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Abstract

Medicinal plant resources are central to pharmaceutical innovation, traditional medicine, and
biodiversity conservation, yet their phylogenetic classification remains complicated by cryptic
speciation, hybridization, phenotypic plasticity, and incomplete voucher-linked reference
collections. This paper examines how multi-omics data fusion combined with artificial
intelligence can transform phylogenetic classification from a narrow molecular barcoding task
into a systems-level inference problem. It analyzes the structural trade-offs among early,
intermediate, and late data fusion architectures and discusses how genomic, transcriptomic,
metabolomic, and cell wall compositional features can be jointly represented for downstream
classification. The discussion emphasizes system requirements such as provenance-aware data
pipelines, modular model design, uncertainty quantification, validation across heterogeneous
plant lineages, and continuous monitoring after deployment. The paper argues that technical
accuracy alone is insufficient. Fairness, benefit-sharing, ecological sustainability, and policy
coherence must be designed into the infrastructure rather than appended after model training.
Drawing on cross-domain comparisons from biomedical and ecological data science, the
paper provides a forward-looking perspective on resilient, governable, and ethically grounded
computational infrastructure for medicinal plant phylogenetics. The conclusion highlights the
need for international data governance frameworks, reproducible model registries, and
participatory approaches that include Indigenous and local knowledge systems in the curation
and interpretation of medicinal plant data.
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1. Introduction

Medicinal plant resources present a distinctive challenge for modern computational biology
because they are simultaneously objects of ecological study, pharmaceutical development,
cultural heritage, and conservation policy. The same species may be understood through
traditional therapeutic knowledge, molecular taxonomy, metabolomic profiling, and
biogeographic distribution. This multiplicity of interpretive frames creates analytical
complexity, but it also provides a rich foundation for data-driven classification systems. The
core difficulty is not simply the absence of data, but the heterogencity of data types, the
unevenness of reference collections, and the need to reconcile evolutionary relatedness with
functional and chemical similarity. In this context, phylogenetic classification is not only a
question of evolutionary history; it is also a practical mechanism for verifying botanical
identity, ensuring the safety of medicinal plant supply chains, and prioritizing conservation
actions for threatened taxa.

Advances in deep learning have fundamentally changed the way high-dimensional biological
data can be represented, transformed, and classified [1]. In parallel, multi-omics data fusion
has emerged as an organizing principle for integrating signals that are distributed across
different molecular layers and measurement technologies [2,3]. These developments intersect
with a longer tradition of plant molecular systematics in which DNA barcoding has provided
a rapid and reproducible basis for species identification [4]. Within medicinal plant research,
there has been a gradual but decisive shift from morphology-only identification toward
integrative approaches that combine anatomical, chemical, and molecular evidence [5].
International efforts to establish standardized barcode markers for land plants have
strengthened the reference infrastructure for such integrative work, although they have also
exposed the limitations of single-locus approaches in highly complex plant genera [6].

The central argument of this paper is that the next generation of medicinal plant classification
systems should be designed as socio-technical infrastructures rather than as isolated machine
learning models. This requires careful attention to data fusion architectures, phylogenetic
inference methods, deployment environments, robustness under distribution shift, governance
arrangements, and long-term sustainability. It also requires explicit recognition that medicinal
plant data are entangled with questions of access, ownership, and traditional knowledge. In
the following sections, these concerns are examined from a systems-level perspective.

2. The Data Landscape for Medicinal Plant Phylogenetics

An integrative view of medicinal plant biology must coordinate genomic, transcriptomic,
proteomic, metabolomic, and anatomical data over large and often unevenly sampled lineages
[7]. These data layers differ in their temporal stability, measurement cost, and phylogenetic
information content. Genomic sequences provide a relatively stable evolutionary record,
while metabolomic profiles may shift with developmental stage, tissue type, season, and
environmental stressGenomic sequences provide a relatively stable evolutionary record, while
metabolomic profiles may shift with developmental stage, tissue type, season, and
environmental stress. This variability does not diminish the value of metabolomic data but
indicates that classification systems must account for conditional expression rather than
treating chemical fingerprints as invariant species markers. Transcriptomic and proteomic
layers add further complexity because they capture dynamic regulatory states that may be



shared across distantly related lineages under similar ecological pressures. Anatomical and
cell wall compositional features occupy a different position in this landscape. They often
integrate genetic, developmental, and environmental influences over longer temporal scales
and therefore provide complementary evidence for resolving taxa that are poorly separated by
sequence data alone [10]. The challenge for a system-level design is not to privilege one data
layer but to construct an infrastructure that can absorb heterogeneous evidence without
imposing a single biological ontology prematurely.

