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Abstract. Physical Oceanography is the branch of marine sciences concerned with understanding the
oceans as a geophysical fluid system, focusing on the processes that govern the spatial organisation and
temporal variability of momentum, heat, and mass across a wide range of scales. Knowledge in Physical

15  Oceanography is produced through a combination of observations, theory, numerical models, and
statistical inference; yet its epistemological structure remains largely implicit. This paper develops a
framework to clarify how such knowledge is generated, validated, and constrained by the ocean’s vast
spatial extent, continuous variability, and multiscale dynamics. We propose a two-dimensional epistemic
map that classifies knowledge claims by their aim and representational form, providing a structured

20  vocabulary for interpreting the diversity of oceanographic research. We illustrate the map with an
exploratory classification of scientific synopses, and use it to read recent tendencies in the discipline. We
further examine the epistemic status of oceanic numerical models and reanalysis systems, and present a
case study of wind-wave spectral representation that exposes the underlying assumptions and limits of
common practices. Building on these elements, we propose a diagnostic reporting template aimed at

25  making explicit the assumptions, validation criteria, and epistemic payoff of individual studies. By
rendering the epistemic structure of a result legible, the framework supports clearer interpretation,
comparison, and communication of physical-oceanographic knowledge, both within the discipline and
across the wider Earth-system sciences.

1 Introduction

30  Physical Oceanography (hereafter PO) is a branch of marine sciences concerned with the quantitative
description and theoretical understanding of the ocean as a geophysical fluid system. PO addresses the
governing conservation laws of mass, momentum, and energy, with particular focus on the mechanisms
of energy input, transfer, dissipation, and the coupling between the ocean and external forcings such as
the atmosphere, cryosphere, and solid Earth. By combining in situ and remote sensing measurements with

35  dynamical frameworks and high-resolution numerical simulations, PO seeks to resolve the variability of
oceanic phenomena across a broad range of scales, from bursting bubbles at timescales of a tenth of a
second to the Milankovich timescales of 100,000 years and spatially from the Kolmogorov microscale (a
tenth of a millimeter) to basin-wide gyres (thousands of kilometers), hereby elucidating the underlying
mechanisms governing ocean dynamics and its variability (Cushman-Roisin and Beckers, 2011; Gill,

40  1982; Holthuijsen, 2007; Janssen, 2009; McPhee, 2008; Pedlosky, 2013; Talley et al., 2011; Vallis, 2017).

Given the complexity of the marine environment, PO knowledge cannot generally be obtained as
a direct empirical read-off from observations alone; rather, it emerges from the synthesis of
measurements, theoretical constructs, and numerical modelling, through which oceanic processes are
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interpreted and reconciled across a wide spectrum of interacting spatial and temporal scales (Cushman-

45  Roisin and Beckers, 2011; Emery and Thomson, 2004; Griffies, 2004; Oreskes et al., 1994; Pugh and
Woodworth, 2014; Roemmich et al., 2009; Stewart, 2008; Thorpe, 2007). The inference of unobservable
interior states from sparse data is itself a long-standing methodological concern of the field (Wunsch,
1996).

This paper argues it is necessary to interrogate how such knowledge is generated, justified, and
50  limited, thereby motivating an explicit theory of knowledge for PO. In doing so, we draw on two distinct
but related bodies of philosophy: epistemology proper, the study of the nature, justification, and limits of
knowledge (Audi, 1997; BonJour, 2010), and the philosophy of science, which studies how scientific
theories are tested, change, and progress (Kuhn, 1962; Lakatos, 1978; Popper, 1959). Together, these help
us state what our PO claims mean, how they are warranted, and where they are valid and limited. We
55  propose that such considerations are central in PO, because knowledge is generated under intrinsic
constraints imposed by sparse and heterogeneous observations, strong nonlinear dynamics, and pervasive
multiscale interactions. Consequently, understanding relies on integrating theoretical frameworks and
numerical models, which mediate the interpretation of incomplete data and enable inference of underlying
physical processes (Frigg and Hartmann, 2025; Oreskes et al., 1994; Winsberg, 2010)(Frigg and

60  Hartmann, 2025; Oreskes et al., 1994; Winsberg, 2010).

This perspective motivates foundational questions for PO, which structure the analysis developed
in this paper:

e What constitutes scientific knowledge in PO?

e  What are the respective roles and mutual relationships among theory, numerical models, and
65 observations?

e Through which mechanisms does the discipline achieve progress?
e On what grounds are scientific claims established and validated?

Since PO sits at the intersection of other disciplines, not only in the body of marine sciences, such

as meteorology, climate science, biogeochemistry, and geophysics (e.g., Bigg, 1996; Karnauskas, 2020;

70  Pereira and Pardal, 2024; Stewart, 2008), epistemology also helps clarify demarcation and unity, to judge

if a small set of governing principles unifies the field, or it is best understood as an interdisciplinary

patchwork tied together by shared modelling practices and observing infrastructures. Finally, the

objectivity of PO results must be examined in context: societal needs (climate risk, coastal hazards,

resources) shape funding, priorities, and even what counts as an “important” result in Science (Douglas,

75  2009; Edwards, 2022; Stanev, 2023). This does not automatically undermine objectivity, but it motivates

explicit standards for transparency, uncertainty, and evidential strength. The PO’s future then hinges on

limits to predictability (chaos, turbulence, forcing uncertainty) and on whether current computational—

observational paradigms are sufficient, or whether new representations and inference strategies are
required.

80 Similarly to what is proposed here for PO, over the past three decades, climate science has
increasingly engaged with the philosophy of science to clarify the epistemic status of its claims, the role
of models, and the nature of uncertainty and consensus in complex Earth systems (Dethier, 2022;
Kawamleh, 2022; Lenhard and Winsberg, 2010; Lloyd, 2010, 2015; Parker, 2006). In particular, the
recognition that climate models function as mediating instruments rather than direct representations of
85  reality has led to a richer understanding of robustness, validation, and the pluralistic nature of scientific
knowledge (e.g., Edwards, 2022; Katzav, 2014; Lloyd, 2010; Oreskes, 2004; Oreskes et al., 1994; Parker,

2
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2024; Winsberg, 2018). A key outcome of this philosophical engagement has been the development of
concepts such as robustness analysis, model hierarchies, and ensembles as epistemic tools, which allow
scientists to make reliable claims despite structural uncertainty and limited observational constraints (e.g.,

90  Parker, 2010). Similarly, debates on confirmation and underdetermination have clarified how multiple
lines of evidence can jointly support causal claims such as anthropogenic climate change (Oreskes, 2004).
Beyond theory, philosophy of science has also contributed to methodological standards in climate science,
including transparency in model assumptions, reproducibility of simulations, calibrated language,
managing the risk of "explaining away", and the role of expert judgement in uncertainty assessment

95  (Intergovernmental Panel on Climate Change (IPCC), 2021; Parker, 2024; Shackley et al., 1998). These
advances are highly relevant to PO, which faces analogous epistemic challenges: sparse and
heterogeneous observations, strong nonlinearity, multi-scale interactions, and the pervasive use of
numerical models as primary investigative tools. Yet, despite these similarities, explicit philosophical
reflection remains relatively underdeveloped in oceanography.

