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ABSTRACT

Cross-institutional phytochemical discovery increasingly depends on distributed chemical, biological, omics,
safety, provenance, and proprietary datasets that cannot always be transferred to a central repository. Although
federated learning may enable participating institutions to develop shared computational models while
retaining source data locally, data locality alone does not resolve privacy leakage, cybersecurity, data
heterogeneity, scientific validity, governance, or institutional-trust concerns. This article proposes a conceptual
federated learning architecture for collaborative phytochemical discovery across natural product laboratories,
academic institutions, pharmaceutical research groups, bioinformatics centers, and other authorized partners.
The architecture links consortium formation and data-governance agreements with local data stewardship,
metadata harmonization, feature and label alignment, local model training, governed model-update exchange,
global aggregation, privacy and security safeguards, cross-site validation, bias assessment, expert review, model
documentation, lifecycle governance, and structured feedback. It accommodates phytochemical records,
chemical representations, bioactivity and assay data, target and pathway annotations, omics evidence where
supported, ADMET and toxicity information, proprietary compound libraries, and carefully governed
traditional knowledge, biodiversity, clinical, or pharmacovigilance signals where appropriate. The principal
contribution is an architecture that treats federated learning as one component of a broader scientific and
governance system rather than as an automatic privacy or discovery solution. The proposed framework
supports research collaboration and hypothesis prioritization but does not establish privacy certification,
security certification, therapeutic validity, clinical utility, regulatory readiness, or operational deployment.
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INTRODUCTION hold locally curated extracts, isolated-compound records,
organism and sourcing metadata, or traditional-use
Phytochemical =~ discovery increasingly requires the information; pharmaceutical groups may maintain

integration of information that is institutionally distributed,
scientifically heterogeneous, and subject to different
stewardship conditions. Natural product laboratories may
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proprietary compound libraries and bioassay results; omics
centers may generate high-dimensional molecular profiles;
and clinical or pharmacovigilance groups may hold

This is an open access journal, and articles are distributed under the
terms of the Creative Commons Attribution-Non Commercial-
ShareAlike 4.0 License, which allows others to remix, tweak, and build
upon the work non-commercially, as long as appropriate credit is given
and the new creations are licensed under the identical terms.

www.eijppr.com


https://doi.org/10.51847/y0yuNXQ0Gg

International Journal of Pharmaceutical and Phytopharmacological Research (elJPPR) | June 2026 | Volume 16 | Issue 3 | Page 100-116
Zsolt Kovacs, Federated Learning for Cross-Institutional Phytochemical Discovery: Collaborative Model Development Without Centralized

Sensitive Data Sharing

downstream signals that cannot be freely transferred.
Federated learning offers a collaborative modeling
approach in which source records remain within
participating institutions while coordinated model
development occurs through the exchange and aggregation
of approved computational updates. In biomedical settings,
this arrangement may reduce routine centralized data
transfer, but it does not independently establish privacy,
security, scientific validity, or responsible institutional
governance [1].

The relevance of this approach to phytochemical research
extends beyond the protection of conventional patient
records. Chemical structures, unpublished assay results,
proprietary molecular libraries, target annotations,
relationships,  natural  product
provenance, and negative experimental findings may have
substantial scientific or commercial sensitivity. Molecular
discovery has therefore emerged as a credible domain for
federated learning because multiple organizations may
benefit training
relinquishing direct control over confidential source
datasets [2]. In phytochemical research, the same logic
may apply to compound representations, bioactivity
models, ADMET prediction,
phenotypic profiling, mechanism-oriented analyses, and
candidate-prioritization tasks, provided that the resulting
models remain subject to domain-specific quality controls
and carefully defined interpretation boundaries.

Avoiding a central data repository is nevertheless only one
element of responsible collaborative learning. Federated
workflows can still expose information through model
parameters, gradients, intermediate statistics, participation
patterns, or inadequately controlled outputs. Privacy-
preserving drug-discovery research consequently treats
federation, secure aggregation, differential privacy,
cryptographic protection, trusted execution environments,
access controls, and governance procedures as
complementary rather than interchangeable safeguards [3].
Their suitability depends on the data type, model
architecture, adversary assumptions, permitted outputs,
utility requirements, institutional capabilities, and
scientific purpose. No single mechanism can be assumed
to provide complete protection across all phytochemical,
omics, safety, clinical, proprietary, or biodiversity-related
contexts.