The unevenness of reference collections creates structural difficulties that go beyond ordinary
missing data problems. Many medicinal plant species are represented in public repositories
only by partial sequences, inconsistently annotated voucher specimens, or chemical profiles
collected under varying experimental conditions [8]. Some lineages are heavily sampled
because of commercial or pharmacological interest, while close relatives with subtle
diagnostic differences remain underrepresented. This imbalance means that classification
models trained on current repositories may learn to recognize abundant species accurately
while systematically failing on rare or locally important taxa. A robust data landscape
therefore requires not only more data but also better provenance tracking, standardized
metadata, and deliberate sampling strategies that address phylogenetic blind spots. The
importance of voucher-linked specimen data cannot be overstated, because downstream
classification reliability depends on the quality of the reference taxonomy as much as on the
learning algorithm.

3. Data Fusion Architectures

The selection of a data fusion strategy is one of the most consequential design decisions in
any multi-omics classification system. Early fusion approaches concatenate raw or lightly
processed features from different omics layers into a single matrix before model training. This
strategy is conceptually simple and allows a model to learn cross-layer interactions directly,
but it suffers when individual layers have very different dimensionality, noise characteristics,
or missingness patterns. In medicinal plant phylogenetics, early fusion can be problematic
because genomic alignments may contain tens of thousands of variable sites, while
metabolomic profiles may consist of a few hundred quantified compounds, and cell wall
compositional data may be represented by a small set of monosaccharide ratios. Without
careful normalization and dimensionality reduction, the highest-dimensional layer tends to
dominate the representation, and the specific phylogenetic signal from chemical or anatomical
features may be lost.

Intermediate fusion architectures attempt to preserve layer-specific structure by first learning
compressed representations for each data type and then combining those representations in a
shared latent space. This approach has parallels in multimodal learning methods that are
increasingly used in biomedical research to integrate imaging, molecular, and clinical data [2].
For medicinal plant resources, intermediate fusion can be operationalized through modality-
specific autoencoders, kernel methods, or attention-based mechanisms that weigh the
contribution of each layer according to its relevance for a given classification task. A well-
designed intermediate fusion system can be more robust to missing data because each
modality encoder can be trained independently before joint fine-tuning. However, this
modularity comes with additional computational and engineering overhead, and it requires
careful decisions about how many shared dimensions should be allocated to each omics layer.

Late fusion, sometimes called decision-level fusion, trains separate classifiers on each data
layer and then combines their outputs through voting, stacking, or Bayesian model averaging.



Late fusion is attractive when the data layers are collected in different laboratories, at
different times, or under different governance regimes, because it avoids the need to co-
localize raw data. It also facilitates interpretability, since each layer-specific model can be
inspected independently. A major limitation is that late fusion cannot capture cross-layer
interactions that only become visible when features are considered jointly. In phylogenetic
classification, such interactions may be important, for example when a chemical signature is
strongly diagnostic only in combination with a particular genomic lineage. The choice among
early, intermediate, and late fusion is therefore not a purely technical optimization problem; it
reflects assumptions about the underlying biology and about the institutional conditions under
which data can be shared and processed.

A pragmatic systems design may adopt hierarchical fusion strategies in which some layers are
fused early because they share common provenance, while other layers are integrated later
because they are governed by different access constraints. This hybrid arrangement can be
more resilient than a single monolithic architecture, but it demands clear interface contracts
and well-defined uncertainty propagation across fusion stages. For medicinal plant workflows
that involve field sampling, herbarium vouchering, laboratory sequencing, and mass
spectrometry, the data pipeline must be able to combine block-level and record-level
identifiers without introducing silent misalignment errors. The integrity of the fusion process
depends as much on data engineering discipline as on model selection.