100 Yet, we do not claim it is absent: the history and epistemology of oceanography have been
examined, notably in the historiography of how observing missions and funding shaped what the field
comes to know (e.g., Oreskes, 2022); but a systematic, practice-facing epistemology aimed at working
physical oceanographers is still lacking. As in climate science, oceanographic knowledge is increasingly
model-mediated, requiring careful consideration of how simulations, parameterisations, and data

105  assimilation schemes contribute to inference about ocean dynamics. In this sense, PO stands to benefit
from adopting the epistemological tools already developed in other fields. The novelty of this work lies
not in introducing new epistemic categories, but in (i) operationalising them for PO, (ii) embedding them
in a unified diagnostic framework, and (iii) applying them to concrete oceanographic practices. Doing so
would not only improve methodological rigour but also strengthen the interpretability and credibility of

110  oceanographic knowledge in interdisciplinary contexts, particularly within the broader Earth system
sciences.

The paper is organised as follows. Section 2 defines the nature of knowledge in PO and introduces
the epistemic foundations of the study. Section 3 develops a two-dimensional map to classify knowledge
claims according to their aim and representational form and illustrates it with a classification of abstracts

115  from the Journal of Physical Oceanography. Section 4 examines the epistemic status of ocean models
and observational systems, with a focus on model-data interactions. Section 5 discusses scientific progress
and the role of exploratory observation, culminating in an analysis of induction, uncertainty, and the limits
of empirical knowledge. Section 6 provides a detailed case study of the wind-wave spectrum, highlighting
its assumptions, validation issues, and epistemic limits. Section 7 introduces a diagnostic reporting

120  template for communicating oceanographic knowledge claims. Section 8 summarises the main findings
and outlines implications for future research.

2 The nature of knowledge in Physical Oceanography

The ocean’s vast spatial extent, its continuous variability across a wide range of temporal scales, and the

intrinsic complexity arising from turbulent, nonlinear, and tightly coupled processes give rise to a

125  fundamentally partial and mediated form of scientific knowledge. Understanding is therefore inherently

provisional, model-dependent, and constrained by what can be observed, inferred, and rigorously
justified.

Within this context, knowledge in PO can be defined as the justified, theory-informed, model-

mediated, and uncertainty-quantified understanding of ocean dynamics as a fluid system. The overarching

130 goal of PO is to transform complex and often inaccessible oceanic phenomena into measurable and
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modelable forms, enabling the representation of otherwise unobservable processes, such as deep mixing,
mesoscale energetics, submesoscale fronts, and wave energy, in scientifically meaningful terms (e.g.,
Ferrari and Wunsch, 2009; McWilliams, 2016). Knowledge in PO can thus be viewed as emerging
through multiple epistemic pathways, in which independent but complementary lines of evidence jointly

135  support robust scientific claims (e.g., Schupbach, 2018). These pathways can be broadly categorised as
follows:

o Empirical knowledge: derived from observations and measurements collected in situ or via remote
sensing.

o Theoretical knowledge: grounded in first-principles physics, analytical formulations, and

140 conceptual models that explain underlying processes.

o Model-based knowledge: obtained from numerical simulations and data-assimilation systems that
integrate theory, observations, and parameterizations to reconstruct past states or predict future
ocean states.

o Statistical/inferential knowledge: emerging from statistical analysis and pattern extraction,

145 including climatologies, stochastic models, ensemble approaches, and machine learning methods.

e Practical (tacit) knowledge (Polanyi, 1966): arising from hands-on expertise, such as instrument
deployment, data interpretation, recognition of artefacts, and the intuitive assessment of data
quality.

Knowledge in PO is further shaped by its foundational role within the broader Earth-system

150  sciences, as physical processes constrain what other ocean disciplines can observe and explain. For
example, marine biology depends on physical structure: stratification regulates nutrient supply,
turbulence affects encounter rates, and currents influence population connectivity (e.g., Cowen and
Sponaugle, 2009; Mann and Lazier, 2006; Rothschild and Osborn, 1988). Biogeochemistry relies on
physical fluxes, as ventilation, mixing, circulation, and wave-driven gas exchange control the rates and

155  pathways of chemical transformations (e.g., Deike, 2022; Emerson and Hedges, 2010; Sarmiento and
Gruber, 2006; Wanninkhof, 1992). Similarly, coastal and offshore engineering directly applies physical
oceanographic knowledge of waves, currents, and extreme events for design, risk assessment, and
operational decision-making (e.g., Dean and Dalrymple, 2002; Molin, 2023). At the same time, PO itself
relies on external domains of knowledge to interpret and formalize its processes. It draws on fluid

160  mechanics and thermodynamics for governing principles (e.g., Vallis, 2017); engineering for
measurement systems and instrumentation (e.g., Emery and Thomson, 2004); applied mathematics and
statistics for modeling and data assimilation (Evensen, 2009); atmospheric dynamics for external forcing
(Holton and Hakim, 2013); and biogeochemistry for the interpretation of tracers (Sarmiento and Gruber,
2006).

165 In summary, knowledge in PO is best understood not as a fixed or complete representation of the
ocean, but as a dynamic and evolving construct that arises from the integration of heterogeneous sources
of evidence, theoretical frameworks, and methodological constraints. It is inherently interdisciplinary,
relying on the continuous interplay between observation, abstraction, and modelling. As a result,
oceanographic knowledge is unavoidably partial, model-mediated, and context-dependent. This

170  pluralistic and conditional character is not a limitation but a defining strength: it enables the discipline to
construct robust, testable, and progressively more informative representations of ocean dynamics, despite
the system’s inaccessibility, multiscale complexity, and limited observability. In this sense, knowledge
advances not through convergence to a complete description, but through the coordinated refinement of
multiple lines of inquiry. Recognising and explicitly articulating this epistemic structure is essential for

175  interpreting results, assessing their scope and limitations, and ensuring their appropriate use. More
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broadly, it supports clearer communication across disciplines and strengthens the integration of PO within
the wider Earth system sciences and their societal applications.

3 Mapping knowledge gains across two epistemic axes

Knowledge gains refer to the advancement and refinement of understanding that arise from new
180  observations, improved methodologies, and the integration of theory with empirical evidence (Bogen and
Woodward, 1988; Kuhn, 1962); they capture both incremental progress, such as increased measurement
accuracy or model skill, and transformative insights that reshape how systems are conceptualised. In PO,
knowledge gains are particularly significant because the oceans are a complex, multiscale system where
processes ranging from small-scale turbulence to basin-wide circulation interact nonlinearly. Over the
185  decades, advances in observational technologies, numerical modelling, and theoretical frameworks have
enabled an increasingly detailed decomposition of ocean dynamics into identifiable components, thereby
improving our ability to attribute variability to specific forcings such as wind, atmospheric pressure,
gravitation, Earth’s rotation, and climate change. As a result, knowledge gains not only deepen scientific
understanding but also enhance predictive capability, with direct implications for coastal risk assessment,
190  navigation, and climate projections.

3.1 The two epistemic axes

We propose that knowledge gains in PO can be meaningfully located along two epistemic axes. These

axes are not intended as a rigid classification of research outputs, nor as sequential stages in a linear

trajectory of scientific maturity. Instead, they serve as a diagnostic two-dimensional map: a way to

articulate the diverse modes through which PO generates understanding of oceanic phenomena despite
195  observational limits, model idealizations, and theoretical uncertainties. The map also functions as a shared

language for communicating the nature of scientific claims. The two axes are:

Axis 1 - Aim of the knowledge (what question is being asked): Descriptive (“What is happening or
happened?”); Explanatory (“Why/how does it happen?”); Predictive (“What will happen?”).

Axis 2 - Form of the knowledge (how the answer is constructed): Statistical (knowledge constructed
200  through the identification of patterns and probabilistic relationships in data); Causal (understanding of
what factors produce or change an outcome); Mechanistic (insight into detailed processes).

