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Abstract

Age-related diseases represent a complex and expanding burden on health systems, and
peptide-based therapeutic candidates have emerged as a promising but difficult-to-navigate
modality because of their structural diversity, uncertain bioavailability, immunogenicity, and
context-dependent mechanisms. This paper examines the system-level design of large
language model-based recommendation platforms for peptide candidates in age-related
disease research. Rather than treating recommendation as a single generative act, the paper
frames it as a socio-technical infrastructure problem involving knowledge integration,
retrieval, validation, human oversight, deployment economics, and governance. The analysis
considers how foundation models, protein structure prediction, molecular representation
learning, and biomedical literature synthesis can be combined within modular architectures
that support candidate triage without overstating predictive certainty. It discusses structural
trade-offs among centralization and federation, latency and depth, model generality and
domain specificity, and openness and intellectual property protection. The paper also
addresses robustness under distribution shift, fairness in population and evidence
representation, sustainability of compute-intensive workflows, and policy implications for
regulatory review. A central argument is that recommendation quality depends less on model
scale alone than on the surrounding evidence infrastructure, provenance controls, auditability,
and appeal mechanisms that allow researchers to contest or refine outputs. Cross-domain
comparisons with clinical decision support, drug repurposing, and materials discovery clarify
both the promise and the limits of language model-driven peptide recommendation. The
conclusion emphasizes that responsible deployment requires validated benchmarks,
transparent model documentation, federated data strategies, and governance arrangements that
align discovery acceleration with scientific accountability.
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1. Introduction

The study of age-related diseases has moved from a collection of isolated organ-specific
conditions toward a more integrated understanding of biological aging as a shared risk
architecture. This shift has created demand for computational systems that can synthesize
heterogeneous evidence and propose plausible therapeutic candidates across molecular,
cellular, and clinical scales. Peptides are especially attractive in this context because they can
modulate protein-protein interactions, signaling pathways, and immune responses with high
specificity, yet they are also difficult to design and prioritize because their activity depends on
stability, delivery, target context, and patient heterogeneity. Large language models have
entered this space as general-purpose reasoning and synthesis engines that can query literature,



generate candidate explanations, and connect molecular features with disease mechanisms.
However, the translation from fluent text generation to reliable candidate recommendation is
not automatic. It requires system-level thinking about data provenance, model adaptation,
retrieval, evaluation, human decision-making, and the institutional conditions under which
recommendations are used [1], [2], [3], [4]-

A central premise of this paper is that peptide candidate recommendation for age-related
disease research should be treated as a recommendation infrastructure rather than as a
standalone chatbot or predictive model. Such an infrastructure must ingest structured and
unstructured biomedical knowledge, represent peptide properties and aging mechanisms, rank
candidates according to explicit and contestable criteria, and preserve enough provenance for
experts to reconstruct why a candidate was surfaced. The recommender must also distinguish
between novelty and plausibility, between mechanistic coherence and experimental validation,
and between population-level evidence and individual-level inference. These distinctions are
not merely technical; they determine whether the system accelerates discovery or amplifies
unverified hypotheses. The discussion therefore focuses on architecture, governance,
deployment, sustainability, fairness, and policy as first-order design concerns rather than
downstream afterthoughts.

2. Aging-Related Disease Research and the Peptide Candidate Space

Aging-related disease research spans neurodegeneration, cardiovascular disease, metabolic
dysfunction, musculoskeletal decline, immune senescence, and cancer, among other
conditions. The hallmarks of aging framework organizes this space around processes such as
genomic instability, epigenetic alterations, loss of proteostasis, disabled macroautophagy,
mitochondrial dysfunction, cellular senescence, stem cell exhaustion, altered intercellular
communication, and chronic inflammation [11]. Geroscience extends this framework by
linking aging biology to chronic disease susceptibility, arguing that interventions targeting
fundamental aging processes may produce broad healthspan effects [12]. Drug discovery for
aging has consequently become more systematic, with increasing attention to repurposing,
combination therapies, and biomarkers that can serve as intermediate endpoints [13]. Peptides
fit this landscape because they can act on many of these hallmarks, including inflammatory
signaling, senescence-associated secretory phenotypes, mitochondrial regulation, and
neurotrophic support.