4. Artificial Intelligence and Phylogenetic Inference

Artificial intelligence models for phylogenetic classification can be broadly divided into
supervised approaches, which learn a mapping from molecular or chemical features to
predefined taxonomic labels, and unsupervised or semi-supervised approaches, which learn
latent structures that may correspond to evolutionary relationships without relying on fixed
taxonomies [9]. In supervised settings, deep neural networks have demonstrated strong
performance on problems such as DNA barcode classification and species identification from
image or spectral data [1]. These models can learn nonlinear feature interactions that are
difficult to specify manually, and they can scale to large reference sets. However, supervised
models are fundamentally constrained by the quality and completeness of the label space.
When the reference taxonomy is contested or when cryptic species remain undescribed, a
supervised model may learn to reproduce existing annotations without revealing the
underlying phylogenetic uncertainty.

Unsupervised and self-supervised methods offer a different pathway. Approaches such as
variational autoencoders, contrastive learning, and graph neural networks can learn
representations that reflect similarity structure in multi-omics data without requiring
exhaustive taxonomic labels [3]. These representations can then be used to generate
hypotheses about species boundaries, hybrid origins, or convergent chemical evolution. In
phylogenetic classification, such models are useful when the goal is not only to assign an
unknown sample to an existing species but also to place that sample within a broader
evolutionary context. Graph-based methods are particularly relevant because phylogenetic
relationships are inherently relational, and a graph representation can capture reticulate
evolution, incomplete lineage sorting, and hybridization more naturally than a strictly
hierarchical tree [11].

The integration of phylogenetic priors into neural network architectures is an active area of
research. One approach constrains the learned latent space to be consistent with known
phylogenetic distances, while another approach uses tree-aware loss functions that penalize



classifications inconsistent with a reference topology. These methods can improve
generalization to taxa that were not present in the training set, which is a critical requirement
for medicinal plant resources where new species and chemotypes are continuously being
described. Transfer learning strategies, in which models pretrained on large general plant
datasets are fine-tuned on smaller curated medicinal plant collections, have shown promise in
reducing the amount of labeled data needed for accurate classification [11]. However, transfer
learning can also introduce subtle biases when the source domain is dominated by agricultural
or model plant species whose genomic and chemical characteristics differ from those of wild
medicinal taxa.

Uncertainty quantification is essential for any system that is expected to support regulatory
decisions, conservation prioritization, or clinical safety assessments. Deep learning models
are often poorly calibrated, meaning that their predicted probabilities do not reliably reflect
true confidence [20]. Bayesian approximation methods, ensemble techniques, and conformal
prediction can provide more reliable uncertainty estimates, but they increase computational
cost and may complicate deployment in resource-limited settings. For phylogenetic
classification, uncertainty must be conveyed not only at the species assignment level but also
at deeper nodes in the tree, because an ambiguous placement at a particular taxonomic rank
may be more informative than a single high-confidence but misleading label. This requires
model outputs that are structured as distributions over trees or as sets of credible placements
rather than as point estimates.

5. Infrastructure and Deployment

The deployment of multi-omics classification systems for medicinal plant resources requires a
data infrastructure that is fundamentally different from a one-time research pipeline. In many
current workflows, sequence data are generated in one facility, metabolomic data in another,
and anatomical data in a third, with limited coordination across institutions. The result is a
fragmented data ecosystem in which sample identifiers are not consistently linked, metadata
are incomplete, and provenance information is lost during downstream processing. A well-
designed infrastructure must treat data curation as a first-class activity, with versioned
reference databases, standardized ontologies for plant organs and tissues, and automated
checks for taxonomic consistency [14]. The FAIR principles of findability, accessibility,
interoperability, and reusability provide a useful baseline, but they are not sufficient for
systems that must operate across national borders and diverse legal regimes.