A federated architecture for phytochemical discovery must
therefore  address interoperability  and
institutional responsibility at the same time. Data-locality
constraints must be coupled with harmonized metadata,
reproducible preprocessing, realistic treatment of non-
identically distributed data, site-specific validation,
documented model limitations, expert interpretation, and
explicit control over model updates and outputs. Privacy

structure—activity

from broader evidence without

toxicity  screening,

scientific
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and security risks also remain possible even when raw data
never leave the originating institution, because
collaborative training artifacts may disclose sensitive
information under particular attack conditions [4]. The
objective of this article is to propose a structured cross-silo
federated learning architecture that integrates these
technical, scientific, privacy, security, validation, and
governance requirements while preserving clear no-
privacy-guarantee and no-therapeutic-claim boundaries.

Cross-institutional phytochemical discovery
Cross-institutional phytochemical discovery can involve
complementary data assets that are individually valuable
but collectively difficult to centralize. One institution may
possess chemical structures and standardized bioactivity
another contribute phenotypic
screening data, and another may hold toxicity, omics,
pathway, or target-association evidence. Industrial partners
may additionally maintain proprietary structures, assay
panels, and inactive compounds that would improve model
calibration but cannot be disclosed to competitors or
external repositories. Large-scale cross-pharmaceutical
federated QSAR research demonstrates that collaborative
molecular-property modeling can be conducted across
confidential institutional datasets without pooling the
underlying proprietary structure—activity records, although
such collaboration  still task
standardization, governance, and validation [5]. For
phytochemical discovery, this precedent supports a model
in which participating organizations contribute local
evidence to approved predictive tasks while retaining
control over compound identities, source records, assay
observations, and sensitive provenance information.

The scientific difficulty is not limited to access.
Institutional phytochemical collections may differ
substantially in chemical-space coverage, taxonomic
origin, extraction practices, assay platforms, endpoint
definitions, target classes, positive-to-negative ratios, and
data completeness. Federated molecular-property studies
using graph neural networks have shown that
heterogeneous local molecular distributions can influence
the value of collaboration and the behavior of the
aggregated model [6]. A phytochemical federation must
therefore characterize site-level chemical distributions,
assay contexts, label frequencies, missingness, and
representation differences before training. Institutions with
larger datasets should not automatically dominate the
collaborative model, and locally rare chemical classes or
biological endpoints should not be treated as noise merely
because they are uncommon across the consortium.

Data partitioning and provenance are equally important.
Randomly dividing a centralized chemical dataset into
artificial clients may produce an unrealistically favorable

measurements, may

requires  extensive
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picture of federation because real institutions frequently
hold compounds generated through distinct research
programs, screening campaigns, organisms, geographic
regions, or intellectual-property strategies. Research on
privacy-preserving chemical dataset splitting indicates that
the manner in which chemical records are allocated across
sites materially affects federated evaluation [7]. The
proposed architecture therefore requires institution-aware
validation partitions, persistent compound and assay
standardized structure curation, explicit
treatment of stereochemistry and mixtures, and
documentation of how local records were generated,
transformed, filtered, or excluded. These measures are
necessary to  distinguish cross-institutional
generalization from performance driven by duplicated
series, shared scaffolds, or hidden overlap.

Collaborative modeling must also accommodate non-
identically distributed data without implying that every
dataset should be forced into a single homogeneous
representation. Federated drug-discovery analyses under
non-IID conditions show that local distribution differences

provenance,

true

must be treated as an explicit modeling problem rather than
as a minor implementation detail [8]. Depending on the
task, an architecture may require stratified models,
heterogeneity-aware aggregation, site-specific calibration,
multitask learning, personalization, uncertainty estimates,
or restrictions on the intended population of compounds
and assays. Governance considerations operate in parallel:
local stewards must determine which records are eligible,
traditional knowledge or biodiversity-linked information
may require additional authority and benefit
considerations, proprietary fields may need exclusion from
shared metrics, and clinical or pharmacovigilance signals
should be incorporated only where separate authorization,
relevance, and minimum disclosure safeguards exist.

