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Abstract: Biodiversity informatics has substantially improved access to taxonomic names and species occur-
rences, yet functional trait knowledge remains severely constrained by the Raunkizran shortfall: traits are
sparse, weakly standardized, rarely specimen-anchored, and poorly suited for inference under rapid global
change. We argue that this limitation is not primarily a data-availability problem, but an infrastructure problem
- specifically, a persistent gap between digitized biodiversity evidence and reproducible trait synthesis. Here,
we outline a practical pathway for bridging this gap grounded in a coherent project lineage. FishNet 2 provides
a specimen-backed foundation for geographic discovery and distributional inference. FishAIR establishes qual-
ity-aware, standardized, and Al-ready representations of specimen imagery. Biology- and hierarchy-guided
machine learning, developed through BGNN and Imageomics, enables interpretable, scalable phenomic ex-
traction. Specimen-anchored synthesis efforts, including Morphological Barcoding and the Global Fish Trait
Atlas, translate extracted phenotypes into population-aware trait reference models that preserve provenance,
intraspecific variation, and uncertainty. We further situate this architecture within a broader observatory frame-
work, the Living Environmental Phenomics Observatory, and generalize its principles through AIDEN-SD as a
model for interoperable, Al-ready data products. Together, this lineage reframes traits as infrastructure-derived
ecological observables, enabling trait-based ecology, conservation, and global change ecology, including cli-
mate-impact assessment, at scales commensurate with rapid environmental change.
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BI1ODIVERSITY KNOWLEDGE SHORTFALLS REVISITED

Comprehensive biodiversity information underpins
efforts to describe, monitor, and manage life on Earth, par-
ticularly under accelerating global environmental change.
Biodiversity informatics has developed as a response to
this challenge by mobilizing primary biodiversity data,
improving access to specimen and occurrence records,
and creating infrastructures for large-scale ecological and
evolutionary inference (Nelson and Ellis, 2019; Page et
al., 2015). Foundational work in biodiversity informatics
emphasized that biological collections, taxonomic names,
occurrence records, and environmental context must be or-
ganized into interoperable systems before they can support
robust biodiversity synthesis (Arifio, 2010; Nelson and El-
lis, 2019; Soberon and Peterson, 2004). Within this broad-
er context, Hortal et al. (2015) articulated a framework of
seven biodiversity knowledge shortfalls, including gaps
related to taxonomy (Linnean), geographic distributions

(Wallacean), abundance (Prestonian), ecology (Hutchin-
sonian), traits and functions (Raunkieran), evolutionary
history (Darwinian), and species interactions (Eltonian).
This framework has become foundational in biodiversity
informatics, providing a common language for diagnosing
progress and persistent barriers (see also Chapman et al.,
2024).

Over the past two decades, substantial advances have
been made in addressing some of these shortfalls. Large-
scale data infrastructures such as Global Biodiversity
Information Facility (GBIF) and Catalogue of Life have
dramatically reduced barriers (Edwards et al., 2000) to
accessing taxonomic and occurrence data, contributing to
meaningful progress in mitigating Linnean and Wallacean
gaps. Similarly, domain-specific resources such as Fish-
Base have consolidated decades of expert knowledge on
species ecology, life history, and distribution, enabling
synthesis at global scales that were previously infeasible.
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While these initiatives do not eliminate all taxonomic or
geographic biases, they represent transformative steps to-
ward more complete and interoperable biodiversity infor-
mation.

Parallel to advances in biodiversity digitization, trait-
based ecology has emerged as a major framework for un-
derstanding community assembly, ecosystem functioning,
biogeographic structure, and organismal responses to en-
vironmental change (Carmona et al., 2016; McGill et al.,
2006; Violle et al., 2007). Large-scale trait infrastructures
such as TRY, EltonTraits, AVONET, and FishBase have
substantially expanded access to functional information
across plants, mammals, birds, and fishes (“FishBase,”
2026; Kattge et al., 2020; Tobias et al., 2022; Wilman et
al., 2014). These efforts have enabled major advances in
functional ecology and comparative biodiversity research
by standardizing trait concepts and promoting more explic-
it functional interpretations of organismal characteristics
across ecological systems (Violle et al., 2007). At the same
time, growing interest in phenomics and image-based bio-
diversity analysis has stimulated development of automat-
ed and semi-automated trait extraction approaches across
multiple organismal systems, including plants, insects,
vertebrates, and agricultural phenotyping workflows (Car-
ranza-Rojas et al., 2017; Houle et al., 2010; Hoye et al.,
2021; Liirig et al., 2021; Younis et al., 2018).

Recent biodiversity cyberinfrastructure initiatives
have increasingly emphasized the concept of Digital Ex-
tended Specimens (DES), in which specimens function
as interconnected digital objects linked to derivative data
products, annotations, environmental context, and analyti-
cal workflows (Hardisty et al., 2022; Webster, 2017). Par-
allel advances in biodiversity data standards, semantic in-
teroperability, machine-actionable ecological data systems
and FAIR digital infrastructure have further strengthened
the capacity to integrate heterogeneous biodiversity infor-
mation across collections and analytical systems (Falster
et al., 2021; Walls et al., 2014; Wieczorek et al., 2012;
Wilkinson et al., 2016). However, scalable infrastructures
for generating reproducible, specimen-anchored function-
al trait representations remain comparatively underdevel-
oped within these emerging ecosystems.