The peptide candidate space is nevertheless difficult to navigate. Peptides can be natural,
synthetic, modified, cyclic, stapled, or conjugated, and their therapeutic behavior depends on
sequence, structure, charge, half-life, permeability, and immunogenicity. Animal-derived
peptides have received attention for their potential effects on aging-related diseases, but the
evidence base is heterogeneous and often requires careful interpretation across species,
preparation methods, and disease models [18]. Computational recommendation must
therefore avoid collapsing diverse evidence types into a single relevance score. It must
represent mechanistic hypotheses, experimental conditions, model organisms, dosage,
delivery route, and outcome measures. Databases such as the Human Ageing Genomic
Resources provide structured aging-related knowledge that can anchor recommendations [14],
while deep learning in biomedicine and molecular representation learning offer ways to
encode chemical and biological relationships [15], [16]. The challenge is to integrate these
resources without losing the contextual nuance that determines whether a peptide candidate is
genuinely promising.

3. Large Language Models as Scientific Recommendation Infrastructure



Large language models are built on transformer architectures that model long-range
dependencies in text and can be adapted to many tasks through prompting, fine-tuning, or
retrieval augmentation [2]. Few-shot learning demonstrated that sufficiently large models can
perform new tasks from limited examples, which encouraged their use in scientific literature
synthesis and hypothesis generation [3]. Foundation model research has since emphasized
both the generality of these systems and their risks, including brittleness, opacity, and
concentration of power [4]. In medicine, large language models have been shown to encode
clinical knowledge and to perform well on some medical question-answering tasks, but they
also exhibit limitations in reasoning, calibration, and safety [5], [6]. These findings matter for
peptide recommendation because biomedical decisions require more than plausible text; they
require traceable evidence, uncertainty communication, and accountability.

Earlier expert systems such as Watson illustrated both the ambition and the difficulty of
automating biomedical reasoning at scale [7]. Contemporary language models improve
fluency and flexibility, but they do not remove the need for structured domain knowledge.
Machine learning in chemoinformatics and drug discovery has long combined molecular
descriptors, graph representations, and predictive models to prioritize compounds [8], [9].
Deep learning has enabled rapid identification of potent inhibitors in specific discovery
campaigns [10], and molecular representation methods such as contrastive graph learning
improve the ability to relate chemical structure to function [16]. A peptide recommender
should therefore treat the language model as one component in a larger inference pipeline: it
can interpret queries, summarize evidence, propose connections, and generate explanations,
while specialized models evaluate structure, binding, stability, and synthesizability. This
division of labor reduces the risk of relying on linguistic fluency as a proxy for experimental
validity.

4. System Architecture for Peptide Candidate Recommendation

A robust system architecture for peptide candidate recommendation should be modular,
auditable, and capable of incorporating heterogeneous evidence. At the ingestion layer, the
system must collect biomedical literature, clinical trial records, patent data, protein interaction
databases, peptide repositories, aging-related ontologies, and internal experimental results. At
the representation layer, it must normalize entities such as genes, proteins, pathways, diseases,
peptides, modifications, and assays. At the retrieval layer, it must connect natural language
queries to structured records and document passages, often through retrieval-augmented
generation, so that the language model can ground its outputs in source material rather than
relying solely on parametric memory. At the inference layer, specialized modules can predict
structure, estimate binding affinity, assess stability, flag immunogenic motifs, and evaluate
drug-likeness. At the recommendation layer, candidates can be ranked by multiple criteria,
including mechanistic fit, novelty, feasibility, safety risk, and evidence strength. At the
oversight layer, human experts must be able to inspect provenance, adjust weights, and record
decisions.

This architecture involves structural trade-offs. A centralized platform can enforce consistent
data standards and simplify auditing, but it may create bottlenecks, concentrate sensitive data,
and disadvantage smaller research groups. A federated architecture can preserve institutional
control and support privacy-preserving collaboration, but it complicates model training,
evaluation, and versioning. An end-to-end model may offer convenience and smooth user
experience, but it obscures where errors originate and makes it difficult to replace outdated
components. A modular pipeline may be more transparent and maintainable, but it imposes



integration costs and can fragment responsibility. Similarly, a system optimized for low
latency may rely on cached or approximate retrieval, while a system optimized for depth may
run extensive simulations and literature synthesis. The appropriate balance depends on
whether the recommender is used for exploratory hypothesis generation, preclinical
prioritization, or regulatory-facing evidence assembly. In all cases, the system should expose
uncertainty, cite sources, and distinguish between generated hypotheses and validated
findings. Protein structure prediction tools such as AlphaFold can support structural
plausibility assessment [1], while molecular representation models and chemoinformatics
methods can help evaluate candidate properties [8], [16]. Instruction-tuned language models
can improve adherence to task constraints, but they still require guardrails and evaluation [17].