Federated learning principles

Federated learning is a coordinated machine-learning
arrangement in which multiple data-owning participants
perform approved computation on local datasets and
contribute model-related information to a collaborative
training process. It differs from centralized learning, where
source records are pooled into a common repository, and
from ordinary distributed computing, where a single owner
may divide one accessible dataset across computational
resources. Foundational federated-learning taxonomies
distinguish configurations according to how samples,
features, and participants are distributed, while preserving
the defining principle that separate data holders participate
without routinely transferring their underlying records [9].
The architecture proposed here is primarily cross-silo: the
participants are identifiable institutions with comparatively
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stable roles, governed infrastructure, persistent datasets,
and formal responsibilities.

Federated learning does not remove the statistical and
systems challenges that would exist in a pooled analysis
and may introduce additional ones. Local sample sizes,
compute capacity, network availability, preprocessing
pipelines, assay distributions, feature spaces, and labeling
practices may differ substantially. These differences can
cause unstable optimization, unequal contributions, slow
convergence, negative transfer, or a global model that
performs well only for the largest participating sites [10].
Cross-silo federation must also be distinguished from
cross-device federation, in which very large numbers of
intermittently available personal devices contribute small
local datasets. Institutional federation generally involves
fewer participants, more stable connections, richer
datasets, formal governance, and greater opportunity for
site-specific validation, but it also involves complex
contracts, proprietary interests, accountability
requirements, and scientific dependencies [11].

Within a cross-silo workflow, local training and global
aggregation are separate functions. Each institution applies
a versioned preprocessing and feature-generation pipeline,
trains or updates an approved model locally, evaluates it on
designated local partitions, and prepares only the permitted
model update and summary information for transfer.
Multisite biomedical research has demonstrated that
coordinated training can occur without directly exchanging
source records, while also showing the importance of
evaluating performance across participating institutions
rather than relying exclusively on an aggregate result [12].
Distributed predictive-modeling studies further illustrate
that local optimization can be coordinated through
parameter exchange, but the presence of a distributed
algorithm does not remove the need to verify local data
quality, convergence behavior, update integrity, or site-
level utility [13].

Secure aggregation may limit the coordinator’s access to
individual institutional updates, and differential privacy or
encryption may be added where justified by the threat
model and acceptable utility trade-offs. These mechanisms
do not compensate for inconsistent endpoints,
incompatible features, poor metadata, or invalid evaluation
design. Federated benchmark research indicates that
performance should be assessed under realistic
institutional  distributions because pooled-data or
artificially balanced evaluations can conceal site-specific
weaknesses [ 14]. Consequently, the architecture treats data
harmonization, non-IID characterization, cross-site
validation, model documentation, expert review, and
decision boundaries as core federated-learning principles
rather than as optional activities performed after
aggregation. Table 1 summarises federated learning
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principles relevant to cross-institutional phytochemical

discovery.

Table 1. Federated Learning Principles for Cross-Institutional Phytochemical Discovery: Data Locality, Local Training,

Global Aggregation, Cross-Silo Collaboration, Non-IID Data, Secure Aggregation, Differential Privacy, Data
Harmonization, Model Documentation, Cross-Site Validation, and Decision Boundaries
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Sensitive data and collaborative modeling

Sensitive phytochemical data include more than personally
identifiable information. Proprietary compound libraries,
unpublished chemical structures, inactive series, assay
protocols, screening images, target hypotheses, synthetic
or isolation routes, supplier relationships, and negative
results may reveal commercial strategies or institutional
research directions. Federated learning has also been
applied to cell-painting data for compound mechanism-of-
action prediction, illustrating that collaborative discovery
may involve high-dimensional phenotypic representations
rather than only conventional molecular descriptors or
scalar bioactivity endpoints [15]. Such data can be
particularly revealing because images, embeddings, or
learned features may encode compound-specific or
laboratory-specific information. Local stewardship must
therefore cover the source data, preprocessing artifacts,
generated features, model updates, validation partitions,
and any output that could enable reconstruction or
competitive inference.

