranges,
because the resulting draw intervals do not overlap; the accept-reject safeguard implemented
in the simulation code therefore never binds in this design and is retained only to protect the
ordering under future recalibration. Drawing the friction and energy inputs independently is
a deliberately conservative choice rather than an inconsistency with Section 3.4, where both
are functions of the same vector I⃗ and are therefore negatively dependent. Imposing that
common dependence would tie a downward perturbation of X2 to an upward perturbation of
E2, and since E(0)

3,crit is increasing in both inputs, as Table 5 confirms, those two moves push the
intercept in opposite directions and would partially cancel. The independent design is therefore
expected to report a wider uncertainty envelope for the intercept than a design imposing that
common dependence would, which is the direction that favors caution in reading the intercept;
we state this as the expected direction of the difference rather than as a proven bound. We
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note that E(0)
3,crit itself is a function of (S, X2, X3, E2); among the six jointly perturbed calibration

inputs only (X2, X3, E2) enter it, while S is held at its baseline of 100 in the joint test, a choice
supported by the mild S-sensitivity documented in Table 5. As a direct check on this choice,
a complementary variant that additionally draws S uniformly within ±20% of its baseline
(seven inputs perturbed jointly) leaves the intercept distribution essentially unchanged: the
mean shifts from 59.6 to 59.2, the median from 59.9 to 59.3, the 90% interval from [48.5, 70.0]
to [48.2, 70.4], and the share of draws with the intercept above E3 = 50 from 91.5% to approxi-
mately 90%. The remaining inputs are perturbed jointly because they enter the accompanying
tier-level NSV comparisons reported below. Over 20,000 draws, the zero-capital-cost intercept
has a mean of 59.6, a median of 59.9, and a 90% interval of [48.5, 70.0] (full range [42.3, 75.6]);
these summary statistics are stable across independent random seeds, varying by less than
0.5 index units. The baseline value of 60 sits almost exactly at the center of this zero-capital-cost
distribution rather than at an extreme. In 91.5% of draws, the intercept exceeds the fixed baseline
penalty E3 = 50, and in approximately 85% it exceeds that draw’s perturbed E3; both shares are
operating-only, zero-capital-cost comparisons, not total-cost preference probabilities. For any
fixed k = ∆Capex2→3, the entire intercept distribution shifts left by k, and the corresponding
preference shares must be recomputed rather than carried over.

We repeated the same joint perturbation for the low-volatility regime of Scenario B
(σ = 0.2): the operating-only finding that Tier 1 exhibits a negative NSV1 survives in 96.7%
of draws, and Tier 3 has the highest operating NSV in 88.2% of draws. Taken together, these
checks support treating the numerical quantities reported in Sections 4.2–4.4 as zero-capital-
cost intercepts within a moderately wide envelope, not as complete operational cutoffs
or total-cost tier rankings. Any funding decision requires empirically measured inputs
and a program-level ∆Capex, as discussed in Section 5.4. This Monte Carlo exercise is a
deterministic sensitivity analysis over independently drawn calibration inputs rather than
a controlled experiment; its summary statistics are reported above and the full distribution
in Figure 3, and the draw-generating procedure, including fixed random seeds, is archived
in the Zenodo replication package referenced in the Data Availability Statement.
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Figure 3. Distribution of the zero-capital-cost intercept E(0)
3,crit = E2 +C3−C2 over the joint Monte Carlo

stress test described above (N = 20,000 draws, seed fixed at 7). The (left panel) is the σ = 0.4 series
underlying the summary statistics reported in the text; the (right panel) repeats the same exercise under the
low-volatility regime of Scenario B (σ = 0.2) for comparison. The dashed vertical line in both panels marks
the unrounded σ = 0.4 baseline intercept (59.9608), drawn as a common reference; the σ = 0.2 panel’s
own zero-capital-cost intercept is 62.44. The shaded band marks each panel’s own 90% interval. This is
a deterministic sensitivity analysis over calibration inputs, not a controlled experiment: the histograms
display how the intercept varies across independently drawn combinations of the calibration proxies,
not measurement variability in an observed quantity. The dark grey columns are the histogram bars
themselves, each giving the number of draws that fall in that intercept bin.
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4.6. A Minimal Two-Period Extension: A First Step Toward the Reinforcing Loop

The static comparisons leave the dotted feedback path in Figure 1 outside the model.
Although Section 5.4 identifies that path as a theoretical extension, a first step toward it can
be taken here in a minimal form: reuse feeds back into the same tier’s next-period state,
while the cross-tier return into the archival base remains outside the model. This subsection
introduces a two-period state transition in which reuse changes next-period governance
readiness and the opportunity set, and examines how the zero-capital-cost intercept moves
under that extension. Its purpose is to report conditional feedback comparative statics, not
to establish a tier preference without transition-cost data.