In contrast, progress toward resolving the Raun-
kizran shortfall - the lack of quantitative knowledge about
organismal traits and functions - has been far more limit-
ed. Existing trait databases are typically derived from lit-
erature summaries, expert opinion, or coarse species-level
generalizations (Gongalves-Souza et al., 2023; Kattge et
al., 2020; Wilman et al., 2014). Such data are often sparse,
inconsistently defined, and weakly standardized across

taxa and regions. Empirical evaluations have also shown
that species-averaged trait databases may poorly represent
local or community-scale functional variation, particularly
for environmentally plastic traits, highlighting the limita-
tions of aggregated trait summaries for ecological infer-
ence (Cordlandwehr et al., 2013). Critically, they rarely
capture intraspecific variation, geographic structure, envi-
ronmental context dependency, or uncertainty (Albert et
al., 2011; Maitner et al., 2023), and they are seldom linked
explicitly to vouchered specimens. Recent ecological syn-
thesis work has further emphasized that biodiversity pre-
diction under incomplete and heterogeneous ecological
data remains strongly constrained by uncertainty propaga-
tion and data integration limitations (de Bello et al., 2025).
As a result, trait data remain difficult to validate, compare,
or scale, limiting their usefulness for trait-based ecolo-
gy, biodiversity modeling, and conservation planning.
Recent biodiversity informatics research has increasing-
ly emphasized that species-level trait summaries alone
are often insufficient for robust ecological and evolution-
ary inference because they obscure intraspecific varia-
tion, geographic structure, sampling context, and mea-
surement uncertainty. Emerging specimen-centered trait
frameworks instead advocate preserving direct linkages
between quantitative traits, individual vouchers, and as-
sociated metadata, allowing trait observations to remain
dynamically interpretable, reproducible, and extensible
across analytical contexts (Bakis et al., 2023; Balk et al.,
2022; Jebbia et al., 2023). Within this perspective, prove-
nance information, measurement protocols, life-stage an-
notations, environmental context, and specimen identifiers
become essential components of trait infrastructure rather
than supplementary metadata. Consequently, biodiversity
informatics systems designed to support large-scale phe-
nomic synthesis must preserve uncertainty, variability, and
specimen-level traceability while enabling interoperability
across collections, environmental datasets, and analytical
workflows.

This imbalance is striking given the parallel growth
of digitized biological collections. Natural history
museums now provide access to millions of georeferenced
specimens and images generated through large-scale
digitization initiatives and industrial-scale collection
mobilization efforts (Blagoderov et al., 2012; Nelson and
Ellis, 2019; Page et al., 2015) yet these resources have
not translated into commensurate advances in functional
trait knowledge. Recent syntheses have highlighted the
growing potential of artificial intelligence for addressing
biodiversity knowledge shortfalls through computer
vision, multimodal ecological modeling, automated
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Figure 1. Biodiversity knowledge shortfalls and the specimen-to-trait translation gap.

Major biodiversity data infrastructures have substantially reduced taxonomic and distributional shortfalls by mobilizing speci-
men-backed occurrence data. In contrast, the Raunkizran shortfall persists because functional traits remain weakly standardized, rare-
ly specimen-anchored, and poorly integrated with digitized collections. The highlighted specimen-to-trait translation gap represents

the structural barrier addressed in this study.

sensing, and machine-learning-assisted extraction of
biological information from images, audio, genomic, and
environmental datasets (Pollock et al., 2025). However,
most current Al applications remain focused on species
occurrence, classification, and ecological prediction rather
than specimen-grounded trait translation and validation
pipelines. We argue that this disconnect reflects a structural
bottleneck rather than a simple data deficit. Specifically,
biodiversity informatics lacks scalable, reproducible
infrastructure for translating specimens into quantitative
trait information (de Bello et al., 2025; Falster et al.,
2021; Hardisty et al., 2022) - a gap we refer to here as
the specimen-to-trait translation gap. Digitization efforts
have succeeded in mobilizing specimens and occurrences,
but without systematic mechanisms to extract, model, and
validate phenotypic traits from specimen-linked digital
resources (Castillo-Figueroa, 2018; Henning et al., 2018),
the Raunkieran shortfall persists and propagates into
related ecological and geographic knowledge gaps.

In this paper, we revisit biodiversity knowledge short-
falls through the lens of this translation bottleneck. We
synthesize recent advances in image-based phenomics,
biology-guided machine learning, and specimen-centered
data integration (Christin et al., 2019; Houle et al., 2010;
Liirig et al., 2021; Porto et al., 2021) to argue that clos-
ing the Raunkizran shortfall requires rethinking traits as
infrastructure-derived products rather than static literature

attributes. By reframing trait knowledge as a problem of
translation and integration, rather than availability alone,
we outline a pathway for bridging long-standing gaps in
biodiversity informatics and enabling more robust, spec-
imen-grounded analyses of biodiversity in a changing
world.

Rather than proposing additional categories of bio-
diversity knowledge shortfalls, we focus on translation-
al and infrastructural mechanisms that help explain why
the Raunkieran shortfall has persisted despite large-scale
digitization efforts (Gongalves-Souza et al., 2023; Hor-
tal et al., 2015). Figure 1 summarizes the position of the
Raunkizran shortfall within the broader landscape of
biodiversity knowledge gaps, highlighting how existing
infrastructures have substantially reduced taxonomic and
geographic shortfalls while leaving a persistent speci-
men-to-trait translation gap.