Collaborative modeling may incorporate chemical
structures, bioactivity measurements, assay metadata,
target and pathway annotations, omics evidence where
supported, ADMET or toxicity data, and carefully
authorized clinical or pharmacovigilance signals. Multi-
party drug-discovery research supports the feasibility of
jointly learning from institution-specific datasets while
leaving the original records under local control, but it does
not establish that every modality is compatible or that
resulting candidates are scientifically validated [16].
Reproducibility depends  on
implementations, versioned configurations, and modular
workflows that make local model
architecture, aggregation, and choices
inspectable across participating sites [17]. Figure 1
illustrates how federated learning can support collaborative
phytochemical discovery while keeping
institutional data local.
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Figure 1. Cross-Institutional Federated Learning Logic for Phytochemical Discovery

Alt-text description

A conceptual federated learning diagram showing multiple
institutions keeping sensitive data local while sending
governed model updates to a central aggregation layer,
followed by validation, expert review, and feedback loops.
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A common data model is necessary when institutions use
different compound identifiers, assay conventions, feature-
generation pipelines, omics platforms, target vocabularies,
or toxicity endpoints. Broader federated-healthcare
research shows that multimodal collaboration creates
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intertwined requirements for interoperability,
communication, privacy controls, system resources, and
participant coordination [ 18]. The proposed phytochemical
architecture therefore requires each participating site to
map approved local information into a shared semantic
layer while retaining source-specific provenance and
uncertainty. Feature alignment should specify how
chemical graphs, descriptors, fingerprints, image
embeddings, omics features, and contextual variables are
generated. Label harmonization should define endpoints,
units, censoring conventions, activity thresholds, species,
assay systems, and uncertainty annotations. Where
alignment would erase scientifically important differences,
the architecture should preserve separate tasks or context-
specific outputs rather than imposing artificial
equivalence.

Collaborative updating must be embedded within a broader
architecture that connects local curation, governance,
technical safeguards, validation, and lifecycle review.
Architecture-oriented  federated healthcare research
similarly indicates that aggregation should not be treated
as an isolated component detached from interoperability,
privacy, evaluation, organizational roles, and operational
control [19]. In the proposed system, every local update
would therefore be associated with an authenticated
participant, approved model documented
preprocessing pipeline, local quality report, and permitted-
use statement. Encryption may protect selected exchanges
or collaborative computations, as demonstrated in
encrypted multisite biomedical learning, but it remains a
partial safeguard that cannot independently prevent
inference, poisoning, misconfiguration, or invalid
scientific  conclusions [20].  Sensitive traditional
knowledge and biodiversity or sourcing information would
additionally require explicit authority, purpose limitation,
and potential exclusion from training, while candidate-
level outputs would remain research hypotheses requiring
independent experimental and expert evaluation.

version,

Privacy, security, and governance requirements

Federated learning changes the location and form of
information exchange, but it does not eliminate privacy or
security exposure. Threats may arise from participating
institutions, the coordinating service, external adversaries,
compromised  credentials, improperly  configured
infrastructure, or model outputs that reveal information
about local training records. Privacy and security reviews
have identified risks involving membership inference,
model inversion, gradient leakage, update interception,
malicious clients, and manipulation of the aggregation
process [21]. The architecture therefore begins with a task-
specific threat model that identifies protected assets,
plausible adversaries, permitted information flows,
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expected participant behavior, and residual risks. Privacy
risk assessment should cover raw records, local features,
gradients, parameter updates, summary statistics, model
outputs, logs, and participation metadata rather than
focusing only on whether source datasets leave the
institution.

Integrity risks require controls that are distinct from
confidentiality protections. A compromised or unreliable
participant corrupted,  strategically
manipulated, or technically incompatible updates that
degrade performance, create hidden behaviors, or shift the
model toward an institutional interest. Federated-learning
security taxonomies show that poisoning and related
attacks can target data, local training, model updates, or
aggregation procedures [22]. The proposed architecture
consequently includes authenticated participants, signed
and versioned updates, predefined eligibility checks,
update-distribution ~ monitoring, anomaly  review,
quarantine  procedures, rollback capability, and
investigation pathways. Robust aggregation may reduce
the effect of selected abnormal updates, but it cannot
establish that every contribution is trustworthy or that
sophisticated manipulation is absent.

Privacy-enhancing technologies should be selected
according to the specific data, task, adversary model, and
acceptable loss of scientific utility. Secure aggregation
may reduce coordinator access to individual updates,
encryption may protect transmission or selected
computations, and differential privacy may constrain
information attributable to a defined privacy unit under
stated assumptions. Privacy-preserving federated-learning
scholarship emphasizes that these controls remain
dependent on implementation quality, governance context,
access conditions, and the precise threat model [23].
Differential privacy may also affect predictive utility
differently across institutions, chemical classes, or
underrepresented endpoints. Privacy and fairness must
therefore be assessed jointly because a protection
mechanism that lowers average accuracy slightly may
produce larger errors for smaller sites or rare data
distributions [24].