We do not claim these distinctions are new. Analogous epistemic structures recur across a wide
range of scientific disciplines (Craver, 2007; Pearl, 2009; Salmon, 2005), where research is often
implicitly organized along two intersecting dimensions: an axis of epistemic aim and an axis of the form

205  of account. In medicine and epidemiology, this distinction underpins the progression from descriptive
epidemiology to causal analysis and mechanistic understanding of disease (e.g., Rothman et al., 2008); in
economics, it is reflected in the contrast between reduced-form (statistical) and structural (mechanistic)
models (e.g., Angrist and Pischke, 2009); and in climate science, it emerges in the interplay between
empirical analyses, causal attribution studies, and process-based numerical models (Intergovernmental

210  Panel on Climate Change (IPCC) 2021). More broadly, these distinctions resonate with broader
methodological divides identified in statistics and machine learning (Breiman, 2001), the formal theory
of causal reasoning (Pearl, 2009), and the accounts emphasising the central role of mechanistic
explanation (Craver, 2006). Our contribution is therefore not the axes themselves but their
operationalisation for PO: the worked oceanographic examples below, the reading of disciplinary

215  tendencies in Sect. 3.2, and the reporting template of Sect. 7.

We see value in adding a qualified hierarchy in PO, but it should be framed as a partial order rather
than a strict ranking. The two axes are conceptually orthogonal, yet certain aims and forms
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often precede or contain others. For instance, there is a procedural precedence across aims, since
Descriptive — Explanatory — Predictive, where the arrows indicate common dependencies and

220  increasing claim strength: reliable description typically lays the evidential ground for explanation, and
robust explanations often improve prediction. There are exceptions; for instance, one can predict without
a deep explanation. Along the form axis, a typical nesting is Mechanistic > Causal o Statistical, again
with cavetas: a statistical pattern can be highly predictive without causal content; a causal claim can be
identified without a full mechanism; a mechanistic model can be correct yet too simplified to yield

225  system-wide predictions. The axes should not be read as strictly categorical: claims can exhibit low,
moderate, or high degrees along each dimension, so the map accommodates continuous positioning and
captures the hybrid nature of oceanographic knowledge. Examples of PO studies that intersect the two
axes are as follows:

e Descriptive and Statistical. Wave climate summaries of, e.g., significant wave height, wave
230 periods, and directions from altimeters or wave buoys, providing long-term distributions, trends,
and extremes of wave conditions at both local and global scales.

e Descriptive and Mechanistic. Internal-wave generation over topography (e.g., from moorings,
gliders, or altimetry), providing observation of phase propagation and modal structure interpreted
in light of internal-wave theory .

235 e Predictive and Statistical. Seasonal sea-surface temperature or sea-level forecasts using empirical
models, where statistical relations provide lead-time skill for regional anomalies.

e Predictive and Mechanistic. Coupled surge—wave-tide setups in complex coastal and lagoon
environments, where process-based, mechanistic coupling predicts compound water levels for a
better reproduction of peak timing and amplitude under multi-driver events.

240 e FExplanatory and Causal. Sea-state-dependent air—sea drag modifying storm surge: causally
linking roughness and wave age to the drag coefficient (young, steep seas increase wind stress for
the same wind speed), thereby improving surge forecasts and reducing bias in peak water levels
when drag is coupled to the wave model rather than kept constant.

3.2 An exploratory reading of epistemic tendencies: the Journal of Physical Oceanography
To illustrate how the two axes can be put to work, we apply them to a corpus of papers from the Journal
245  of Physical Oceanography (JPO; https://journals.ametsoc.org/view/journals/phoc/phoc-overview.xml).
JPO is widely recognised as a reference journal in PO, in terms of both scientific influence and authority.
Since its establishment in 1971 by the American Meteorological Society (https://www.ametsoc.org/ams/),
JPO has served as a primary venue for the dissemination of advances in geophysical fluid dynamics,
ocean circulation, air—sea interaction, and mesoscale and submesoscale processes; its corpus reflects the
250  theoretical and methodological foundations of the discipline. We point out that the outset that what
follows is a demonstration of the coding procedure, not an empirical characterisation of the discipline: it
is intended to show what the map makes visible, and to raise questions, not to settle them.

The classification is performed on article abstracts, which are treated as compact representations

of scientific claims, for two benchmark years, 1995 (Volume 25; n =207 papers) and 2025 (Volume 55;

255  n =140 papers). The three-decade gap allows a first look at long-term tendencies. To process the corpus

at scale, we use a large language model (LLM; Microsoft Copilot, based on GPT-5) to assign each abstract

an epistemic aim (Descriptive, Explanatory, Predictive) and a form of knowledge (Statistical, Causal,
Mechanistic). To keep coding reproducible, we adopt the following priority rules:
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e [fa paper combines description and explanation — classified as Explanatory.
260 o [fa paper uses statistical methods but seeks process understanding — classified as Mechanistic.
e [Ifattribution or sensitivity experiments are present — classified as Causal.

These rules are themselves consequential: the second rule, in particular, moves studies off the statistical

form whenever a process aim is detectable, and therefore partly shapes the marginal distribution along

the form axis. Results should be read with that dependence in mind, and the rules treated as one codebook
265  among possible alternatives.

For the years 1995 and 2025, the summary of results is presented in Tables 1 and 2, respectively.
The quantitative values reported in the matrices may depend on sample size and classification choices;
however, the main structural trends we identified persist across different subsets of the corpus.

Aim | / Form — Statistical Causal Mechanistic Total

Descriptive | 12% 5% % | 24%
Explanatory | 10%  22% 34% | 66%
Predictive | 2% 3% 5% | 10%
Total 24%  30%  46%

Table 1: Distribution of abstracts published in JPO, Volume 25 (1995), across the two epistemic axes: aim of
270  knowledge (Descriptive, Explanatory, Predictive) and form of knowledge (statistical, causal, mechanistic).
Attribution by the LLM Microsoft Copilot (GPT-5).

Aim | / Form — Statistical Causal Mechanistic Total

Descriptive ‘ 25% 7% 7% ‘ 39%
Explanatory | 14%  14% 22% | 50%
Predictive | 6% 2% 3% | 11%
Total 45%  23%  32%

Table 2: Distribution of abstracts published in JPO, Volume 55 (2025), across the two epistemic axes: aim of
knowledge (Descriptive, Explanatory, Predictive) and form of knowledge (statistical, causal, mechanistic).
Attribution by the LLM Microsoft Copilot (GPT-5).

275 Read as a first-order map, the comparison between 1995 and 2025 is suggestive of three
tendencies, all to be treated as hypotheses for further study rather than established results:

e arise in the share of descriptive and statistically framed work;
e arelative decline in the share of mechanistically framed work;
o the persistence of explanatory aims as the most common.

280 A plausible reading is that the growth of global observing systems, satellite altimetry, and multi-platform
datasets has made description a primary layer of knowledge production rather than a merely preliminary
one, while explanatory aims remain dominant, which is consistent with JPO’s orientation toward process
understanding rather than operational forecasting (predictive work stays a small minority in both years).
The apparent emergence of hybrid claims that combine statistical inference with descriptive reasoning is,

285  if real, the most interesting feature; but with the present sample, it cannot be distinguished from coding
noise or from drift in scientific writing style.
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The present analysis should be understood as an epistemic experiment, rather than a definitive
characterisation of the discipline. By projecting the corpus of JPO papers (1995 and 2025) onto two
epistemic axes, we test the usefulness of a simplified conceptual framework for describing the structure

290  of scientific activity. In particular, it relies on the analysis of abstracts as epistemic artefacts and on
categorical distinctions that compress inherently hybrid and multi-layered practices. A more
comprehensive understanding of the evolution of the discipline would require deeper analyses, including
the examination of full papers, models, equations, and experimental practices, as well as comparisons
across subfields and methodological traditions. The present experiment thus constitutes a first-order

295  mapping of epistemic tendencies, whose main value lies in identifying trends and raising questions for
further investigation, rather than providing a complete account of the dynamics of knowledge in PO.