THE PERSISTENT RAUNKIZERAN SHORTFALL

Over the past two decades, biodiversity informatics
and trait-based ecology have substantially expanded the
availability of functional biodiversity data through global
databases, digitized collections, and comparative synthe-
sis efforts. Resources such as TRY, EltonTraits, AVONET,
FishBase, and related trait initiatives have transformed ac-
cess to ecological and morphological information across
plants, mammals, birds, and fishes, enabling large-scale
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analyses of functional diversity, ecosystem processes, and
biogeographic structure (“FishBase,” 2026; Kattge et al.,
2020; Tobias et al., 2022; Wilman et al., 2014). At the same
time, advances in image-based phenomics, computer vi-
sion, geometric morphometrics, and automated landmark-
ing have demonstrated increasing feasibility of extracting
quantitative phenotypes directly from digitized specimens
and biological imagery across multiple taxonomic groups
(Houle et al., 2010; Liirig et al., 2021; Porto et al., 2021;
Rolfe et al., 2021). These developments collectively rep-
resent major progress toward resolving the Raunkieran
shortfall. However, despite these advances, most existing
trait infrastructures remain fragmented, weakly linked to
vouchered specimens, inconsistent in their treatment of
uncertainty and intraspecific variation, and difficult to in-
tegrate into interoperable biodiversity knowledge systems.

Efforts to compile organismal trait data have expand-
ed substantially in recent decades, reflecting growing rec-
ognition of traits as central to ecological, evolutionary, and
conservation analyses. Several global and regional trait re-
sources now exist across plants, mammals, birds, fishes,
and other taxa, often assembled through expert curation or
synthesis of published literature. Parallel advances in im-
age-based phenomics, automated landmarking, and Al-as-
sisted trait extraction have further demonstrated increas-
ing feasibility of deriving quantitative phenotypes directly
from digitized specimens and biological imagery (Carran-
za-Rojas et al., 2017; Porto et al., 2021). These resources
and approaches have enabled important comparative stud-
ies and provided foundational inputs for trait-based mod-
eling while also motivating broader reassessment of how
functional trait knowledge is generated, standardized, and
synthesized across biodiversity systems (Gongalves-Sou-
za et al., 2023). However, despite their utility, most exist-
ing trait datasets remain literature-derived and species-av-
eraged, and thus fall short of resolving the Raunkiaran
shortfall at scales required for contemporary biodiversity
science.

The persistence of this shortfall is not accidental; it
reflects the historical sequencing of biodiversity infra-
structures (Nelson and Ellis, 2019), in which efforts such
as FishNet 2 prioritized specimen-backed geographic dis-
covery, while dedicated mechanisms for trait translation
lagged behind digitization.

A defining limitation of current trait resources is the
absence of explicit specimen grounding. Trait values are
typically abstracted from heterogeneous sources - field
guides, taxonomic monographs, ecological studies - with-
out direct linkage to vouchered specimens. This separa-
tion obscures provenance, prevents independent valida-
tion, and makes it difficult to reconcile conflicting trait

estimates across sources. Although recent biodiversity
cyberinfrastructure initiatives such as Digital Extended
Specimens have emphasized stronger integration of deriv-
ative biodiversity data products with physical collections
and interoperable digital objects (Hardisty et al., 2022),
specimen-level linkage remains inconsistently implement-
ed across many existing trait infrastructures. In contrast
to occurrence data, which are increasingly traceable to
physical specimens through collection identifiers and bio-
diversity data standards (Wieczorek et al., 2012), trait data
often lack comparable anchors, limiting reproducibility
and long-term reliability.

Relatedly, most trait databases rely on single repre-
sentative values per species, masking intraspecific vari-
ation that is often ecologically and evolutionarily mean-
ingful. Morphological, physiological, and functional traits
frequently vary across populations, environmental gradi-
ents, and life-history stages, and trait-based ecological in-
ference increasingly depends on integrating such variation
across organizational and spatial scales (Carmona et al.,
2016). Species-averaged traits therefore risk misrepre-
senting local adaptation, phenotypic plasticity, and pop-
ulation-level responses to environmental change (Albert
et al., 2011; Laughlin et al., 2020; Violle et al., 2012) and
multidimensional functional structure within and among
populations (Villéger et al., 2008). This limitation is es-
pecially problematic for analyses that seek to link traits
to climate, habitat heterogeneity, or disturbance regimes,
where variation within species can be as informative as
differences among species.

A third, closely connected limitation is poor char-
acterization of uncertainty. Trait values are commonly
reported without measures of variance, confidence, or
sampling effort, even when derived from limited or con-
text-specific observations. Without explicit uncertainty
estimates, downstream analyses may treat trait values as
fixed and comparable across taxa, leading to overconfident
inferences and biased model outputs (Beale and Lennon,
2012; Dormann et al., 2018; McGill et al., 2006). This
problem is amplified when trait data are integrated with
increasingly sophisticated statistical or mechanistic mod-
els, where uncertainty propagation is essential for robust
prediction and decision-making.

Finally, existing approaches to trait compilation face
fundamental challenges of scalability. Manual extraction
and expert synthesis do not readily scale to the millions
of specimens now digitized in natural history collections,
nor do they adapt efficiently as new specimens, images,
or environmental data become available. As a result, trait
databases often lag behind advances in specimen digiti-
zation and remain static relative to the dynamic nature of
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biodiversity data. This mismatch constrains the ability of
biodiversity informatics to respond to emerging research
questions and rapid environmental change.