Technical controls require a governance structure that
assigns responsibility for consortium membership, local
authorization, model-update approval, incident handling,
auditing, validation, publication, and lifecycle decisions.
Governance research in federated healthcare indicates that
accountability, stakeholder roles, data-use limits,
institutional oversight, and model-lifecycle processes are
frequently as important as the learning algorithm itself
[25]. The proposed architecture therefore requires local
institutional review, a consortium governance board,
named data stewards, model owners, privacy and security
leads, independent validation functions, documented

could submit
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escalation procedures, and explicit no-privacy-guarantee
and no-deployment-readiness boundaries. Table 2 maps

privacy,

security,

federated phytochemical discovery.

and governance requirements for

Table 2. Privacy, Security, and Governance Requirements for Federated Phytochemical Discovery: Sensitive Data
Stewardship, Secure Aggregation, Differential Privacy, Encryption, Access Control, Audit Logging, Membership
Inference Risk, Model Inversion Risk, Gradient Leakage Risk, Poisoning Risk, Bias Assessment, and Model Update
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formation and an explicit data-governance agreement.
Consortium formation defines the research purpose,
eligible institutional roles, decision authorities, conflict-
management procedures, withdrawal conditions, and the
categories of data or knowledge that may or may not enter
the federation. The data-governance agreement then
specifies local stewardship, approved computations, model
and update ownership, access conditions, publication
review, incident responsibilities, audit obligations, and
lifecycle decision rights. Multimodal federated-platform
research indicates that collaboration across heterogeneous
biomedical sources requires a shared semantic and
structural data model before local information can
contribute meaningfully to coordinated learning [26]. For
phytochemical discovery, this shared layer would define
common representations for compounds, assays, targets,
pathways, sources, provenance, omics modalities,
ADMET or toxicity endpoints, and uncertainty while
retaining locally meaningful extensions.
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alignment. Each institution would retain its source records
and construct an approved local training view through
versioned procedures for structure standardization,
duplicate handling, unit conversion, assay mapping,
missingness encoding, target identification, pathway
mapping, and quality exclusion. Site-level documentation
would describe provenance, composition, preprocessing,
known limitations, permitted uses, and unresolved
uncertainties. Translational Al research has emphasized
that model documentation is necessary to communicate
intended use, training context, validation status,
performance evidence, limitations, and implementation
conditions [27]. The architecture therefore requires a
versioned model dossier for every local and global model
state, rather than treating documentation as a final
publication activity.

Local dataset documentation would complement model
documentation. Participating sites should describe how
records were collected, generated, curated, transformed,
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maintained, and selected without exposing the sensitive
records themselves. Structured dataset documentation
frameworks support transparent reporting of dataset
motivation, composition, collection processes,
preprocessing, uses, distribution restrictions, and
maintenance responsibilities [28]. Within the proposed
architecture, each site would produce a controlled dataset
dossier, a data-quality report, and a conformance report
showing whether the local data meet the common model,
metadata, feature, and label specifications. Non-IID
characterization would be performed before training and
repeated during the lifecycle to identify changes in
chemical-space coverage, assay distributions, endpoints, or
missingness that could alter the behavior of the global
model.

The federated training stage would connect approved local
models through authenticated and governed update
exchange. Participating institutions would train locally,

generate signed and versioned updates, apply required
privacy and security controls, and transfer only permitted
artifacts to the aggregation service. The aggregation layer
would combine eligible contributions under a predefined
policy, generate a candidate global model, and return the
approved version for site-specific evaluation. Cross-site
validation, bias assessment, fairness review,
reproducibility checks, expert pharmacology review,
natural product chemistry review, and safety-oriented
review would then determine whether the model remains
suitable for the stated research purpose. Traditional
knowledge and biodiversity-linked information would be
subject to an additional eligibility gate because responsible
use may depend on collective benefit, authority to control,
responsibility, and ethics rather than technical data locality
alone [29]. Table 3 presents the proposed federated
learning architecture for cross-institutional phytochemical
discovery.