We also note that using an LLM for abstract classification introduces potential sources of bias
related to linguistic patterns, training data, and the implicit interpretation of epistemic categories.
Importantly, such biases may not be invariant across time, as the style and vocabulary of scientific writing

300 have evolved between 1995 and 2025. While applying the same LLM to both corpora ensures
methodological consistency and partially mitigates systematic bias, it does not guarantee that observed
differences reflect only underlying epistemic changes, rather than shifts in scientific discourse.
Consequently, the results should be interpreted as capturing the evolution of expressed epistemic
structure, that is, how knowledge is articulated in the literature, which is itself an integral component of

305  scientific practice (Hacking, 1983; Kuhn, 1962; Lenhard and Winsberg, 2010).

4  The status of ocean models and model-data hybrids

Having defined how knowledge claims are classified in PO, we now examine how a primary carrier,
model systems, acquire epistemic status within this space. In this field, epistemic pay-offs increasingly
depend on numerical models that, although grounded in primitive physical principles and implemented

310  through numerical schemes, are extensively mediated by parameterisations, calibration against
observations, discretisation choices, data assimilation, and, more recently, data-driven components.
Further, statistical emulators, machine-learning surrogates, and highly parameterised dynamical models
may exhibit forms of “opacity”, insofar as the internal pathways by which they generate results are not
fully accessible, interpretable, or traceable to underlying physical principles (e.g., Burrell, 2016; Rudin,

315 2019). This underscores the hybrid and constructed character of knowledge in the field, and motivates
care to avoid over-interpreting model outputs.

Following works on model-based explanation (e.g., Bokulich, 2017), we distinguish two
independent dimensions of ocean-model judgment:
o FEmpirical Adequacy: a model's ability to match observations (considered the sea truth), including

320 predictive skill, pattern replication, and performance out of sample. This dimension is necessary

for any predictive use.

e FExplanatory Depth: the extent to which a model supports causal or mechanistic interpretation.
This does not simply reflect internal complexity, but the degree to which the model's structure
corresponds to physically meaningful mechanisms.

325  These dimensions are independent. An ocean model may score high in empirical adequacy while
remaining shallow in explanatory depth, as in the case of a purely data-driven prediction. Conversely, a
mechanistically structured model may provide insight into causal architecture while displaying only
moderate predictive performance, not merely because of resolution limits or incomplete data, but because
deliberate idealisations isolate essential processes at the cost of empirical completeness. This trade-off

330  should be treated as an epistemic choice, not a technical deficiency (Weisberg, 2013).
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In terms of the two axes introduced in Sect. 3.1, models can occupy different positions depending
on how they are used and interpreted. A machine-learning surrogate typically serves a Predictive aim and
adopts a statistical representational form. A physics-based model used operationally may function
primarily as a Predictive tool, even though its internal structure is Mechanistic. A theory-testing

335  simulation, by contrast, aims at explanation and engages directly with the Mechanistic or Causal
structure. Hybrid physics—Machine Learning systems may combine Statistical components with
Mechanistic constraints, resulting in mixed representational forms. Recognizing ocean models as
epistemic surrogates (i.e., tools that stand in for the ocean for specific purposes) helps prevent the
conflation of predictive success with explanatory truth (Parker, 2009)

340 Furher, PO increasingly operates through integrated model-data systems: data assimilation
frameworks, reanalysis products, coupled atmosphere—ocean configurations, and multi-source
observational synthesis (e.g., Carrassi et al., 2018). These systems do not merely compare model with
observation; they recursively combine observational inputs, model dynamics, statistical adjustments, and
parameterized processes into unified computational architectures (e.g., Parker, 2017). While this

345  integration enhances internal consistency and model skill, it simultaneously generates epistemic
dependencies between data, models, and inferential procedures that weaken the independence of evidence
and complicate the interpretation of model success, thereby requiring explicit methodological scrutiny
(e.g., Winsberg, 2010).

We consider the hybrid nature of reanalysis products. Indeed, observations embedded in the model

350  are rarely "raw givens": they are processed through inversion schemes, filtering procedures, calibration
pipelines, and theoretical assumptions (theory-ladenness). The reliability of these observational inputs
ultimately depends not only on formal calibration procedures but also on tacit experimental expertise
embedded in measurement practices (Polanyi, 1966). Assimilation systems then incorporate these
processed products into dynamical models, which themselves embed parameterizations and structural

355  idealizations (e.g., Storto et al., 2019). Reanalysis fields are therefore hybrid constructs: neither purely
empirical (the observations) nor purely theoretical (the model). For this reason, in terms of the epistemic
axes defined above, a reanalysis should typically occupy a hybrid position: it serves a Descriptive aim
(i.e., reconstructing past ocean states) but relies on a representational form that blends Statistical
components (the assimilation schemes) with a Mechanistic core (the dynamical model).

360 An important implication is the need to shift from field-based validation to process-oriented
evaluation. Agreement between reanalysis outputs and observational fields may not necessarily reflect
the accuracy of the underlying physical representation, but rather the constraints imposed by data
assimilation (e.g., Carrassi et al., 2018; Talagrand, 1997). As a result, empirical correspondence alone is
insufficient to establish model adequacy: data assimilation can compensate for model deficiencies by

365  continuously correcting state variables toward observations, producing empirically adequate fields even
when the underlying physical representation remains incomplete or partially incorrect (Storto et al., 2019).
A more robust evaluation complements traditional state-based metrics by assessing the consistency of
simulated processes with theoretical and physical expectations. While reanalysis products are typically
validated through agreement with observations, such agreement may be influenced by data assimilation,

370  which constrains model states toward available measurements. A process-oriented evaluation (e.g.,
energy budget, momentum balance), therefore, provides an additional and partially independent line of
evidence, focusing on whether the simulated ocean reproduces the governing dynamical relationships and
balances, rather than only matching observed fields. Such an approach does not rely solely on agreement
with assimilated data, but evaluates whether the underlying dynamical structure of the solution is

375  physically meaningful and internally coherent. This aligns with the view that scientific understanding
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depends on capturing relevant mechanisms, not merely reproducing observed states (e.g., Weisberg 2013;
Potochnik 2017).

5 Evaluating scientific progress

Scientific progress in PO cannot be understood as a steady refinement of models or an accumulation of

380  more accurate observations alone; it unfolds within broader research programmes that organise problems,
methods, and standards of evidence. Because marine sciences are a constellation of interacting disciplines,
each with its own commitments and assumptions, evaluating PO progress requires tools that capture this
diversity while clarifying how physical oceanographers generate, stabilise, and transform knowledge. We
use two classical accounts of scientific change (Kuhn’s and Lakatos’s) to characterise the dynamics of

385  theory, modelling, observation, and anomaly-handling in PO. We use them as complementary lenses, not
as independent confirmations of one another.

5.1 Kuhnian reading
Kuhn’s account (Kuhn, 1962) rests on the idea that scientific knowledge develops within paradigms
(coherent sets of exemplars, methods, instruments, and values) that structure a community’s
puzzle-solving activity and define what counts as a meaningful problem, a valid result, and a form of
390  progress. A crisis arises when persistent anomalies accumulate until the existing paradigm can no longer
absorb them, creating pressure for conceptual change. Kuhn stresses that accurate, reproducible
measurement is central to puzzle-solving and that observations are theory-laden.
On this reading, PO is in a mature phase of normal science: a community working within shared
exemplars (e.g., rotating, stratified fluid dynamics; numerical models; data-assimilation practice;
395  observational strategies) and a disciplinary matrix of symbols, methods, tools, and values that guide
puzzle-solving rather than paradigm fights. PO has passed through paradigm-like episodes; for instance,
the adoption of the geostrophic balance (e.g., Sverdrup et al., 1942), the rise of numerical modelling, now
coupled within Earth system models (e.g., Bryan, 1969), or the use of spectral models for wind-wave
studies (Gelci et al., 1957).