Together, these limitations substantially constrain
the use of trait data in ecology, conservation, and climate
research while weakening efforts to connect biodiversity
structure with ecosystem functioning and ecological pro-
cesses (de Bello et al., 2010). Trait-based ecological mod-
els may overlook critical variation and uncertainty; conser-
vation assessments may rely on oversimplified functional
representations of species; and climate-impact analyses
may fail to capture phenotypic responses occurring within
species across space and time. As a result, the Raunkigran
shortfall persists not merely due to insufficient trait infor-
mation, but because existing trait knowledge is structural-
ly disconnected from specimens, variation, and uncertain-
ty. Addressing this shortfall therefore requires approaches
that treat traits not as static summaries, but as quantitative,
specimen-anchored data products capable of scaling with
biodiversity information systems. This shift enables the
quantification of the Raunkiaran shortfall in terms of trait
coverage, variance capture, and uncertainty propagation.

A SPECIMEN-ANCHORED SOLUTION:
AI-DERIVED PHENOMICS

Several of the infrastructures discussed here represent
emerging or proposed synthesis efforts that build on es-
tablished components; they are presented to illustrate ar-
chitectural pathways for closing the Raunkizeran shortfall
rather than as fully deployed systems.

Recent advances in computer vision, phenomics, geo-
metric morphometrics, and biology-guided machine learn-
ing have demonstrated increasing feasibility of extracting
quantitative phenotypes directly from digitized specimens
and biological imagery across plants, insects, vertebrates,
and agricultural systems within a broader expansion of
deep learning applications in ecology and biodiversity sci-
ence (Carranza-Rojas et al., 2017; Christin et al., 2019;
Henning et al., 2018; Houle et al., 2010; Liirig et al., 2021;
Porto et al., 2021; Younis et al., 2018). These approach-
es include automated landmarking, image segmentation,
morphological feature extraction, and Al-assisted classifi-
cation pipelines capable of operating at scales not feasible
through manual trait compilation alone, reflecting broader
adoption of machine-learning methodologies across ecol-
ogy and biodiversity science (Thessen, 2016). However,
most existing systems remain taxon-specific, weakly in-
tegrated with specimen-centered biodiversity infrastruc-
tures, or limited in their treatment of provenance, uncer-
tainty, and interoperability. The framework proposed here
builds on these advances while emphasizing reproducible

specimen anchoring, uncertainty-aware synthesis, and in-
tegration across biodiversity informatics infrastructures.

In practice, the proposed framework operates by link-
ing digitized museum specimens, associated images, and
biodiversity metadata within a specimen-centered ana-
lytical workflow. FishNet 2 provides access to georefer-
enced specimen records and collection identifiers, while
FishAIR contributes standardized and quality-aware spec-
imen imagery suitable for Al-based analysis. Image-based
phenomic methods, including segmentation, landmark
extraction, and morphology inference, can then be ap-
plied directly to these images using biology-guided ma-
chine-learning approaches. Resulting measurements re-
main linked to individual vouchers and can subsequently
be aggregated into population-level and species-level trait
distributions within the Global Fish Trait Atlas framework.

A typical specimen-anchored phenomics workflow
may begin with digitized specimen images linked to stable
collection identifiers and associated metadata. Computer
vision pipelines can then perform specimen segmenta-
tion, landmark detection, morphometric extraction, color
or texture quantification, and label-associated metadata
parsing directly from images or derivative media products
(Liirig et al., 2021; Porto et al., 2021). Extracted mea-
surements can subsequently be linked back to individual
vouchers through persistent identifiers, enabling prov-
enance tracking, uncertainty annotation, reproducibili-
ty, and reanalysis as analytical methods improve while
also supporting broader machine-actionable biodiversity
knowledge integration workflows (Bakis et al., 2023; Balk
et al., 2024; Thessen et al., 2012). Similar image-based
phenotyping approaches have already been demonstrated
across herbarium specimens, insect morphology, verte-
brate morphometrics, and agricultural phenomics systems
(Carranza-Rojas et al., 2017; Younis et al., 2018). Within
the framework proposed here, these extracted phenotypes
become interoperable specimen-linked data products that
can support downstream ecological, evolutionary, and bio-
diversity informatics analyses.

Bridging the specimen-to-trait translation gap requires
approaches that can operate at the scale of modern biolog-
ical collections while remaining grounded in biological
meaning and scientific rigor. Image-based phenomics has
emerged as a promising enabling approach (Houle et al.,
2010; Lirig et al., 2021) for this challenge. By leverag-
ing digitized specimen images, phenomics seeks to extract
quantitative descriptions of organismal form directly from
physical vouchers, transforming static digital surrogates
into sources of reproducible trait information. Unlike tra-
ditional trait compilation, which relies on manual abstrac-
tion from heterogeneous literature, image-based phenom-
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ics treats specimens themselves as primary data objects for
trait generation.

Recent advances in biology- and hierarchy-guid-
ed machine learning make large-scale specimen-to-trait
translation tractable without sacrificing biological mean-
ing. Within this lineage, Biology-Guided Neural Networks
(BGNN) operationalize the use of taxonomic and phyloge-
netic structure as inductive bias, ensuring that phenomic
inference respects evolutionary relationships rather than
treating traits as independent features (Elhamod et al.,
2022). In parallel, Imageomics emphasizes modular, re-
producible workflows that integrate structured biological
knowledge with machine learning to support benchmark-
ing, interpretation, and method evolution. Together, these
approaches transform automated image analysis from a
black-box exercise into a governed, evolution-consistent
phenomic engine capable of generating biologically inter-
pretable traits at collection scale.