The computational requirements of multi-omics fusion are substantial, particularly when
models are retrained frequently or when large genomic and metabolomic matrices are
processed. Cloud-based platforms offer scalability and ease of access, but they raise concerns
about data sovereignty and long-term cost sustainability. Federated learning has been
proposed as a way to train models across distributed data repositories without centralizing raw
data [13]. This approach is attractive for medicinal plant databases that contain commercially
sensitive or culturally significant information, but it introduces new challenges in model
synchronization, communication efficiency, and auditability. In practice, a hybrid architecture
may be most suitable, in which common reference data are centrally maintained while locally
sensitive datasets contribute to model training through privacy-preserving protocols.

Deployment environments for medicinal plant classification range from high-throughput
pharmaceutical quality control laboratories to field-based biodiversity surveys in remote
regions. These environments differ dramatically in their connectivity, computing resources,
and user expertise. A classification system intended for field use must be robust to



intermittent network access, must operate on low-power devices, and must provide
interpretable outputs that can be acted upon by non-specialist users. This argues for compact
model variants, on-device inference, and careful attention to user interface design. At the
same time, the system must retain the ability to synchronize with central repositories when
connectivity becomes available, so that field observations can contribute to ongoing model
improvement.

Continuous monitoring is another essential component of deployment. Once a model is
released, its performance will drift as new data are collected, as reference taxonomies are
revised, and as environmental conditions change. A monitoring framework should track the
distribution of input features over time, detect shifts in model confidence, and trigger
retraining or recalibration when necessary [17]. For medicinal plant applications, such
monitoring is particularly important because the chemical composition of plants can shift due
to climate change, cultivation practices, or adulteration in commercial supply chains. A
system that was accurate when initially deployed may become silently unreliable if it is not
maintained as a living infrastructure.

6. Robustness, Fairness, and Governance

Robustness in multi-omics classification must be evaluated across multiple dimensions,
including biological variation, technical batch effects, and adversarial or accidental
contamination. Batch effects are pervasive in metabolomics and transcriptomics because
measurements are influenced by instrument calibration, reagent lots, and laboratory protocols.
A model that has not been explicitly trained to be invariant to these nuisance factors may
learn to classify samples by their batch of origin rather than by their true biological identity.
Domain adaptation and harmonization methods can mitigate these problems, but they must be
validated on independent datasets that reflect realistic variation [3]. In the context of
medicinal plants, the presence of closely related species that share many chemical and genetic
features makes robustness especially difficult to achieve, because small measurement
perturbations can flip a classification across a species boundary.

Fairness in medicinal plant classification is not typically framed in the same terms as fairness
in social applications of machine learning, but it is equally important. A classification system
may be highly accurate on average while systematically failing for taxa that are rare,
geographically restricted, or culturally significant to specific communities [12]. These failures
can reinforce existing biases in conservation funding, pharmaceutical research, and
international trade regulation. Fairness-aware evaluation should therefore disaggregate
performance by taxonomic group, geographic region, and data source, rather than relying on
global accuracy metrics. Where traditional knowledge plays a central role in medicinal plant
identification, the design process must include mechanisms for communities to contest
incorrect classifications and to contribute authoritative knowledge without being subsumed
into a purely Western taxonomic framework.

Governance arrangements must address the fact that medicinal plant data are not neutral
resources. They are entangled with intellectual property claims, access and benefit-sharing
obligations under the Nagoya Protocol, and the rights of Indigenous peoples and local
communities [15]. A classification infrastructure that ignores these dimensions may
inadvertently facilitate biopiracy or undermine local stewardship. The CARE principles for
Indigenous data governance emphasize collective benefit, authority to control, responsibility,
and ethics [15]. These principles suggest that data governance should not be treated as a legal
compliance afterthought but as a foundational requirement for system design. This includes



transparent data use agreements, community review processes, and benefit-sharing
mechanisms that are appropriate to the scale and purpose of the research.