400 The map of Sect. 3.2 is consistent with a broadly normal science: sustained puzzle-solving,
increasing precision of representations, and systematic extension of established theories to new scales and
regimes, with theory choice governed by shared epistemic values rather than radical discontinuity.
Anomalies do emerge, for instance, in unresolved multiscale processes (e.g., submesoscale—mesoscale
coupling, wave—current interactions, air—sea flux parameterisations) and in the rising prominence of data-

405  rich observing systems, but they remain local and tractable within the existing framework. The picture is
one of evolution through consolidation and hybridisation, rather than revolutionary change.

5.2 Lakatosian reading
Lakatos (Lakatos, 1978) would frame PO as a research programme with a hard core (e.g., conservation
laws, rotating stratified fluid dynamics, continuum and hydrostatic approximations) and a protective belt
of auxiliary hypotheses and methods (e.g., parameterisations, boundary conditions, numerics, data-
410  assimilation and ensemble systems, physics-informed machine-learning methods), guided by a negative
heuristic (“do not attack the core”) and a positive heuristic (“how to extend models and tests”). One can
read PO as several interacting programmes: a geophysical-fluid-dynamics core, an empirical/statistical
programme, and a model—data integration programme. A programme is progressive when changes in the
protective belt increase theoretical content and yield novel predictions that are subsequently corroborated
415  (e.g., out-of-sample skill on extremes, cross-regime portability, new observable diagnostics); it is

10



https://doi.org/10.5194/egusphere-2026-4208
Preprint. Discussion started: 21 August 2026 EG U
sphere

(© Author(s) 2026. CC BY 4.0 License.

degenerative when updates are largely ad-hoc patches to fit known data (e.g., hindcast tuning, site-specific
knobs) without new, independently corroborated success.
On this reading, PO appears as a robust programme with an intact hard core, within which most
innovation occurs in the protective belt. The core commitments remain stable. The tendencies shown in
420  Sect. 3.2 are naturally interpreted not as challenges to the hard core but as adaptations within the belt:
refinements of parameterisations, boundary conditions, and data-assimilation schemes. PO thus reads as
a progressive but internally differentiated programme, in which innovation occurs mainly through the
modification and extension of auxiliary structures rather than the revision of foundational principles.
What the two readings share and what they do not deserve explicit clarification. The Kuhnian and
425  Lakatosian interpretations arrive at broadly similar conclusions, namely a stable core with innovation at
the periphery, because they are applied to the same disciplinary material; their agreement should therefore
not be mistaken for independent corroboration. Their value lies less in converging on a single diagnosis
than in articulating different dimensions of knowledge production in PO. The Lakatosian reading can be
made to do more than run in parallel with the map introduced in Sect. 3.1: the two structures are plausibly
430  coupled. The hard core anchors the Aim axis; because these commitments remain unrevised, Explanatory
claims retain their epistemic grounding, and the precedence Descriptive — Explanatory — Predictive
holds as a stable dependency. The protective belt, by contrast, is where most of the movement occurs,
and that movement is legible along the Form axis: refined parameterisations, assimilation schemes, and
machine-learning surrogates shift a study's representational form toward the Statistical pole without
435  touching the hard core's Mechanistic content. On this reading, the plausible rise in Descriptive—Statistical
work and the relative decline in Mechanistic framing are not symptoms of a weakening core, but exactly
what a progressive programme looks like when its innovation is concentrated in the belt (that's classic
belt material: it's revised constantly, that's what "protective belt" means).

5.3 Beyond research programmes: the epistemic role of exploratory observation

While Kuhnian and Lakatosian frameworks capture the structured evolution of theory and models, they
440  only partially account for phases in which the objects of inquiry themselves are not yet stabilised. In PO,

these correspond to exploratory observational practices that precede and enable the formation of a

research program (Feest and Steinle, 2012; Steinle, 1997). Exploratory experimentation is used to

describe research that probes a domain before stable theories, or even settled concepts, are in place.

The oceans, vast, sparsely sampled, intermittently forced, and highly non-linear environment,
445  naturally lean on this style. Historically, this has corresponded to early stages where researchers are not
yet sure what the dominant scales, governing balances, or relevant descriptors of a system might be (e.g.,
Stewart, 2008). This emphasis on exploratory practice is consistent with the long-standing observation
that technological innovation often precedes conceptual consolidation in oceanography. As Walter Munk
put it in a recorded interview, "I have the basic conviction that most of the progress that's been done in
450  oceanography was the result of applying some new technology, not because somebody had some great
new ideas. A new technology almost always leads to a new understanding, and I think it's a perfectly good
way to go" (Munk, 2008). This suggests that new observational capabilities frequently shape the very
questions that can be asked. Observational programs often begin with broad, instrument-led surveys (e.g.,
hydrographic sections, glider transects, satellite-derived surface fields, moored arrays) that iterate on
455  calibration, metadata standards, and field protocols to render phenomena tractable (see, e.g., the European
https://marine.copernicus.eu/access-data/). Such descriptive campaigns help identify regimes (e.g.,
wind-driven vs buoyancy-driven flows), scales (e.g., synoptic vs mesoscale vs submesoscale variability),
and invariants (e.g., potential vorticity structure, water-mass fingerprints, spectral slopes) before moving

into explanatory or predictive phases.

11
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460 The present day for PO is a period where observational practice, instrumentation, and nascent
theory co-evolve (exploratory work in PO is often theory-informed without being theory-driven),
generating new epistemic objects and establishing evidential standards appropriate to a fluid environment
shaped by intermittency and multi-scale coupling. Yet the enterprise remains open-ended and receptive
to the unanticipated: for example, the discovery of unforecast internal tide beams, unexpected cross-shelf

465  exchanges during storm events, or abrupt regime shifts in the mixed layer revealed by sustained mooring
records. Many such findings arise from platforms (e.g., ARGO floats, biogeochemical floats, HF radar
fields, turbulence microstructure profilers) designed not only to test hypotheses but to broaden the space
of observable behaviours.

5.4 Induction, uncertainty, and the limits of empirical knowledge

PO is fundamentally empirical. Climatologies, spectral descriptions, return periods of extreme events,
470  and parameterisations used in numerical models are all constructed by generalising from observations:

buoy records, satellite altimetry, radar measurements, and field campaigns. From a finite time series,

scientists infer statistical regularities and project them into the future or into unobserved regions. Inductive

reasoning is, therefore, unavoidable.

The problem of induction arises because there is no purely logical guarantee that patterns observed

475  in the past will continue to hold (Hume, 1748). For instance, the fact that the significant wave height has

followed a certain distribution over the last decades does not logically entail that it will do so tomorrow

or under altered climatic conditions. In PO, this difficulty is exacerbated by the fact that the ocean is not

a closed, stationary system: it is influenced by atmospheric forcing, boundary conditions, and long-term

climate variability. Thus, inductive knowledge in PO is always provisional, resting on the assumption that

480  the processes are sufficiently stable for past regularities to remain informative. This assumption is

methodological rather than logically demonstrable. The problem becomes particularly acute in the study

of extreme and rare events (Gumbel, 1958), such as rogue waves or centennial storms: by definition, these

events lie in the tails of probability distributions where observational data are sparse, and inductive
inference is stretched far beyond the range of direct experience.