At its core, image-based phenomics enables the sys-
tematic measurement of morphological features - such
as size, shape, proportions, and structural relationships -
across large numbers of specimens. When applied to dig-
itized collections, this approach allows trait data to scale
with specimen availability rather than expert time. Im-
portantly, because traits are derived directly from images
linked to vouchered material, they retain explicit prove-
nance and can be re-evaluated as methods, interpretations,
or taxonomic concepts evolve. In this sense, phenomics
offers a pathway for aligning trait knowledge with the
same principles of traceability and reproducibility that
now underpin occurrence data.

Recent advances in biology-guided and knowl-
edge-guided machine learning (Elhamod et al., 2023; Re-
ichsteinetal.,2019; Roscher et al., 2020) further strengthen
the potential of phenomics as a translation infrastructure.
Rather than treating trait extraction as a purely data-driv-
en computer vision problem, these approaches incorporate
biological constraints, anatomical expectations, phyloge-
netic information, or ecological priors into model structure
and interpretation, paralleling broader efforts to integrate
deep learning with process understanding in environmen-
tal and Earth-system sciences (Reichstein et al., 2019). Bi-
ological guidance may include anatomical relationships,
symmetry, or known scaling laws, while knowledge-guid-
ed frameworks incorporate taxonomic context or ecolog-
ical expectations. By constraining learning with domain
knowledge, such models improve interpretability, reduce
biologically implausible outputs, and facilitate integration
between machine learning predictions and existing eco-
logical understanding, aligning with broader efforts to-

ward explainable machine learning for scientific discovery
(Roscher et al., 2020).

Equally critical is the explicit treatment of specimen
provenance, repeatability, and uncertainty. Specimen-an-
chored phenomics allows each trait measurement to be
associated with a specific voucher, locality, and imaging
context, enabling rigorous quality control and compara-
tive analyses. Repeated measurements across specimens,
populations, or imaging workflows provide empirical es-
timates of variance, while statistical modeling can be used
to characterize uncertainty arising from sampling, mea-
surement error, or model inference. This contrasts sharply
with most existing trait resources, where uncertainty is im-
plicit or absent and cannot be propagated into downstream
analyses. Figure 2 situates specimen-anchored phenomics
within a coherent infrastructure lineage, illustrating how
successive projects collectively operationalize speci-
men-to-trait translation at scale.

Positioning Al-derived phenomics as a solution to
the specimen-to-trait translation gap also requires careful
clarification of its role relative to traditional taxonomy
and systematics. Phenomics does not replace expert tax-
onomic knowledge or biological interpretation. Instead, it
functions as translation infrastructure, converting speci-
men-level evidence into quantitative representations that
can be interrogated, validated, and synthesized by domain
experts. Taxonomy provides the conceptual framework
within which traits gain meaning, while phenomics sup-
plies scalable measurements that complement and extend
expert knowledge. When embedded within specimen-cen-
tered workflows, Al becomes a tool for amplifying, rather
than supplanting, biological expertise.

Viewed in this light, Al-derived phenomics represents
a critical missing layer in biodiversity informatics: an op-
erational bridge between collections and functional knowl-
edge. By enabling specimen-grounded, uncertainty-aware
trait extraction at scale, phenomics directly addresses the
structural limitations that have sustained the Raunkigran
shortfall and its downstream effects. In the next section,
we illustrate how this approach can be operationalized
within an integrated biodiversity infrastructure to generate
population- and species-level trait reference models.

CASE STUDY: THE GLOBAL FISH TRAIT ATLAS
The Global Fish Trait Atlas (GFTA) provides a con-
crete illustration of how specimen-anchored phenomics
can bridge persistent biodiversity knowledge shortfalls
when embedded within an integrated informatics frame-
work. Rather than functioning as a standalone database
as in Page et al. (2015), GFTA operates as a translation
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Figure 2. Project lineage enabling specimen-anchored trait synthesis.

A coherent infrastructure lineage connects digitized specimens to quantitative trait knowledge. FishNet 2 provides specimen-backed
geographic context; FishAIR establishes quality-aware, Al-ready image representations; BGNN and Imageomics enable biology-guid-
ed phenomic extraction; Morphological Barcoding and the Global Fish Trait Atlas synthesize specimen-anchored trait distributions;
and LEPO extends these components into an environmental observatory framework. Together, these elements operationalize speci-

men-to-trait translation at scale.

layer that connects museum specimens, quantitative phe-
notypes, and species-level ecological knowledge into a co-
herent analytical system consistent with emerging Digital
Extended Specimen concepts and interoperable biodiver-
sity cyberinfrastructure frameworks (Hardisty et al., 2022;
Webster, 2017). In practice, this integration is enabled
by linking large-scale museum specimen networks (e.g.,
“FishNet2,” 2026), image-based phenomic pipelines de-
veloped for digitized collections (e.g., “FishAIR,” 2026),
and species-level ecological syntheses (e.g., “FishBase,”
2026) within a common specimen-centered reference
framework.

A defining feature of the Global Fish Trait Atlas is
that all traits are anchored to individual vouchered spec-
imens. This contrasts with many existing trait databases
that summarize traits as species-level averages derived
from heterogeneous literature sources. Specimen anchor-
ing allows traits to be represented as distributions that cap-
ture intraspecific variation, population-level structure, and
geographic gradients, rather than single point estimates.
For global change ecology, this distinction is critical: phe-
notypic responses to environmental change often manifest
as shifts in variance, plasticity, or spatial patterning that
may be obscured when traits are reduced to species-level
averages (Violle et al., 2007).