The extension retains accessibility A and proximity P as infrastructure-investment
choice variables and elevates only governance readiness R to an endogenous state variable.
Because the period-one coordinates are identical to the worked example in Section 4.1,
the period-one results reproduce the static results of Sections 4.2–4.5 to the precision
reported there. The endogenous reuse rate is specified as

ρi = ρ̄ Φ(d2(Xi)). (7)

This is an assumed, admissible reduced form rather than a derived result: it provides
a monotonic connection in which greater moneyness is associated with a greater reuse
propensity, using the risk-neutral exercise probability Φ(d2) as its proxy. The conservative
baseline sets ρ̄ = 1. This ρi is distinct from ρreuse in Section 3, which denotes an incre-
mental number of reuse events and includes scenarios with ρreuse ≥ 1; by contrast, ρi is a
probability-scale quantity satisfying Φ(d2) ≤ 1. Learning and opportunity creation then
operate through

R′i = min{1, Ri + δρi(1− Ri)}, δ ∈ [0, 1], (8)

and
N′i = 1 + νρi, ν ≥ 0. (9)

Both transition equations are illustrative functional forms chosen for tractability rather than
empirically established laws: the readiness update is a bounded linear learning rule and
the opportunity update a linear scaling in the reuse propensity, and the conclusions drawn
below are conditional on these choices (Section 5.4). The two-period objective is therefore

NSV2p
i = [C(S, Xi, Θ)− Ei] + e−rT[N′i C

(
S, X′i , Θ

)
− Ei

]
, (10)

where X′i = X(Ai, R′i, Pi) and the energy penalty is incurred in each period. To preserve the
total-cost boundary in the dynamic extension, let Ki denote the annualized capital burden
of tier i on the same per-period scale and define ∆Capex2→3 = K3 − K2. The corresponding
two-period total value is

TV2p
i = NSV2p

i −
(

1 + e−rT
)

Ki. (11)

Because energy and annualized capital burden enter with the same two-period factor, every
Tier-2/Tier-3 intercept reported below falls one-for-one with ∆Capex2→3. Black–Scholes
prices a single-exercise European option, so the research opportunities in each period are
treated as distinct European options on the same underlying asset and N′i scales their
number. This treatment does not resolve the tension between single exercise and repeated
reuse identified in Section 5.4; it states that tension in a minimal form, while a complete
treatment with optimal stopping remains a future task.

Under the illustrative calibration with ρ̄ = 1 and σ = 0.4, the endogenous rates
are ρ1 = 0.14, ρ2 = 0.79, and ρ3 = 1.00. These are probability-scale quantities bounded
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above by 1, and they are not directly comparable in magnitude to the incremental-count
threshold ρreuse > 0.75 derived in Section 3, since ρreuse counts incremental reuse events
and is evaluated at ρreuse ≥ 1 in the static scenarios. The comparison below therefore reads
ρi only as an ordinal indicator of which tier’s endogenous reuse propensity sits closest to
saturation, not as a literal check against the 0.75 event-count threshold: on that ordinal
reading, Tier 3’s rate is closest to its own upper bound of 1, Tier 2’s is substantially lower
at 0.79, and Tier 1’s is lowest at 0.14, consistent with the tier ordering of exercise friction.
The exogenous baseline ρreuse = 1 adopted as a conservative reference in Section 3 remains
a separate, incremental-count assumption and is not implied by, or interchangeable with,
the probability-scale ρi values reported here.

The no-transition limit, δ = ν = 0, yields a zero-capital-cost dynamic intercept
of 59.96, which agrees with the value of 60 reported in Section 4.4 under the rounding
policy of Table 4. The value 60 follows from rounded C2 = 36 and C3 = 81, whereas
59.96 uses the unrounded option values. The extension thus nests the operating-only
static model as a special case. Table 6 reports zero-capital-cost intercepts over the full
grid of the two transition channels. With the learning channel alone, setting ν = 0,
the intercept falls from 59.96 to 58.79 as δ rises from 0 to 1, because Tier 2 has greater
remaining improvement scope through 1− R and consequently receives the larger learning
gain. The small magnitude of this learning effect is a property of the calibration: the
readiness weight β = 0.1481 in Equation (2) bounds the contribution of the readiness term
to total friction, so readiness improvements can only reduce friction by a limited amount.
Programs with a larger readiness weight would accordingly have larger dynamic gains.
Once the opportunity-creation channel is activated, the zero-capital-cost intercept rises to
approximately 65–66 for ν = 0.25 and approximately 83–86 for ν = 1.0. These are opposing
feedback comparative statics, not evidence that 60 is generally conservative: readiness
learning lowers the intercept, opportunity creation raises it, and any fixed ∆Capex2→3

lowers every cell by that amount.

Table 6. Zero-capital-cost dynamic Tier-2/Tier-3 intercepts under the learning and opportunity-
creation channels. Static zero-capital-cost benchmark = 60 (Section 4.4); subtract ∆Capex2→3 from
each cell for the total-cost boundary.

δ\ν 0.00 0.25 0.50 1.00

0.00 59.96 66.35 72.74 85.52
0.25 59.59 65.91 72.23 84.87
0.50 59.27 65.54 71.80 84.32
0.75 59.01 65.23 71.44 83.87
1.00 58.79 64.97 71.15 83.50

The sequencing comparison starts from Tier 2 and considers remaining at Tier 2 in
both periods, investing in Tier 3 from period one, and a staged transition that remains
at Tier 2 in period one before moving to Tier 3 in period two. In the staged strategy,
readiness carries forward from the Tier-2 learning state in period one. At the zero-capital-
cost calibration, with δ = 0.5 and ν = 0, the corresponding two-period NSV functions of
E3 are 42.77 for remaining at Tier 2, 158.42− 1.95 E3 for investing in Tier 3 from period
one, and 96.59− 0.95 E3 for the staged transition. Their pairwise intersections occur at
E3 = 56.58 for always Tier 2 and staged, E3 = 59.27 for always Tier 2 and immediate Tier
3, and E3 = 61.83 for staged and immediate Tier 3. The staged interval has no positive
length on the upper envelope, so the staged transition is dominated in this operating-only
comparison. The comparison can also be written in closed form. Let Ci denote the period-
one option value at tier i, let C′i denote the period-two option value when tier i is retained,

https://doi.org/10.3390/systems14101199

https://doi.org/10.3390/systems14101199


Systems 2026, 14, 1199 26 of 36

and let C′staged denote the period-two option value at Tier-3 coordinates evaluated at the
readiness accumulated under Tier 2. Staged then exceeds immediate Tier 3 only when
(E3− E2)− (C3−C2) + e−rT(N′2C′staged−N′3C′3) > 0, so the period-one energy saving must
exceed the forgone period-one option value together with the present value of the period-
two difference. Its left-hand side is −11.83 at the baseline. Staged exceeds the always-Tier-2
strategy when e−rT [E2 + N′2(C