485 The implication is not that inductive inference should be abandoned, but that its epistemic status
must be made explicit. Many central constructs in PO are best understood as conditional summaries of
past observations, whose validity depends on assumptions of stability, representativeness, and scale
separation. These assumptions are rarely testable in a strict sense and are often violated in a system
characterised by non-stationarity, intermittency, and regime transitions; apparent precision in statistical

490  descriptors can therefore mask deeper epistemic fragility.

Within our framework, inductively derived knowledge typically occupies the Descriptive—

Statistical domain but is frequently extended toward Predictive claims without a corresponding increase

in Explanatory or Mechanistic grounding. Recognising this mismatch shifts the evaluation of

oceanographic knowledge from the accuracy of numerical outputs alone to the conditions under which

495  generalisations are warranted. Inductive reasoning remains unavoidable, but it must be accompanied by

explicit statements of scope, assumptions, and limits, particularly when extrapolating beyond observed
regimes.

6 Case study: the wind-wave spectrum as an epistemic construct

The purpose of this case study is not to refine theory or improve existing formulations, but to make explicit
500 the epistemic commitments embedded in a representation that PO treats as routine. The wind-wave
spectrum is a paradigmatic case: it is widely used as a primary descriptor of sea-state (i.e., the ocean

12
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surface elevation field under the forcing of winds) variability and as a bridge between observations,

theory, and models, yet its status as knowledge is rarely examined beyond its operational success. In this

section, we analyse the wave spectrum as an epistemic construct. The goal is to clarify the conditions
505  under which the wave spectrum constitutes reliable knowledge.

6.1 Definition

In PO, the wave spectrum can be understood as a transformation of the space-time sea-surface elevation
field n(x,y,t) into a representation that describes how variance (or energy) is distributed across
frequencies and spatial scales, denoted as S(w, ky, k). The concept of the wave spectrum was introduced
in wave studies to transform the intrinsically irregular, stochastic 3D sea surface (an example is given in

510  Figure 1) into a formal and communicable representation of the physical sea state as an energy
distribution, thereby enabling statistically grounded inference, intercomparison, and prediction (Gelci et
al., 1957; Longuet-Higgins, 1952).

Figure 1: View of an irregular sea-surface elevation field 77(x, y) at a given time (photo credit: Alvise Benetazzo).

515 Without loss of generality, we consider the frequency spectrum S(w) obtained from the analysis
of the time record 1 (t) measured at a fixed sea-surface location (x,, y,), for instance, as it is operational
by traditional wave gauges. Mathematically, the wave spectrum is defined by the Fourier transform of

n(t):
X(@)=[Tn® e7rdt, (1)
or for a finite record (of duration 7)
Xp(w) = [7,n(®) e7@tde,  (2)
520  through which the spectral density function is given by:
S(@) = lim - 1 Xp(@) 2. (3)

The function S(w) assigns to each angular frequency w (units in rad/s) the proportion of total variance
(units in m?) carried by waves at that frequency (see the example in Figure 2 for a finite-time T wave
record), and it satisfies the equality:

fooS(a))d(u=a,§, (4)
0

meaning that its integral equals the total variance 7 = (1*) of the sea surface elevation (square brackets
525  denote ensemble average).

13
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Figure 2: (left) Example of 30-minute wave time record 77(t) and (right) estimate of the variance spectrum S
(logarithmic scale). For reference to the data source and analysis, the reader is referred to Benetazzo et al. (2025).

530 The use of the spectrum for ocean wind waves is legitimate, to leading (linear) order, because the
linearised free-surface equations admit sinusoidal solutions (Airy, 1845; Stokes, 1847), and superposition
makes this representation legitimate, since the sum is still a solution of the linearised free-surface
equations. An irregular ocean surface can thus be represented as a superposition of harmonic components,
and the spectrum is the natural way to describe how the wave variance/energy is distributed among those

535  frequencies (e.g., Cavaleri et al., 2007; Holthuijsen, 2007; Ochi, 1998).

6.2 A view along the two axes
The wave spectrum is statistical by construction, yet PO often treats it as if it could support causal or even
mechanistic explanations. Viewed along the statistical axis, the spectrum is a distribution of variance: it
records how energy is arranged across frequency (and direction, in its more general form). Although
constraints imposed by physical processes are indirectly reflected in its shape, it does not, by itself, encode
540  physical mechanisms, temporal ordering, or causal relations. When the spectrum is embedded along the
mechanistic axis, however, through source terms and the wave-energy balance equation (Gelci et al.,
1957), it becomes linked to dynamical processes such as wind input, nonlinear transfers, and dissipation
(Cavaleri et al., 2007, Komen et al., 1994). In this sense, the spectrum can participate in causal
explanation, not because it is itself causal, but because a mechanistic model makes it the state variable
545  through which causal dynamics are represented.

6.3 Does the Spectrum-Truth Exist?

In PO, the spectrum is often treated as a fundamental descriptor of variability, from turbulence to internal

waves. Yet, it is not directly measured: instruments record finite time series or spatial samples, while

spectra arise only through transformations and assumptions (Bendat and Piersol, 2010; Percival and

Walden, 1993; Thomson and Emery, 2014). The spectrum is therefore a model-mediated inference rather
550  than a raw observable. This raises a question central to the philosophy of science: does the spectrum

reflect an intrinsic property of the ocean, or does it primarily express the analytical framework imposed

upon the data (Bokulich and Parker, 2021; Hacking, 1983; Kuhn, 1962)?

The derivation of the frequency spectrum S relies on the following steps:

Measurement. A time series 77(t) or spatial maps 7(x, y, t) of sea surface elevation is obtained through
555 buoys, radars, lidars, or optical methods. These instruments do not measure the spectrum; they provide

samples of 7.

Assumptions. Spectral estimation requires:

14
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o Ergodicity (time averages equal ensemble averages). No finite realisation of sea-surface elevation

can demonstrate that its time averages truly converge to ensemble averages; ergodicity is thus a

560 methodological idealisation imposed to justify treating a single record as if it represented the
whole statistical ensemble.

o Stationarity (statistical properties invariant over the measurement window). We can detect
deviations from stationarity but cannot strictly verify it for finite records, and approximate
stationarity can be assessed empirically; the assumption of stationarity is not regarded here as

565 anything more than a pragmatic construct.

e Linear superposition (the sea state decomposable into independent harmonic components). This
decomposition is not directly observable and rests on the linear approximation, an idealisation
justified under weakly nonlinear conditions but not universally valid, which renders nonlinear,
phase-coupled dynamics artificially treatable within a spectral framework.

570 e Random, uniformly distributed phases. Assuming the phases are independent and uniformly
distributed on [0,27) makes the cross-terms in expectation (n%) vanish. It is important to separate
two distinct justifications here: the partition of variance into a sum of component variances follows
already from the orthogonality of distinct Fourier frequencies over a finite record and does not,
by itself, require any phase assumption; the random-phase assumption is the additional hypothesis

575 that yields Gaussianity of n(t) and the familiar wave-height statistics. Epistemologically, the
random-phase assumption plays a dual role: (i) it is a structured claim about ignorance, since we
do not model phases deterministically, but claim they are effectively decorrelated; and (ii) it yields
testable consequences, under linear superposition with random phases, 1n(t) tends toward
Gaussianity, and wave-height statistics follow known laws, which are empirically confrontable

580 even when phase-resolved prediction is not.

Mathematical transformation. The spectrum is estimated through Fourier-based methods (Cooley and

Tukey, 1965; Welch, 1967). Because the Fourier transform is formally defined for signals of infinite

duration (i.e., the observation interval T — 00), any spectrum derived from a finite and discrete marine

record inevitably reflects not only the ocean dynamics but also the limitations introduced by truncation,
585  sampling, and the implicit periodic extension associated with practical Fourier methods.