These specimen records originate from multiple ag-
gregation contexts, including domain-specific networks
(e.g., FishNet2, FishAIR, FishBase), regional collection
consortia associated with applied monitoring efforts such
as the Great Lakes Invasives Network (“GLIN,” 2026),

and national digitization infrastructures such as iDigBio
(“iDigBio,” 2026) and GBIF (“GBIF,” 2026). These speci-
men records establish the spatial, temporal, and taxonomic
scaffolding necessary for reproducible trait inference and
interoperable integration across distributed biodiversity
infrastructures using shared standards and persistent iden-
tifiers (Wieczorek et al., 2012). Digitized specimen images
associated with these records are then used as inputs for
image-based phenomic pipelines that extract quantita-
tive morphological measurements directly from physical
vouchers (Bakis et al., 2023). In parallel, species-level
ecological and life-history information contributes contex-
tual knowledge that supports interpretation and synthesis
of trait patterns across environments and taxa. The atlas
thus emerges not from any single data source, but from
the alignment of specimens, phenotypes, and ecological
knowledge within a shared reference frame.

The current implementation of GFTA operates at a
scale sufficient to demonstrate both feasibility and scien-
tific value without relying on exhaustive coverage. On the
order of hundreds of thousands of specimens, represent-
ing tens of thousands of fish species across freshwater and
marine systems, have been processed to generate high-di-
mensional morphological trait data. Such scale is made
possible by existing specimen aggregation and digitization
efforts, combined with automated phenomic pipelines that
operate directly on collection images. Importantly, these
traits are not reduced to single species means. Instead, they
retain links to individual specimens, allowing aggregation
to population-level and species-level summaries while

189



BAK1$ — BRIDGING THE RAUNKIZRAN SHORTFALL

preserving information on variance and sampling context.
This order-of-magnitude scale is large enough to reveal
emergent patterns, yet small enough to remain transparent
and extensible as collections and digitization efforts con-
tinue to grow.

Within this framework, population-level trait distribu-
tions arise naturally from repeated measurements across
specimens collected in different locations, habitats, and
environmental conditions. When specimens are grouped
by geography or environmental context, trait distributions
reveal gradients rather than fixed values, enabling analyses
of phenotypic structure across space. These distributions
can be projected geographically to explore how morphol-
ogy varies along climatic, hydrological, or biogeograph-
ic axes, providing a functional complement to traditional
species distribution data. In this way, GFTA makes visible
a dimension of biodiversity - spatially explicit trait vari-
ation - that has remained largely inaccessible in existing
informatics systems.

The integration of specimen-anchored traits with eco-
logical and environmental context enables new classes of
research questions. For example, climate-trait coupling
can be examined by relating morphological variation to
temperature regimes, flow conditions, or other environ-
mental drivers inferred from specimen localities. Such
analyses move beyond asking where species occur to how
their phenotypes vary in response to environment. Simi-
larly, quantitative trait distributions provide tools for de-
tecting cryptic diversity and specimen misidentification,
as populations or individuals that deviate systematically
from expected phenotypic patterns can be flagged for fur-
ther taxonomic investigation. In these cases, phenomics
does not replace taxonomic expertise but offers a scalable
means of prioritizing specimens and lineages for closer
scrutiny.

As a case study, GFTA demonstrates how speci-
men-anchored, Al-derived phenomics can be operation-
alized within an integrated infrastructure to transform
collections into dynamic sources of trait knowledge. By
linking individual specimens to quantitative traits and
ecological context, the atlas illustrates a pathway for con-
verting digitized biodiversity data into functional, spatial-
ly explicit, and uncertainty-aware representations. This
approach highlights how addressing the specimen-to-trait
translation gap can simultaneously advance trait-based
ecology, climate-change research, and systematic biology.

QUANTIFYING PROGRESS ON THE RAUNKIZERAN SHORTFALL

A central challenge in addressing biodiversity knowl-
edge shortfalls is determining not only whether progress
has been made, but how such progress can be measured.

When traits are treated as static, literature-derived attri-
butes, assessment of completeness is largely qualitative
(Meyer et al., 2016) and difficult to formalize. In con-
trast, specimen-anchored trait frameworks enable explicit,
quantitative indicators of progress toward resolving the
Raunkizran shortfall by making trait knowledge measur-
able, repeatable, and scalable.

One immediate change introduced by specimen-an-
chored traits is the ability to quantify intraspecific vari-
ation. Rather than representing species by single trait
values, repeated measurements across specimens reveal
multidimensional trait distributions that capture popula-
tion-level structure, geographic differentiation, and phe-
notypic spread (Villéger et al., 2008). The presence of
well-characterized within-species variance marks a qual-
itative shift in functional knowledge: trait values become
empirical distributions rather than abstractions. From the
perspective of the Raunkizeran shortfall, progress can thus
be measured by the proportion of taxa for which trait vari-
ance, rather than point estimates, is available.

A second advance is the incorporation of uncertain-
ty-aware trait summaries. Because specimen-anchored
traits are derived from multiple observations, uncertain-
ty arising from sampling, measurement error, and mod-
el inference and analytical provenance can be explicitly
estimated and propagated through reproducible prove-
nance-aware workflows (“PROV Model Primer,” 2013).
Trait summaries can therefore include measures of con-
fidence, variance, or credibility intervals, enabling more
robust downstream analyses. The availability of explicit
uncertainty transforms trait data from descriptive inputs
into statistically defensible quantities, reducing the risk
of overconfident inference in ecological and conservation
models.