5. Data, Knowledge Integration, and Evidence Governance

The quality of peptide recommendation depends heavily on the underlying knowledge
infrastructure. Aging research spans decades of literature, diverse model organisms,
inconsistent outcome measures, and heterogeneous assay protocols. Integrating this material
requires ontologies, controlled vocabularies, provenance metadata, and versioned datasets.
Structured resources such as aging genomic databases provide valuable anchors, but they
must be linked to peptide-specific data, disease ontologies, and experimental evidence [14].
Natural language processing can extract relationships from publications, but extraction errors
can propagate into recommendations. Therefore, evidence governance must include source
tracking, confidence scoring, conflict detection, and periodic revalidation. When the system
surfaces animal-derived peptides or other natural product candidates, it should indicate the
strength and limitations of the supporting evidence rather than presenting a uniform
recommendation [18].

Governance also concerns access, privacy, and intellectual property. Biomedical data may be
subject to patient privacy regulations, institutional review board constraints, material transfer
agreements, and commercial licensing. A recommendation platform that aggregates such data
must define who can query which records, how outputs are stored, and whether generated
hypotheses can be patented or published. Model documentation practices such as model cards
can improve transparency by specifying intended use, training data, performance
characteristics, and limitations [20]. However, documentation alone is insufficient if the
system cannot be audited or contested. Evidence governance should therefore include
mechanisms for expert review, error reporting, version rollback, and dispute resolution. These
mechanisms transform the recommender from an opaque oracle into a negotiated scientific
instrument.

6. Model Adaptation, Evaluation, and Robustness

Adapting large language models to peptide recommendation can take several forms. Prompt
engineering can shape outputs without changing model weights, but it is sensitive to phrasing
and may not enforce domain constraints. Retrieval augmentation can ground outputs in
current literature, but it depends on index quality and retrieval recall. Supervised fine-tuning
can teach the model to follow domain-specific formats and reasoning patterns, but it requires
curated examples and can overfit to narrow datasets. Reinforcement learning from human
feedback can align outputs with expert preferences, but it may encode the biases of the
annotators and can reward stylistic fluency over scientific correctness [17]. A hybrid approach
is often preferable: retrieval for grounding, fine-tuning for domain adaptation, specialized
predictors for molecular properties, and human feedback for iterative refinement.



Evaluation must go beyond text similarity or user satisfaction. It should assess whether
recommended peptides are chemically valid, synthetically feasible, mechanistically plausible,
and supported by evidence. It should also measure calibration, because a recommender that is
confidently wrong is more dangerous than one that expresses uncertainty. Robustness testing
should examine performance under distribution shift, such as when the model is applied to a
new disease area, a different species, or a novel peptide modification. It should include
adversarial prompts that attempt to elicit unsafe or unsupported recommendations, and it
should test whether the system can abstain when evidence is insufficient. Comparisons with
clinical language model evaluations show that domain knowledge does not guarantee safe
reasoning [5], [6]. The stochastic parrots critique further warns that large models can
reproduce patterns without understanding, which makes superficial evaluation especially risky
[19]. For peptide recommendation, robustness means maintaining scientific humility while
still providing useful prioritization.

7. Deployment, Sustainability, and Scalability

Deployment choices shape who can use the system and under what conditions. Cloud-based
deployment offers scalability, elastic compute, and managed services, but it raises concerns
about data sovereignty, vendor lock-in, and recurring costs. On-premises or hybrid
deployment can protect sensitive data and support institutional control, but it requires
significant expertise and capital investment. Academic consortia may prefer federated or
shared services that allow querying across institutions without moving raw data. The
deployment model also affects sustainability. Large language models require substantial
energy for training and inference, and biomedical workflows may add structure prediction,
molecular simulation, and database queries. A system that recommends thousands of
candidates without filtering may waste compute and researcher attention. Sustainable design
therefore favors tiered evaluation, caching, smaller domain-specific models where appropriate,
and clear stopping rules for candidate exploration.