Under these assumptions, the estimated spectrum is a conditional, model-dependent
representation rather than a directly observable quantity. This does not render the target unreal: the
second-order statistical structure that the spectrum encodes is a genuine property of a (statistically
idealised) sea state, and the random-wave model yields empirically testable predictions. What is model-

590  mediated is the estimator, not the existence of an underlying second-order structure. Accordingly, the
routine phrase "observed wave spectrum"” (Collins et al., 2025) is more accurately rendered as “wave
spectrum inferred from observations”: the change is terminological, but disciplines the claim being made.

6.4 What the spectrum captures and what it omits

Despite its inferential nature, the wave spectrum S(w) contains a concentration of information about the

sea state: statistically persistent scales (e.g., Ochi, 1998); characteristic time scales, for instance, such as
595  peak period or spectral width (e.g., Young, 1999); wind-wave growth stage (young, developing, or fully

developed) and fetch dependence (Hasselmann et al., 1973); presence of multiple wave systems (swell—

wind sea superposition; e.g., Portilla et al., 2009); evidence of nonlinear energy transfer (e.g., Komen et

al., 1994). When the full space-time sea-surface elevation field n(x,y, t) is considered, the statistical
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spatio-temporal energy distribution across frequencies and wavenumbers is similarly informative (e.g.,
600  Leckler et al., 2015).

Epistemologically, the spectrum embodies the belief, physically grounded in linear wave theory,
that much of the dynamically significant information in the sea state is captured by the distribution of
energy across harmonic modes. It therefore functions as a compressed representation of ocean surface
variability. However, this compression is selective: it prioritises quantities that are predictable under

605 linear superposition and treats others as negligible or inaccessible. Consequently, the wave spectrum
S(w) necessarily omits several aspects of real wave fields:

e Local phase information. The Fourier wave spectrum contains only variance and autocorrelation
(second-order statistics), so it cannot describe the specific arrangement of waves in time, wave
groups, or coherent structures (e.g., Longuet-Higgins, 1984).

610 o Strong wave—wave nonlinear interactions. Phenomena such as transfer of energy between waves,
modulational instability, and bound harmonic generation arise from nonlinear interactions among
wave components that depend on phase coherence and higher-order statistical properties (e.g.,
Maestrini et al., 2026). The wave spectrum cannot represent phase correlations or higher-order
moments and therefore cannot describe or diagnose these nonlinear processes.

615 o Wave breaking. Wave breaking is a strongly nonlinear and intermittent process tied to local crest
instability, turbulence, and dissipation. As it depends on phase-resolved dynamics, wave grouping,
and local steepness exceeding a threshold, it cannot be determined from the wave spectrum alone
(e.g., Malila et al., 2022). While spectral properties may provide statistical estimates of breaking
probability, the occurrence and structure of individual breaking events are not directly inferable

620 from the spectral shape.

The implication is that the wave spectrum is not a complete description but a deliberate abstraction,

designed around what is most stably measurable and predictively useful under linear theory; knowledge

extracted from it is therefore partial and theory-dependent. Contemporary spectral-wave models built on

the Fourier spectrum are a pragmatic compromise: they retain sufficient physical grounding and

625  computational tractability while providing a useful, if inherently selective, description of wave dynamics.

Alternative representations are designed to capture physical features that the standard spectral

framework tends to suppress or average out. For instance, time—frequency methods, such as wavelets

(Daubechies, 1990), relax the assumption of stationarity and reveal the temporal evolution of sea states

and transient wave groups. Higher-order measures, such as bispectra, capture phase relationships and

630 nonlinear interactions invisible to variance-based spectra (Kim and Powers, 1979). Fully adaptive

methods such as empirical mode decomposition (Huang et al., 1998) relax both stationarity and linearity

by decomposing the signal into intrinsic mode functions based on local time scales. These approaches do

not invalidate the common spectral framework; rather, they highlight that it is a selective projection of

the sea state, privileging certain aspects of variability while neglecting others. From an epistemological

635  standpoint, the choice of representation determines which features of ocean dynamics become visible,
measurable, and ultimately knowable.

6.5 Dependence and partial circularity in wave-model validation

A central issue arises when, as a common practice, ocean observations and spectral representations are

used as the basis for wave-model validation (Komen et al., 1994); indeed, the comparison between model

output and observational estimates is not fully independent. While both aim to describe the same physical
640  object (i.e., the ocean surface elevation spatio-temporal field), they rely on a shared representational
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framework rooted in common idealisations. We have highlighted that observational spectra are not direct
measurements but are inferred from finite records through transformations that already embed these
assumptions. Similarly, spectral-wave models are formulated in terms of energy distributions over
frequency space, adopting the same conceptual structure. As a result, the agreement between modelled

645  and observed spectra (or their integral parameters) does provide evidence of consistency and model skill,
but primarily within the confines of this shared framework. It does not, by itself, constitute an independent
test of the validity of the underlying assumptions that define the representation. This introduces a form of
partial circularity: model validation assesses the coherence of two implementations of the same
conceptual lens, rather than directly confronting that lens with assumption-free observations. The

650  epistemic risk is not that model validation becomes meaningless, but that it may overstate the extent to
which spectral agreement confirms the underlying physical description of the ocean.

7 A diagnostic reporting template for knowledge claims

Operationalising the perspectives described above allows a physical oceanographer to ask a more
demanding question than whether a numerical model’s correlation coefficient or bias improved. The

655  relevant issue becomes whether a framework exhibits heuristic power: whether it guides inquiry toward
new explanatory ocean structures and previously unobserved regimes, rather than merely optimising
agreement within known data. Progress, in this view, is measured not only by predictive accuracy but by
the capacity of a framework to enlarge the space of testable possibilities.

To make this assessment communicable, we propose an epistemic reporting protocol that

660 classifies a PO study along the two epistemic axes and lists its primary validation criterion and payoffs.

The diagnostic tool can be used to classify a research study to tell what kind of knowledge it produces

(Descriptive, Predictive, Explanatory; Statistical, Causal, Mechanistic) and where it sits in the conceptual

space of PO knowledge. The matrix is not a classificatory grid with rigid boundaries, but a heuristic

device. Its purpose is to clarify the nature of the claim being made and the type of justification supporting

665 it. In practice, most PO studies occupy intermediate or hybrid positions, whose precise location depends

on how results are constructed, interpreted, and applied. The aim of the framework is thus not to police

scientific language, but rather to discipline epistemic claims by rendering their underlying structure
explicit. A possible structure is (multiple selections allowed per block):

e Methods: Observations; Numerical Models; Data Assimilation; Machine Learning; Laboratory

670 Experiments; Other.

o Epistemic Aim: Descriptive (low/moderate/high); Predictive (low/moderate/high); Explanatory
(low/moderate/high).

o Structural Form: Statistical (low/moderate/high); Causal (low/moderate/high); Mechanistic
(low/moderate/high).

675 e Payoff / Outcome: New descriptive regularity; Improved prediction skill; Identified causal pathway;
Mechanistic understanding; Anomaly discovery; Generalizability/scale-awareness; Decision-support
relevance; Tacit/procedural expertise codified; Other.

o Fit-for-Purpose (Adequacy-for-Purpose) Assessment: Operational forecasting; Long-term projection;
Mechanistic inference; Theory development; Policy/decision support; Exploratory science; Other.