Specimen anchoring also enables the generation
of spatially explicit trait surfaces. When trait measure-
ments are linked to georeferenced specimens, traits can be
mapped across environmental and geographic gradients,
revealing patterns of functional variation that parallel - but
extend beyond - species distributions. Such spatial trait
representations provide a functional counterpart to occur-
rence maps and allow direct assessment of how pheno-
types vary across landscapes, climates, and habitats. The
emergence of spatially explicit trait information represents
a concrete indicator of progress toward integrating trait
and geographic knowledge domains.

Building on these advances, several indicators can be
proposed to assess trait-knowledge completeness in a sys-
tematic way. These include: the number of species with
specimen-anchored trait distributions rather than single
values; the average number of specimens contributing to
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trait estimates per species or region; the extent to which
uncertainty is quantified and reported; and the geographic
coverage of trait data relative to known species ranges. To-
gether, these indicators provide a multidimensional view
of trait knowledge that can be tracked over time as collec-
tions, digitization, and analytical capacity expand.

Operationalizing specimen-anchored trait infrastruc-
tures at scale will also require interoperable and ma-
chine-actionable data models capable of linking speci-
mens, traits, provenance, uncertainty, and environmental
context across distributed biodiversity systems. Emerging
semantic and linked-data approaches, including biodi-
versity ontologies, Darwin Core extensions, and modular
schema frameworks such as LinkML, provide promising
foundations for representing these relationships in repro-
ducible and Al-ready forms (Moxon et al., 2026; Walls et
al., 2014; Wieczorek et al., 2012). Although development
of a formal schema is beyond the scope of this paper, in-
teroperability-aware trait representation will likely be es-
sential for scalable synthesis across collections, taxa, and
analytical workflows.

Importantly, such indicators also inform prioritization
of digitization and sampling efforts. By identifying taxa,
regions, or environments where trait coverage remains
sparse or uncertainty remains high, specimen-anchored
frameworks can guide strategic investments in imaging,
digitization, and collection. Rather than treating all spec-
imens or taxa as equally deficient, this approach supports
targeted actions that maximize gains in functional knowl-
edge. In this way, progress toward closing the Raunkiaran
shortfall becomes not only measurable, but actionable.

By reframing trait completeness as an outcome of
specimen coverage, variance estimation, uncertainty
characterization, and spatial representation, specimen-an-
chored phenomics provides a pathway for moving beyond
qualitative assessments of trait gaps. Quantifying progress
in these terms allows biodiversity informatics to track how
effectively functional knowledge is being generated and
to align future data mobilization efforts with the goal of
resolving long-standing trait shortfalls.

IMPLICATIONS FOR BIODIVERSITY INFORMATICS
AND CONSERVATION

The emergence of specimen-anchored trait data has
broad implications for biodiversity informatics and ap-
plied conservation science. By grounding traits in physi-
cal vouchers and linking them to geography, environment,
and uncertainty, this approach reshapes how functional
biodiversity is represented, analyzed, and used for deci-
sion-making. Specimen-anchored phenomics is most ef-
fective when embedded within existing biodiversity infra-

structures - leveraging specimen aggregation networks,
phenomic pipelines, and curated species knowledge rather
than duplicating them. Such specimen-anchored trait in-
frastructures also provide an evidence base for prioritizing
digitization, imaging, and sampling efforts where func-
tional knowledge gaps are greatest.

Reshaping trait-based ecology

Trait-based ecology has traditionally relied on coarse,
species-averaged trait values (McGill et al., 2006) to infer
ecological strategies, community assembly, and ecosys-
tem functioning. Specimen-anchored traits fundamentally
alter this paradigm by enabling analyses that incorporate
intraspecific variation, population structure, and environ-
mental context. Rather than treating species as homoge-
neous functional units, ecological models can account for
phenotypic diversity within species and across landscapes,
improving the ability to evaluate functional responses to
environmental disturbance and ecological change (Mouil-
lot et al., 2013). This shift improves the realism of trait-
based inference, particularly in systems where local adap-
tation and phenotypic plasticity play key roles. As a result,
functional diversity can be assessed not only across taxa,
but also within them, offering a more nuanced understand-
ing of ecological processes and the relationships between
biodiversity, ecosystem functioning, and environmental
change (de Bello et al., 2010).

Advancing climate vulnerability assessments

Climate vulnerability assessments increasingly seek
to incorporate functional traits (Pacifici et al., 2015) as
indicators of sensitivity, exposure, and adaptive capacity.
However, assessments based on static or literature-derived
trait values risk oversimplifying organismal responses to
environmental change. Specimen-anchored traits enable
climate-trait coupling, allowing phenotypic variation to be
analyzed directly in relation to temperature, hydrology, or
other environmental gradients. This supports vulnerabili-
ty assessments that reflect observed phenotypic responses
rather than assumed species-level characteristics. In doing
so0, specimen-anchored phenomics provides a pathway for
identifying populations or regions where functional traits
suggest heightened sensitivity or resilience to climate
change.

Informing conservation planning
For conservation planning, access to spatially explicit
and uncertainty-aware trait information enables more tar-
geted and defensible prioritization. Functional traits influ-
ence species’ responses to habitat alteration, exploitation,
and environmental stressors, yet trait uncertainty and vari-
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ability are rarely considered explicitly in conservation de-
cision frameworks. Specimen-anchored trait distributions
allow conservation planners to evaluate not only which
species are at risk, but how functional variation is distrib-
uted across regions and populations. This perspective can
inform actions such as identifying climate refugia, priori-
tizing areas for protection based on functional diversity, or
targeting monitoring efforts where phenotypic responses
are poorly characterized.