′
staged − C′2)− E3] > 0, whose left-hand side is +6.26 at the

baseline. A staged strategy is optimal only if an E3 interval satisfies both conditions, and no
such interval exists at the baseline. Across the 5× 4 grid of 20 points, a strictly optimal
staged interval appears at 10 points, all with ν > 0; the ν = 0 column remains dominated
for every value of δ. For example, staged is optimal for E3 ∈ [70.59, 73.07] when δ = 0.5
and ν = 0.5, and for E3 ∈ [79.35, 89.56] when δ = 0.5 and ν = 1.0. These windows describe
operating-only sequencing. Once capital burdens are introduced, each strategy’s value
changes according to its timing and tier occupancy, so a program-level cost path is required
before any baseline sequencing recommendation follows.

The parameters δ, ν, and ρ̄ are not measured values but free parameters introduced
by this extension, so the results are reported over the full grid rather than as a single
point. The two-period construction is the minimal form that renders the reinforcing loop
a model object; infinite-horizon dynamics, a formal optimal-stopping problem for the
transition time, and endogenous accumulation of accessibility and proximity remain tasks
identified in Section 5.4. The extension supports only a conditional statement: the feedback
loop can be represented as an explicit state transition, readiness learning and opportunity
creation move the zero-capital-cost intercept in opposite directions, and the total-cost
boundary additionally depends on the unmeasured ∆Capex2→3. All numerical values in
this subsection are deterministically regenerated by the accompanying replication script.

5. Discussion
5.1. Theoretical Contributions and Public R&D Governance

The primary contribution of this study is the formalization of the Architecture-Aware
Real Options Framework (AA-ROF). By endogenizing both exercise friction and environ-
mental penalties into the infrastructure state space, AA-ROF bridges the economic theory
of IT investment with the systems-level governance of global research data initiatives
such as EOSC and NAIRR. Methodologically, the contribution is a way of representing a
socio-technical system in which institutional readiness and technical proximity are priced
jointly: the friction function X(⃗I) is the interface at which organizational and technical
states are converted into a single economic quantity. Because that interface is defined by
the functional forms of Equations (2) and (3) rather than by anything specific to research
data, the same construction transfers to other multi-tier infrastructures in which access
friction falls and energy burden rises along a common architectural gradient, such as tiered
HPC allocation hierarchies or scientific data transport networks; only the interpretation of
(A, R, P) changes.

To state this contribution in the vocabulary of systems science rather than of option pricing
alone: what is new is not that real options can price an uncertain asset, nor that Principles 1
and 2 are, formally, the standard strike-monotonicity and deep-in-the-money Vega-compression
properties of call options (Section 3); what is new is the systems-level coupling that composes
those standard properties with the architectural state through Equations (2) and (3). That
coupling assembles five elements that a conventional real-options model, which takes its strike
price and volatility as exogenously observed, cannot represent on its own: (i) interacting
infrastructure layers, in which accessibility, governance readiness, and computing proximity
enter a single priced friction quantity through Equation (2); although that function is additively
separable in its arguments, their effects on realizable value interact through the nonlinearity

https://doi.org/10.3390/systems14101199

https://doi.org/10.3390/systems14101199


Systems 2026, 14, 1199 27 of 36

of the option value C in X, so no layer’s contribution to realizable value can be assessed
independently of the others (Section 3.3); (ii) an explicit reuse–readiness feedback channel,
formalized in the two-period extension through the opportunity-set transition N′i = 1 + νρi

(Equation (9)), together with the readiness transition of Equation (8); (iii) endogenous exercise
friction, in which the option’s strike price is itself a function of the architecture rather than an
externally observed market quantity; (iv) an environmental outcome, E(⃗I), priced jointly with
the same architectural state that sets friction, so the two cannot be optimized independently of
one another; and (v) an evolving research-opportunity set, in which the number of exercisable
opportunities responds to each tier’s reuse propensity rather than remaining fixed. The systems-
science contribution is this joint architecture, not any one of its five components taken in isolation,
each of which has analogues elsewhere in the real-options or systems literatures; it is what
distinguishes AA-ROF from a standard real-options model in which infrastructure enters only
through exogenously observed parameters plugged into an otherwise unchanged calculus.

From a policy perspective, AA-ROF provides a conceptual baseline for public R&D
planners. It challenges the prevailing technological absolutism that all scientific data must
eventually migrate to highly integrated AI Sandboxes. Instead, it offers an analytical justi-
fication for selective orchestration: allocating power-intensive GPU resources only when
the marginal option value satisfies the total-cost boundary after both environmental and
annualized transition costs are counted (Section 5.3). Furthermore, by linking infrastruc-
ture tiers to public institution performance metrics (e.g., data reuse rates, avoidance of
redundant national R&D spending), the framework offers evaluation indicators for science
policy administrators.