680 e Validation Criteria: Consistency (multi-sensor agreement, reprocessing stability); Out-of-sample

predictive tests; Process/energy/budget closure; Counterfactual model experiments; Cross-regime or

cross-region transferability; External/independent datasets; Internal vs. external model consistency;
Other.
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e Limits: Sampling limitation (finite, sparse, uneven data); Representation dependence (results depend
on chosen framework, e.g. spectrum); Assumption sensitivity (stationarity, linearity, ergodicity);
Model structural uncertainty (parameterisation, closure choices); Scale limitation (lack of cross-scale
validity); Nonstationarity (changing forcing / climate regime); Extrapolation risk (beyond observed
range, especially extremes); Methodological dependence (filtering, processing choices); Mechanistic
incompleteness (no causal/process resolution); Interpretability limitation (opaque or hybrid models);
Context dependence (valid only for specific regions/regimes); Other.

685

690

7.1 Worked examples

Placed side by side, the two fillings shown here occupy nearly opposite regions of the map, which is
exactly the discrimination the template is meant to make legible to a reader, a reviewer, or a decision-
maker. We propose that such a diagnosis be appended to scientific papers to communicate the epistemic
status of their results, the assumptions on which they rely, and the scope within which their claims can be
considered reliable, by promoting transparency, comparability, and a more critical evaluation of
knowledge production in PO. It is in this communicative function that the framework is intended to be

695

useful.

Maestrini, D., Dematteis, G., Benetazzo,
A.: Revealing wave-wave resonant
interactions in ocean wind
waves. Communication Physics 9, 193 (2026).
(Maestrini et al., 2026).

Moldovan, G., Pinnington, E., Prieto Nemesio, A.,
Lang, S., et al.: AIFS Single 1.1.0: an update to
ECMWF's machine-learned weather forecast
model AIFS. Geoscience Model Development 19,
4703—-4724 (2026). (Moldovan et al., 2026).

Methods: Observations (primary: in situ /
stereoscopic measurements); Data processing
and spectral analysis techniques.

Methods: Machine Learning (data-driven model);
Observations  (training and validation data);
Numerical models; Statistical learning and
optimisation techniques.

Epistemic Aim: Explanatory (high): mechanism
governing nonlinear energy transfer across
scales; Descriptive (moderate); Predictive (low).

Epistemic Aim: Predictive (high): accurate mapping
between inputs and outputs; Descriptive (moderate);
Explanatory (low).

Structural ~ Form:  Mechanistic  (high):
identification of nonlinear interaction processes;
Statistical (moderate); Causal (moderate).

Structural ~ Form: Statistical ~ (high):  learned
functional relationships; Causal (low); Mechanistic
(low—moderate).

Payoff | Outcome: Mechanistic understanding;
Identification of a causal pathway for energy

Payoff |/ Outcome: Improved prediction skill
(primary); New descriptive regularities; Possible

consistency; Confrontation with independent
observational evidence.

transfer; Resolution of a long-standing | anomaly detection; Tacit knowledge embedded in

theoretical problem trained model parameters.

Fit for Purpose: Mechanistic inference | Fit for Purpose: Operational forecasting (strong, if

(primary); Theory development. generalisation holds); Exploratory data-driven
science; Decision support.

Validation Criteria: Process/energy | Validation Criteria: Out-of-sample predictive tests;

External/independent datasets; Consistency across
datasets; Cross-regime generalisation.

Limits: Sampling limitation (finite,
context-specific observations); Representation
dependence (spectral framework); Assumption
sensitivity (e.g. weak nonlinearity, resonance
conditions); Scale limitation (restricted range of
resolved scales); Methodological dependence
(reconstruction and processing techniques);

Limits: Sampling ~ limitation  (training  data
constraints); Representation dependence (model
architecture, feature space); Assumption sensitivity
(training distribution, stationarity); Generalisation
failure (out-of-distribution / regime shifts);
Extrapolation risk (extremes, climate change);
Methodological dependence (training procedure,);
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Context dependence (specific sea states and | Interpretability limitation (opaque models); Weak
forcing conditions); Mechanistic | causal identifiability; Context dependence (valid
incompleteness (focus on a subset of processes). | only within training domain).

Table 3: Worked examples of the proposed epistemic reporting template. The table compares a

700  mechanistic/explanatory oceanographic study and a statistical/predictive machine-learning forecasting study,
illustrating how different research approaches occupy distinct positions within the proposed epistemic
framework.

8 Conclusions

Physical Oceanography operates under intrinsic epistemic constraints: sparse and heterogeneous

705  observations, strong nonlinearity, multiscale interactions, and pervasive model mediation. In this context,
knowledge cannot be understood as a direct representation of the ocean, but as a constructed, conditional,
and evolving synthesis of measurements, theory, and numerical modelling. We have argued that making
these conditions explicit is necessary for clarifying what oceanographic knowledge means, how it is
justified, and where its limits lie.

710 We proposed a two-dimensional map to characterise knowledge in Physical Oceanography along
the axes of epistemic aim (Descriptive, Explanatory, Predictive) and representational form (Statistical,
Causal, Mechanistic). The map situates results within a structured epistemic space, rather than treating
all forms of knowledge as equivalent. Our exploratory reading of Journal of Physical Oceanography
abstracts (1995 vs 2025) is consistent with a field whose aims remain predominantly explanatory while

715  its representational form has diversified toward statistical and hybrid approaches, with a relative decline
in the share of mechanistically framed work in the sampled corpus. We stress that this reading is
illustrative, not a measured trend: it is offered as a hypothesis-generating use of the map, subject to the
validation caveats. We further examined the epistemic status of models and observational systems,
highlighting their interdependence and the role of assumptions in shaping both data and interpretation.

720  The case study on wind-wave spectral representation illustrated how widely used constructs embed
specific idealisations and may introduce partial epistemic circularity in validation, insofar as models and
observations are compared within a shared representational framework. This does not invalidate such
comparisons, but it constrains their interpretive power: agreement demonstrates consistency within a
framework, rather than independent confirmation of its assumptions.

725 Against this background, we introduced a diagnostic reporting template designed to make explicit
the epistemic structure of individual studies. By systematically identifying methods, aims,
representational forms, epistemic payoffs, fit for purpose, validation criteria, and limits, the template
shifts the evaluation of scientific work from a narrow focus on performance metrics toward a broader
assessment of heuristic power, scope, and robustness. In this view, scientific progress in Physical

730  Oceanography is not measured only by improved prediction or reduced error, but by the ability of a
framework to generate new testable hypotheses, reveal previously unobserved regimes, and deepen
mechanistic understanding. The implications of this approach are both methodological and practical.
Explicitly stating assumptions, limits, and the scope of applicability can improve transparency, facilitate
comparison between studies, and reduce the risk of overinterpretation, particularly in contexts involving

735  extrapolation or decision support. More broadly, recognising the inductive and model-dependent nature
of oceanographic knowledge provides a more realistic and robust foundation for communicating
uncertainty and assessing the reliability of scientific claims.
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Finally, while developed here for Physical Oceanography, the framework may be transferable to

other domains within the marine sciences, where similar challenges arise from complexity, limited

740  observability, and model-mediated inference. By treating epistemology not as an abstract reflection but

as an operational component of scientific practice, this work aims to contribute to a more explicit,

disciplined, and practically useful understanding of knowledge production in a complex environmental
system.

745
Data and Code Availability

The study does not involve the generation of original datasets or research software. The work is based on
published literature and on a corpus of Journal of Physical Oceanography abstracts used for the
exploratory classification presented in Sect. 3.2. The classification was performed using Microsoft

750  Copilot (GPT-5) following the decision rules described in the manuscript. Because no dedicated software
package or reusable code was developed for this analysis, no code repository is available. Information
regarding the corpus and classification procedure can be obtained from the corresponding author upon
reasonable request.
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