7. Sustainability and Policy Implications

Sustainability in medicinal plant research is often discussed in ecological terms, but the
computational infrastructure itself must also be sustainable over time. Many research data
platforms are built through short-term project funding and then become orphaned when grants
end. A classification system that is intended to support long-term regulatory or conservation
functions requires an institutional home, predictable funding, and a governance structure that
can survive personnel turnover. Open-source software and open data standards can reduce the
risk of vendor lock-in, but they do not by themselves solve the maintenance problem.
Sustainable infrastructure requires a community of practice that includes taxonomists, data
engineers, policy makers, and end users who have a stake in the system’s continued operation
[14].

The policy implications of Al-based phylogenetic classification extend into several domains.
Regulatory agencies responsible for herbal medicine safety need to know whether a
classification system is reliable enough to support enforcement actions. Conservation
organizations need to know whether a system can detect mislabeled trade specimens or
identify populations at risk. Patent offices and access and benefit-sharing authorities need to
know whether a system can provide defensible evidence of species identity in cases involving
traditional knowledge and genetic resources. In all these contexts, model explainability and
documentation are as important as predictive accuracy [21], because decisions must be
justified to courts, ethics committees, and the public. Model cards and datasheets for datasets
provide a structured way to communicate the strengths, limitations, and intended uses of a
classification system [16].

International coordination is essential but difficult. Medicinal plant species do not respect
national boundaries, and many are distributed across multiple countries with different legal
frameworks. A classification system that is authoritative in one jurisdiction may not be
accepted in another unless there is mutual recognition of data standards and model evaluation
procedures. The development of regional and global initiatives for plant biodiversity
informatics can help align metadata standards and reference taxonomies, but such
coordination must be attentive to power asymmetries between high-income and low-income
countries. Countries that are rich in medicinal plant biodiversity but limited in computational
infrastructure often bear the costs of data collection while receiving few of the benefits of
downstream Al applications [15]. Policy frameworks should therefore include capacity-
building provisions and equitable access to trained models, not just open access to raw data.

The integration of cell wall component characteristics into medicinal plant classification
illustrates how a relatively underexplored data layer can contribute to more robust
identification when combined with genomic and metabolomic evidence [10]. This is not a call
to replace established barcode markers but rather to recognize that different data layers
capture different aspects of evolutionary and functional divergence. Policy instruments that
support multi-omics data generation should therefore avoid funding structures that reward
only the most fashionable molecular technologies. Long-term value will come from
maintaining a diversity of data types and from building the computational capacity to fuse
them responsibly.

8. Conclusion



Multi-omics data fusion and artificial intelligence hold significant promise for phylogenetic
classification of medicinal plant resources, but their success depends on more than
algorithmic innovation. This paper has argued that the challenge should be understood as a
systems problem that spans data infrastructure, model architecture, deployment logistics,
robustness evaluation, fairness, governance, and policy. The structural trade-offs among early,
intermediate, and late fusion strategies reflect deeper tensions between modularity and
interaction, interpretability and predictive power, and local data sovereignty and global model
sharing. A resilient classification system must be able to absorb heterogeneous data without
erasing provenance, to express uncertainty honestly, and to evolve as reference taxonomies
and environmental conditions change.

The inclusion of cell wall compositional features alongside more commonly used omics
layers illustrates the value of maintaining methodological pluralism. No single data type can
resolve all phylogenetic questions in complex medicinal plant lineages, and the most
informative classification systems will be those that can weigh evidence from multiple
sources in a transparent and contestable way. At the same time, technical pluralism must be
matched by institutional pluralism. The governance of medicinal plant data and classification
models must include the voices of the communities who have stewarded that knowledge over
generations, and it must ensure that the benefits of Al-enabled classification accrue to those
communities as well as to commercial and regulatory actors.

Looking forward, the field needs more comparative evaluations of fusion architectures on
well-curated benchmark datasets that include challenging taxonomic groups, more research
on uncertainty-aware inference in phylogenetic settings, and more sustained investment in the
maintenance of reference collections and data standards. It also needs honest conversations
about the limits of automation in biodiversity science. Artificial intelligence can accelerate
identification and reveal patterns that are invisible to human inspection, but it cannot replace
the careful taxonomic work, field knowledge, and ethical deliberation that underpin
meaningful classification. The goal is not to build a perfect classifier but to build a learning
infrastructure that can serve science, conservation, and society with integrity.
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