5.2. AA-ROF as a Lens for Global R&D Infrastructure Governance

Having formalized the tier structure and the friction and environmental functions
in Section 3, we can now use AA-ROF’s vocabulary as a comparative analytical lens for
reading contemporary national infrastructure initiatives. We emphasize at the outset that
the following mappings are conceptual illustrations of the framework’s applicability, not
empirical evaluations of the programs named; an assessment of that kind would require
program-level data on friction, cost, and carbon intensity that lies outside the scope of
this paper.

• United States (NAIRR): According to its own implementation plan, NAIRR is de-
signed to provide researchers with expanded, direct access to compute, data, and AI
models [34]. In AA-ROF terms, this stated aim is broadly consistent with a strat-
egy of optimizing specific components of friction, particularly by raising computing
proximity P, which lowers friction through the γ(1/P− 1) term of Equation (2) (that
is, ∂X/∂P < 0); we offer this mapping as an illustrative interpretation of NAIRR’s
publicly stated goals, not as an independently verified assessment of its realized fric-
tion levels; as with the other programs mapped in this subsection, we do not claim
that NAIRR, EOSC, Gaia-X, or any other named initiative formally endorses, adopts,
or implements the AA-ROF framework.

• Europe (EOSC and Gaia-X): EOSC’s Strategic Research and Innovation Agenda ex-
plicitly frames the initiative as building a federated “Web of FAIR data and services”
rather than a single centralized repository, and Gaia-X similarly emphasizes federated,
sovereignty-preserving data sharing [35]. This stated federated design is broadly consis-
tent with a Tier-2-oriented strategy in AA-ROF terms (raising accessibility A through
interoperability, which lowers friction through the α(1− A) term of Equation (2) (that is,
∂X/∂A < 0), while deferring the environmental cost (E) of full centralization), though,
again, we do not have independent data on EOSC’s or Gaia-X’s actual friction or carbon
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metrics, and this mapping should be read as illustrative rather than as an empirical
finding about these programs.

• Illustrative extension (HPC-intensive economies): More speculatively, export-driven,
computing-intensive economies that pair world-class HPC facilities with large-scale
scientific datasets (e.g., Japan’s Fugaku system, or national public-led distributed sci-
entific AI foundation model initiatives in South Korea) could in principle be analyzed
as pursuing a Tier-3-oriented strategy. We flag this case explicitly as an unverified il-
lustration: we are not aware of published, program-level friction or carbon-accounting
data for these specific national systems, and the characterization here should not be
read as an empirical claim about their actual operation.

These mappings are offered to illustrate how AA-ROF’s vocabulary could, in principle,
be used to compare national R&D infrastructure strategies. We return to this comparative lens
operationally in the next subsection, where it is translated into concrete performance indicators.

5.3. AA-ROF as a Policy Evaluation Tool: Performance Metrics

AA-ROF shifts the paradigm of public R&D infrastructure evaluation from simple “Ca-
pacity Utilization” to “Value-Generation Potential.” We propose the following guidelines for
public institutions to integrate AA-ROF into their performance metrics and PFS frameworks:

1. From Utilization Rate to Option-Creation Index (OCI): Traditional metrics empha-
size machine utilization (e.g., GPU hours). AA-ROF redefines success through the
OCI, defined as the number of cross-disciplinary combinatorial analyses performed
per dataset over the evaluation horizon, normalized by the counterfactual number of
redundant re-creations that the same dataset would have induced under Tier-1 friction.
The denominator is a fixed counterfactual benchmark rather than a realized count, so
that averting more redundant experiments raises the index instead of depressing it,
and the ratio is defined only where that benchmark is strictly positive. An infrastruc-
ture is deemed successful if it facilitates a measurable increase in cross-disciplinary
data integration relative to that benchmark.

2. Sustainability-Adjusted Return on Investment (S-ROI): Public R&D investment
should be evaluated by the Net Sustainability Value (NSV). Policymakers should
calibrate their infrastructure tiering based on the Redundant Experiment Avoidance
(REA) Ratio, directly linking our theoretical circularity parameters to policy evaluation:

REA =
ρreuse · (Kecon + pcKcarbon)

E(⃗I) + X(⃗I)

REA ≥ 1 indicates that avoided redundant activity alone covers the tier’s environ-
mental and friction cost; how this signal enters the adoption decision is stated as a
two-stage rule below.
The three sustainability quantities used in this paper form one coherent hierarchy
rather than competing criteria. NSVi = Ci − Ei is the operating-only tier value used
in Scenarios B–C; NEB isolates the incremental reuse channel of a Tier-1 to Tier-3
transition (Principle 3); and REA is a screening ratio that asks whether reuse benefits
alone cover the full structural burden (E + X) without crediting any option value C.
Its conservatism is exact only at the baseline ρreuse = 1, and this must be stated plainly:
the numerator scales with ρreuse while the friction term in the denominator is charged
once, so the ratio becomes progressively more permissive as reuse rises. Charging
friction per reuse event instead, that is ρreuse(Kecon + pcKcarbon)/(E + ρreuseX), leaves
the baseline value unchanged at 60/70 ≈ 0.86 but yields 1.64 rather than 2.57 at
ρreuse = 3. REA should therefore be read as a screen at the baseline reuse level,
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and the per-event variant is the stricter test where repeated access costs are material.
Because REA ignores C while NSV is built on it, the two can disagree: at the baseline
calibration with ρreuse = 1, Tier 3 has NSV3 ≈ 31 > 0 and NEB = 15 > 0, yet
REA = 60/70 ≈ 0.86 < 1. Such a configuration is value-positive but reuse-dependent.
A failed REA screen flags that the sustainability case leans on option value rather than
on demonstrated reuse, calling for the reuse-enforcing policies discussed in Scenario
A. Note also that X appears in the REA denominator as a residual friction burden and,
separately, inside C as the strike price; the two roles are not additive, because REA is
a stand-alone screening ratio, not a component of NSV. The complete adoption rule is
instead Equation (6), equivalently APi→j ≥ ∆Capexi→j + (Ej − Ei), where ∆Capexi→j