Table 3. Proposed Federated Learning Architecture for Cross-Institutional Phytochemical Discovery: Consortium
Formation, Data Governance, Local Data Curation, Metadata Harmonization, Local Training, Secure Update Transfer,
Global Aggregation, Cross-Site Validation, Bias Review, Expert Oversight, Lifecycle Governance, Feedback, and
Claim Boundaries
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The architecture operates as a controlled feedback system
rather than as a linear pipeline ending with a ranked
compound list. Validation failures, security findings,
expert concerns, metadata discrepancies, distribution drift,
or newly generated experimental evidence would return to
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the appropriate local curation, harmonization, training, or
governance stage. No model output would cross the
candidate-prioritization boundary without
validation, uncertainty reporting, model documentation,
and expert review. Figure 2 presents the proposed

site-wise
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federated learning architecture for -cross-institutional
phytochemical discovery, integrating local stewardship,
harmonization, federated training, privacy safeguards,

validation, governance,
feedback.

expert review, and lifecycle

Proposed Federated Learning Architecture for Cross-Institutional Phytochemical Discovery
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Figure 2. Proposed Federated Learning Architecture for Cross-Institutional Phytochemical Discovery

Alt-text description

A conceptual federated learning architecture showing
consortium governance, local phytochemical data curation,
harmonized metadata, local training, secure update
transfer, global aggregation, validation, privacy and
security review, expert oversight, lifecycle governance,
and feedback loops.

Implementation implications
Implementation would require more institutional
preparation than installing a common federated-learning
package. Academic consortia, natural product laboratories,
pharmaceutical partners, clinical pharmacology groups,
and bioinformatics teams would first need to agree on
scientific tasks, local eligibility rules, metadata
requirements, endpoint definitions, structure-
standardization procedures, validation partitions, and
acceptable outputs. Multicohort federated research using a
common data model demonstrates that local mapping,
terminology alignment, extract-transform-load procedures,

data-quality testing, and cross-site coordination can
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constitute a substantial part of the work required before
collaborative learning begins [30]. Phytochemical
consortia should therefore budget for data stewardship,
ontology development, assay harmonization, provenance
correction, documentation, and local conformance testing
rather than treating these activities as incidental
preprocessing.

A bounded feasibility phase would be appropriate before
any broader research use. Such a phase could test whether
each institution can execute the approved local pipeline,
generate compatible features and labels, authenticate
securely, transfer permitted updates, reproduce the
intended model version, and return local validation
summaries without exposing restricted information.
Feasibility research over a distributed common-data-model
network supports the value of testing local transformation,
distributed execution, communication, and result
consistency before inferring operational readiness [31].
For phytochemical discovery, feasibility criteria should
include structure and assay conformance, non-IID
diagnostics, update integrity, site-level model behavior,
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documentation completeness, expert-review procedures,
and the ability to suspend or roll back the workflow when
validation or security conditions are not met.

Institutional trust would depend on continuing oversight
rather than a one-time technical demonstration. Data
stewards would monitor local eligibility and quality;
privacy and security teams threat
assumptions and controls; ethics committees or equivalent
review bodies would assess sensitive data uses where

would review

applicable; governance boards would authorize model
changes and resolve disputes; domain experts would
evaluate biological and chemical plausibility; and funding
bodies would need to support shared infrastructure,
harmonization, auditing, and long-term maintenance.
These implications describe a research implementation
pathway, not legal, cybersecurity, regulatory, clinical, or
deployment advice. Any operational transition would
require separate context-specific assessment,
authorization, validation, security testing, and institutional
approval beyond the conceptual architecture presented
here.

CONCLUSION

This article proposes a federated learning architecture for
cross-institutional phytochemical discovery that connects
local data stewardship with harmonized collaborative
model development, governed update exchange, privacy
and security safeguards, cross-site validation, bias and
fairness review, expert oversight, model documentation,
lifecycle governance, and structured feedback. Its central
premise is that retaining sensitive data within participating
institutions can support collaboration where centralization
is inappropriate or impractical, but data locality does not
automatically ensure privacy, security, fairness, scientific
validity, therapeutic relevance, or institutional trust.
Responsible use requires explicit management of
heterogeneous chemical and biological data, realistic non-
IID conditions, privacy leakage and integrity risks,
common metadata and endpoint definitions, site-level
validation, reproducibility, and carefully controlled
interpretation. The proposed architecture therefore
positions federated learning as an enabling component of
collaborative research rather than as an autonomous
discovery system, privacy guarantee, security certification,
therapeutic-validation mechanism, or deployment-ready
platform.
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