Complementarity with existing biodiversity
infrastructures

Importantly, specimen-anchored trait frameworks
are not intended to replace existing biodiversity data in-
frastructures, but to extend and complement them. Global
platforms such as Global Biodiversity Information Fa-
cility (GBIF) have transformed access to occurrence and
distribution data, while knowledge bases such as Fish-
Base provide authoritative syntheses of species ecology
and life history. Specimen-anchored phenomics builds on
these foundations by adding a missing analytical layer that
translates specimens into quantitative traits. Occurrence
data provide spatial context, species knowledge provides
ecological meaning, and specimen-anchored traits supply
functional measurements that can be integrated across sys-
tems.

By operating as a translation layer rather than a re-
placement, specimen-anchored trait infrastructures
strengthen the overall biodiversity informatics ecosystem.
They leverage existing investments in collections, digiti-
zation, and species knowledge, while enabling new forms
of synthesis that were previously unattainable. In this way,
addressing the Raunkiaeran shortfall through specimen-an-
chored phenomics enhances the interoperability and ana-
lytical power of biodiversity data as a whole, supporting
more informed ecological research and conservation ac-
tion in a rapidly changing world.

TOWARD A LIVING ENVIRONMENTAL
PHENOMICS OBSERVATORY

The integration of specimen-anchored trait synthesis
with environmental context motivates a shift from static
trait compilations toward a living observatory model. The
Living Environmental Phenomics Observatory (LEPO)
extends specimen-centered phenomics by coupling repro-
ducibly derived traits to environmental covariates using
specimen locality and time as anchors. This architecture
enables direct examination of how phenotypes vary across
climatic, hydrologic, and land-use gradients, and how
those patterns change through time.

By treating traits as dynamic ecological observables
rather than fixed species attributes, LEPO supports in-
ference about phenotypic plasticity, sensitivity, and re-
silience under global change. Richer trait distributions
improve niche characterization and provide a foundation
for trait-mediated interaction hypotheses, contributing to
progress on Hutchinsonian and Eltonian knowledge gaps.
Importantly, LEPO is not a speculative construct, but a
logical integration of existing components - FishNet 2,
FishAIR, and specimen-anchored trait synthesis - with-
in a reproducible, governance-aware cyberinfrastructure
framework.

Although fishes provide a tractable and well-devel-
oped case study for specimen-anchored phenomics due to
extensive digitization efforts, large image repositories, and
established biodiversity infrastructures, the broader frame-
work proposed here is not inherently fish-specific. Com-
parable opportunities increasingly exist across herbarium
collections, insect imaging systems, vertebrate morphol-
ogy repositories, agricultural phenomics platforms, and
other digitized biological collections (Carranza-Rojas et
al., 2017; Rolfe et al., 2021; Younis et al., 2018). Different
organismal systems will require different extraction strate-
gies, trait vocabularies, and analytical workflows; howev-
er, the underlying principles of specimen anchoring, prov-
enance-aware trait generation, uncertainty tracking, and
interoperable digital integration are broadly transferable
across biodiversity domains.

The same principles generalize beyond ichthyology.
Through efforts such as Al-Ready Data Ecosystem for
Networking of Scientific Discovery (AIDEN-SD), in-
teroperable, Al-ready workflows and data products can
support cross-domain synthesis, enabling trait-based in-
ference across taxa and ecosystems in a manner consistent
with the scale and urgency of global change.

CONCLUSIONS

The persistent Raunkiaran shortfall reflects not only
missing measurements, but the absence of infrastructure
capable of translating digitized biodiversity evidence into
reproducible, specimen-anchored trait knowledge. While
biodiversity informatics has dramatically improved access
to names and occurrences, functional traits have remained
disconnected from vouchers, uncertainty, and popula-
tion-level variation.

We outline a practical route forward grounded in a
coherent project lineage (Figure 2). FishNet 2 provides
a specimen-backed backbone for geographic discovery.
FishAIR establishes quality-aware, Al-ready represen-
tations of specimen imagery. BGNN and Imageomics
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operationalize biology- and hierarchy-guided phenomic
extraction within reproducible workflows. Morphological
Barcoding and the Global Fish Trait Atlas synthesize ex-
tracted phenotypes into specimen-anchored trait reference
models that preserve provenance, variation, and uncer-
tainty. LEPO extends this architecture into a continuously
updating observatory aligned with global change ecology,
while AIDEN-SD generalizes its principles for interopera-
ble, Al-ready data products across domains.

Some components of this infrastructure lineage are
already operational (e.g., FishNet 2, FishAIR, BGNN,
and Imageomics), whereas others represent emerging syn-
thesis efforts or architectural frameworks currently under
development (e.g., GFTA, LEPO, and AIDEN-SD). To-
gether, they illustrate one possible pathway toward speci-
men-anchored trait synthesis within a broader and rapidly
evolving biodiversity informatics landscape.

Reframing traits as infrastructure-derived ecological
observables enables measurable progress on functional
knowledge at scales required for forecasting, conservation
planning, and climate-impact assessment. The future of
biodiversity science may increasingly be shaped not only
by the volume of digitized data, but by whether we build
durable translation infrastructures capable of converting
specimens into actionable ecological knowledge under ac-
celerating global change.
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