denotes the annualized incremental capital burden of upgrading from tier i to tier
j. The numerical stress tests set ∆Capex = 0 and therefore characterize only the
intercept of this rule. For Tier 2 to Tier 3, the exact intercept 59.9608 becomes 49.9608
when ∆Capex2→3 = 10; at the assumed E3 = 50, the unrounded margin changes sign.
Accordingly, none of the reported operating-only rankings establishes a total-cost tier
preference without program-level transition-cost data.
For practitioners facing the conflicting signals illustrated above, we state the screen-
ing logic as two sequential stages rather than as a single composite score. Stage 1
(net-benefit screen) applies the complete adoption rule of Equation (6): a candidate
transition i→ j is admissible only if APi→j ≥ ∆Capexi→j + (Ej − Ei), and a transition
failing this test is rejected regardless of REA, because NSV and AP already price
the option value that REA deliberately excludes from its numerator. Stage 2 (reuse-
dependence flag) applies only to transitions that clear Stage 1, and uses REA for the
narrower question the baseline example above answers: whether the admissible case
is self-sufficient on demonstrated reuse alone (REA ≥ 1) or instead leans on projected
option value that has not yet been realized through reuse (REA < 1), which is useful
for ranking among several admissible candidates under a binding budget or for trig-
gering the reuse-enforcing policies of Scenario A. NEB is reported alongside these two
stages as the environmental account of the transition, but it does not enter either stage
as a separate test, because the environmental penalty difference (Ej − Ei) that drives
it already appears in the Stage-1 boundary. We do not adopt a lexicographic rule that
screens on REA before NSV and AP: at the illustrative baseline, REA ≈ 0.86 < 1
even though Tier 3 is net-benefit positive and clears Stage 1, so an REA-first rule
would reject a transition that Equation (6) accepts. Appendix B restates this two-stage
procedure as an explicit step-by-step algorithm.
Applied Scenario in PFS: Consider a proposed national initiative investing $10 million
to build a centralized Tier-3 AI Sandbox for materials science data. If the historical
data reuse frequency is low (e.g., datasets are rarely queried across disciplines) and
the estimated carbon penalty (E3) exceeds the value of avoided redundant experi-
ments, the calculated REA ratio will fall below 1, and the annualized share of the
capital outlay additionally enters the adoption rule above. Under the AA-ROF logic,
a pre-feasibility evaluation panel could use this indicator as one input for recom-
mending against the Tier-3 centralization proposal, redirecting the budget toward a
more carbon-efficient Tier-2 Federated Mesh until metadata maturity (R) and cross-
disciplinary demand reach a justified threshold. We stress that this is a hypothetical,
illustrative use case rather than a validated decision procedure.

3. Governance Maturity as a Key Performance Indicator: Maturity indicators (FAIR
compliance, provenance tracking) are, under this framework, more than administra-
tive overhead: AA-ROF suggests treating them as candidate Key Performance Indicators
for infrastructure budget allocation. Within this analytical logic, institutions that do
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not meet a threshold readiness component, R, would not be well served by Tier 3
high-performance computing allocations, since the high environmental penalty E3 is
harder to justify without high-readiness data. We frame this as a decision-support
heuristic for funding agencies to weigh alongside other criteria, not as a categorical el-
igibility rule; translating it into an actual allocation policy would require the empirical
calibration of R and E discussed in Section 5.4.

By institutionalizing these metrics, funding agencies can move toward a more strategic,
performance-oriented governance of national R&D assets, ensuring that public investment
in high-tier AI sandboxes is screened on net value at Stage 1 and held accountable to
demonstrated data reuse and governance maturity through the Stage-2 flag and the reuse-
enforcing policies it triggers.

5.4. Limitations and the Empirical Roadmap

First, a theoretical limitation of the AA-ROF model is the foundational assumption
that scientific uncertainty follows a continuous geometric Brownian motion. In reality,
scientific breakthroughs often exhibit discrete, discontinuous jumps, suggesting that jump-
diffusion or compound option models might more accurately capture empirical epistemic
volatility. However, the standard Black–Scholes framework was deliberately selected in this
conceptual baseline to provide analytical tractability and isolate the directional mechanism
of how infrastructural friction impacts value. Future theoretical extensions should adapt
this framework to accommodate jump-diffusion processes for highly disruptive fields.
This restriction also bounds Principle 2: under a jump-diffusion or stochastic-volatility
process the deep-in-the-money compression of Vega need not persist, because jump risk
or a stochastic variance factor keeps option value sensitive to uncertainty even where the
diffusive component is nearly deterministic. The compression result should therefore be
read as a property of the geometric Brownian baseline rather than as a general feature
of low-friction architectures. Principle 1 stands on a different footing: it rests only on
strike monotonicity, ∂C/∂X < 0, a property that holds for essentially any arbitrage-free
option-pricing model with a payoff that is monotonic in the strike, not only under geometric
Brownian motion. We therefore expect the qualitative claim that reducing architectural
friction raises option value to survive alternative volatility processes, even where the
specific compression magnitude reported for Principle 2 does not.

While this framework establishes robust boundary conditions, its numerical appli-
cation remains an analytical scenario, and Section 4.5 shows that the reported thresholds
are stable within a moderate range but not immune to recalibration. To transition from
a theoretical framework to an operational policy tool, future research must execute the
following empirical roadmap:

1. Calibration of Friction (X): Future studies should quantify exercise friction using
actual data-wrangling labor hours and network latency logs extracted from national
data repositories and, going beyond the tier-level proxies used here, should fit the
continuous parameters (α, β, γ, λ) of Equation (2) directly against measured (A, R, P)
trajectories, so that the discrete X1, X2, X3 values used in Section 4 become derived
quantities rather than independently assigned proxies.

2. Quantification of Environmental Costs (E): The environmental penalty must be
grounded using precise PUE metrics and GPU workload logs (e.g., SLURM scheduler
data) from public supercomputing centers, similarly fitting (Ebase, η, κ) in Equation (3)
rather than assigning E1, E2, E3 independently. The same measurements would sup-
port replacing the univariate proximity index of Equation (3) with an explicit de-
pendence on served workload and utilization alongside facility efficiency and grid
carbon intensity, a decomposition the present reduced form deliberately suppresses.
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The present monotonic specification also omits data-transmission energy, which in-
creases as computing proximity declines and would therefore raise E2 relative to E3.
Incorporating that component would raise rather than lower the zero-capital-cost
intercept of Section 4.4, all else equal. A further boundary limitation is that E captures
operational energy only: life-cycle assessments show that most emissions attributable
to modern data center equipment arise from hardware manufacturing and infrastruc-
ture rather than from operation [36], so extending E(⃗I) to include embodied emissions,
which would raise the environmental penalty of hardware-intensive higher tiers, is a
priority extension for the framework’s sustainability accounting.

3. Domain-Specific Volatility (σ): Defining scientific volatility requires the development
of empirical proxies, such as variance in DOI citation networks, downstream grant-
funding, or keyword burstiness specific to individual scientific disciplines.

4. Validating the Expenditure-Value Proxy (S): As flagged in Section 3, the MAD
assumption substitutes public R&D expenditure for intrinsic epistemic value. This
identifying assumption should itself be tested empirically, for instance, by checking
whether expenditure-based S proxies correlate with independent, ex-post measures
of realized scientific value such as citation impact or downstream technology transfer,
before the framework’s option values are used to justify specific funding allocations.

5. Capital Costs of Tier Transitions (∆Capex): Equation (6) includes annualized in-
cremental transition cost symbolically, but the numerical illustration sets it to zero
because no program-level estimate is available. Operational use therefore requires
annualized capital and fixed-cost data on the same per-dataset, per-horizon scale as
the modeled flow quantities; without those data, the reported values are intercepts
rather than complete adoption thresholds.

6. Endogenizing the Opportunity Set: The present model channels all architectural
effects through the strike price X(⃗I). A theoretical extension should let the size, com-
position, or arrival rate of the research opportunity set itself depend on I⃗, so that
combinatorial option creation becomes a formal model object rather than an economic
interpretation of friction reduction, and should reconcile the single-exercise option
object with the non-rival, repeated-reuse accounting of NEB (including per-event
access costs and the one-to-one avoidance counterfactual assumed in Principle 3).
The same extension is what would formalize the return path of Figure 1: making
the infrastructure state at one period a function of reuse realized in the previous one
would convert the reinforcing loop described in Section 3.1 from a qualitative architec-
tural property into a dynamic system with explicit state transitions. Section 4.6 takes a
first step toward that conversion in a minimal two-period form with within-tier feed-
back only; what remains open is the cross-tier return path itself, the infinite-horizon
version, a formal optimal-stopping treatment of the transition time, and endogenous
accumulation of accessibility and proximity alongside readiness.

7. Option Style and Early Exercise: Research data can be reused at any point within
the evaluation horizon, giving the reuse option an American character, whereas Black–
Scholes prices a European option. For a call option with no interim payoffs prior to
maturity, however, it is a standard result that the American value equals the European
value, because early exercise of such a call is never optimal; option style by itself therefore
introduces no bias into the reported Ci. A bias arises only when reuse generates an
interim payoff before the horizon ends, analogous to a dividend paid by the underlying
asset, in which case each tier carries its own non-negative early-exercise premium ai ≥ 0
and the American Architecture Premium becomes APAmerican

i→j = APEuropean + (aj − ai).
The sign of this correction to AP then depends on the relative size of the intermediate
reuse payoffs accruing to tier j versus tier i, and is conditional rather than determined
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in advance by the framework. A conditional direction can nonetheless be stated: if
the interim reuse payoff of a tier scales with its reuse propensity, so that the calibrated
rates ρ1 = 0.14, ρ2 = 0.79, and ρ3 = 1.00 of Section 4.6 proxy the ordering of ai, then
a3 ≥ a2 ≥ a1, the correction (aj− ai) is non-negative for every upward transition, and the
European AP reported here understates the Tier-2 and Tier-3 gains. This direction rests
on the proxy assumption that interim payoffs are ordered like reuse propensities, which
the framework does not establish, and we therefore report it as a conditional statement
rather than a result. The European form is retained here for analytical transparency;
binomial-tree or least-squares Monte Carlo methods are the natural extension for pricing
early exercise.

6. Conclusions
This study addresses a fundamental gap in the economics of digital science: the lack

of a dynamic valuation framework that jointly prices the realizable option value and the
environmental footprint of research data. By establishing the Architecture-Aware Real
Options Framework (AA-ROF), we show analytically, under stated assumptions, that digital
research infrastructure acts as an active economic catalyst rather than a passive cost-center.
Advancing research data through a three-tier distributed architecture, from Archive through
Federated Mesh to AI Sandbox, transcends operational cost reduction; it systematically
raises the value of options to combine heterogeneous datasets with AI foundation models.
This is the economic reading of the friction-reduction premium formalized in Section 3, not
a claim that the research-opportunity set itself expands beyond the limited, explicit form
given to that expansion in Section 4.6. Crucially, this architecture reframes infrastructure
investments as proactive drivers of a circular data economy, closing a reinforcing loop
in which repurposed data and refined AI models flow from the Sandbox back into the
archival base and raise the readiness of the corpus that re-enters the system, sustaining the
ecosystem’s combinatorial potential. Section 4.6 takes a first step toward rendering that
loop as an explicit state transition, with reuse feeding back into each tier’s own readiness
and opportunity set, while the cross-tier return into the archival base remains a qualitative
architectural property awaiting the extension set out in Section 5.4.

Our boundary-condition analysis and structural sensitivity evaluation suggest two
core macroeconomic takeaways. First, once friction has fallen past the Vega-maximizing
level X∗ at which d1 = 0, moved the option deep into the money, and then approaches its
structural lower bound (X → Xmin), the asset’s volatility sensitivity (Vega, V) is sharply
compressed, though not eliminated, and the valuation converges toward its determin-
istic NPV benchmark. What the architecture stabilizes is the valuation’s exposure to
scientific uncertainty, not that uncertainty itself, which remains a property of the science
rather than of the infrastructure. Second, the Tier-2/Tier-3 result is the total-cost bound-
ary E3,crit(∆Capex2→3) = E2 + C3 − C2 − ∆Capex2→3. The illustrative calibration gives
59.9608− ∆Capex2→3: the familiar value of 60 and the Monte Carlo 90% interval [48.5, 70.0]
are zero-capital-cost intercepts, not complete thresholds. A fixed positive transition cost
shifts the entire distribution left one-for-one; at ∆Capex2→3 = 10, the exact boundary is
49.9608, just below the assumed E3 = 50. The two-period extension supplies conditional
feedback comparative statics around the same zero-capital-cost intercept: readiness learn-
ing lowers it, whereas opportunity creation raises it. These opposing movements do not
support treating 60 as a general lower bound, and no total-cost tier preference follows until
program-level transition cost is supplied.

For science policy administrators (e.g., NAIRR, EOSC, and national HPC initiatives),
AA-ROF replaces technological absolutism with selective orchestration. Rather than mandat-
ing universal Tier-3 centralization, funding agencies should deploy carbon-intensive AI
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sandboxes only when the resulting Architecture Premium covers both environmental and
annualized transition costs. High-volatility datasets retain substantial option value even
under Tier-1 friction, whereas stable datasets may gain more from Tier-3 integration on
the value side; whether that gain warrants adoption remains conditional on the complete
total-cost boundary.

We restate here the boundary already drawn in Section 1: both takeaways are standard
option-pricing properties, strike monotonicity and deep-in-the-money Vega compression,
evaluated along an architectural gradient. What AA-ROF contributes is the mapping that
renders those properties measurable in infrastructure-policy terms, together with the envi-
ronmental account that constrains them, and not a new option-pricing result. In conclusion,
AA-ROF bridges economic real option theory and the systems science of research data
infrastructures. While this study provides an analytical baseline, future empirical efforts
validating friction logs, real-time PUE, and expert-derived governance weights will further
translate these theoretical insights into national infrastructure decision systems.
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Appendix A. Derivation of the Expenditure-Proxy Elasticity Result
Section 3 states, without derivation, that evaluating the allocative-efficiency coefficient

ψ of Equation (5) at ψ = 1 when the true value is ψ < 1 overstates C by more than
it overstates S: the elasticity of C with respect to S exceeds unity and is largest for the
least advanced tier. This appendix derives that claim from the option-value function of
Equation (4).

Differentiating C(S, X, Θ) = SΦ(d1)− Xe−rTΦ(d2) with respect to S and using the
standard identity Sϕ(d1) = Xe−rTϕ(d2), which cancels the terms arising from the depen-
dence of d1 and d2 on S, gives the exact result ∂C/∂S = Φ(d1). The elasticity of C with
respect to S is therefore

ηC,S ≡
∂C
∂S
· S

C
=

S Φ(d1)

C
=

S Φ(d1)

SΦ(d1)− Xe−rTΦ(d2)
.
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Because X > 0, T > 0, and Φ(d2) > 0 throughout the domain of Section 3.4, the subtracted
term Xe−rTΦ(d2) is strictly positive, so C < SΦ(d1) and hence, ηC,S > 1 at every tier and
every calibration considered in this paper: a proportional overstatement of S always pro-
duces a strictly larger proportional overstatement of C, which is why Section 3 describes the
resulting bias as more than proportional rather than as a simple pass-through. The elasticity
is largest precisely where the subtracted term is largest relative to SΦ(d1), that is, where
the residual friction X is highest, and the option is furthest from the money. Under the tier
ordering X1 > X2 > X3 maintained throughout this paper, this places the largest elasticity,
and, therefore, the largest sensitivity of C to a common misspecification of ψ, at Tier 1,
the least advanced tier. This is a general property of call options rather than one specific to
AA-ROF: it is the same mechanism by which options further from the money carry higher
elasticity than those deep in the money, applied here to the architecture-dependent strike
X(⃗I) of Equation (2) rather than to an externally observed one. As a numerical illustra-
tion of this compression, fix curation and provisioning expenditure at 100 and consider
ψ = 0.8 (so S = 80 rather than the baseline S = 100): the resulting tier option values
are C = (1.39, 19.51, 60.98), and the Architecture Premium falls accordingly, with AP2→3

declining from 44.9608 to 41.4688 and AP1→3 declining from 76.1357 to 59.5828.
Two consequences follow for use. Comparisons across programs are valid only under

a common ψ, and any operational deployment must either estimate ψ from independent
value measures, such as citation- or reuse-based indicators, or restrict itself to within-
program comparisons made under a common ψ, which preserve the ordering of the gross
option values Ci but not the level of AP, nor necessarily the sign of the net accounts NSV
and NEB once S is scaled down. The mild sensitivity of the zero-capital-cost intercept E(0)

3,crit
to S documented in Section 4.5 limits how far this bias propagates into the tier-comparison
boundary, but it does not repair the level of C itself.

Appendix B. Algorithmic Summary of the AA-ROF Valuation Procedure
For practitioners who need a step-by-step procedure rather than only the closed-

form equations of Sections 3–5, Algorithm A1 restates those equations, and the two-stage
screening rule of Section 5.3, as an explicit procedure; it introduces no new functional form
and no numerical values beyond those already reported.

Algorithm A1 Applying AA-ROF to a candidate multi-tier infrastructure.

Input: an infrastructure vector I⃗i = (Ai, Ri, Pi) for each candidate tier i; the friction-
function parameters (Xmax, α, β, γ, λ, Pmin) of Equation (2) and the environment-function
parameters (Ebase, η, κ) of Equation (3); the intrinsic epistemic value S and option param-
eters Θ = (σ, r, T); the redundant-recreation costs Kecon and pcKcarbon; the incremental
reuse rate ρreuse; where available, the annualized transition cost ∆Capexi→j; and, if Step 9
is exercised, the feedback parameters (δ, ν) and the other two-period inputs of Section 4.6.

1. For each candidate tier i, compute the exercise friction Xi ← X(⃗Ii) from Equation (2).
2. For each candidate tier i, compute the environmental penalty Ei ← E(⃗Ii) from

Equation (3).
3. For each candidate tier i, compute the option value Ci ← C(S, Xi, Θ) from Equation (4).
4. For a proposed transition i→ j, compute the Architecture Premium APi→j ← Cj − Ci

and the operating-only Net Sustainability Value NSVi ← Ci − Ei for each tier under
consideration.
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Algorithm A1 Cont.

5. For the target tier j, compute the Net Environmental Benefit NEB ← ρreuse(Kecon +
pcKcarbon)− (Ej − Ei), where ρreuse is measured as the incremental reuse rate relative
to the origin tier i for the transition under consideration; this coincides with the Tier-1
baseline definition of Section 3 when i = 1, and for a transition from a higher origin tier
the rate must be re-measured against reuse already realized at tier i. Then, compute the
Redundant Experiment Avoidance ratio REA ← ρreuse(Kecon + pcKcarbon)/(Ej + Xj)
(Section 5.3).

6. Stage 1 (net-benefit screen): accept the transition i→ j only if APi→j ≥ ∆Capexi→j +
(Ej − Ei) (Equation (6)); otherwise, reject it, regardless of REA. If ∆Capexi→j is not
reported, Stage 1 instead evaluates only the zero-capital-cost intercept (∆Capexi→j = 0,
as in Section 4.4) and the accept/reject decision remains undetermined until program-
level transition-cost data are supplied.

7. Stage 2 (reuse-dependence flag): among transitions accepted at Stage 1, flag those with
REA < 1 as value-positive but reuse-dependent, and use this flag to rank candidates
under a binding budget or to trigger the reuse-enforcing policies of Scenario A.

8. (Optional robustness check, Section 4.5.) Redraw the tier-level inputs (Xi, Ei, S, σ,
and the cost parameters) directly within their stated uncertainty ranges, as Section 4.5
does, entering at Step 3 with the redrawn Xi and Ei in place of the outputs of Steps 1–2,
and repeat Steps 3–7 to report the resulting distribution of the Stage-1 boundary rather
than a single point estimate.

9. (Optional dynamic extension, Section 4.6.) If reuse is expected to alter next-period
readiness and the opportunity set, this extension does not replace the Stage-1 decision
of Step 6; instead, report the two-period total values TV2p

i and TV2p
j of Equation (11)

for the origin and target tiers, compared within that same two-period account (Table 6),
as supplementary robustness information alongside the Stage-1 decision.

Output: an accept/reject decision for the candidate transition (or, where ∆Capexi→j is
not supplied, the zero-capital-cost intercept with the decision left undetermined, as in
Step 6), together with the reuse-dependence flag of Stage 2 and, where Step 8 or 9 is
exercised, an uncertainty range or dynamic sensitivity around that decision.
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