Scalability is not only a matter of hardware. It includes the ability to update knowledge bases,
retrain or recalibrate models, manage versions, and support growing user communities. A
recommender that works for a single laboratory may fail in a multi-institutional setting where
vocabulary, data access, and regulatory requirements differ. Interoperability standards and
modular interfaces can reduce integration costs. Model cards and transparent documentation
can help downstream users understand the system’s scope and limitations [20]. Foundation
model research highlights the risks of concentrating capability in a few large systems, so
deployment should consider pluralism, portability, and the ability of smaller institutions to
participate [4]. Sustainability also requires long-term funding for maintenance, because
biomedical knowledge decays quickly and an unmaintained recommender can become
misleading.

8. Fairness, Policy, and Regulatory Implications

Fairness in peptide recommendation has multiple dimensions. Representation fairness
concerns whether training data and knowledge bases adequately cover diverse populations,
diseases, and experimental models. Methodological fairness concerns whether the ranking
criteria systematically disadvantage certain peptide classes, delivery routes, or research
communities. Access fairness concerns whether the benefits of the system are available only
to well-resourced institutions. In aging research, these issues are especially salient because
aging-related diseases affect populations unevenly, and clinical translation often depends on
regulatory pathways that vary across jurisdictions. A recommender that prioritizes



commercializable peptides or well-studied targets may reinforce existing inequalities in
research funding and therapeutic development. Governance should therefore include explicit
criteria for prioritization, periodic bias audits, and mechanisms for underrepresented groups to
influence research agendas.

Policy and regulatory implications are equally significant. If a language model recommends a
peptide candidate that later enters preclinical or clinical development, questions arise about
evidence provenance, reproducibility, and responsibility. Regulators may not directly approve
a recommendation system, but they may scrutinize the data and methods used to support
investigational new drug applications. Transparency requirements, such as model
documentation and audit trails, can help [20]. However, overly prescriptive regulation may
slow innovation or favor large firms that can afford compliance. A balanced policy approach
would encourage disclosure of training data sources, evaluation results, uncertainty estimates,
and conflict-of-interest arrangements without requiring proprietary model weights to be
publicly released. The dangers of large language models, including bias and environmental
cost, also suggest that policy should address dual-use risks and the dissemination of
potentially harmful peptide candidates [19]. Ethical review boards, institutional biosafety
committees, and funding agencies all have roles in setting expectations for responsible use.

9. Case Illustrations and Cross-Domain Comparisons

Several cross-domain examples clarify the opportunities and limits of peptide
recommendation. Protein structure prediction demonstrated that deep learning can transform a
core biological problem when paired with large curated datasets and rigorous evaluation [1].
Drug discovery campaigns using deep learning have identified potent molecules in specific
target contexts, showing that computational prioritization can accelerate early discovery [10].
Expert systems such as Watson showed that integrating knowledge at scale is valuable but
also difficult to maintain and validate [7]. These cases suggest that peptide recommendation
should be judged by its ability to improve decision-making under uncertainty, not by its
ability to generate impressive text. In aging research, a recommender might help triage
peptides that modulate senescence, inflammation, or proteostasis, but it must account for the
fact that aging is multifactorial and that interventions may have context-dependent effects.
Evidence on animal-derived peptides illustrates both the promise and the interpretive
complexity of this domain, because findings may depend on preparation, species, and
endpoint selection [18].

Cross-domain comparison also reveals institutional differences. Clinical decision support
operates under strict safety and liability constraints, while early discovery is more tolerant of
exploratory hypotheses. Materials discovery uses simulation and experimental feedback loops
that can validate recommendations relatively quickly, whereas aging research often requires
long time horizons and complex in vivo models. A peptide recommender for aging should
therefore adopt a staged approach: broad hypothesis generation, structured filtering, expert
review, and targeted experimental validation. This staged model aligns with the way research
organizations already manage risk, but it requires the computational system to support
handoffs between stages rather than attempting to automate the entire pipeline.

10. Limitations and Future Directions

Current large language models cannot replace experimental validation, and peptide
recommendation remains limited by data scarcity, measurement heterogeneity, and
incomplete mechanistic understanding. The system may overrepresent well-studied targets



and underrepresent neglected diseases or non-Western herbal traditions. It may also confuse
correlation with causation when synthesizing literature. Future work should develop
benchmarks that reflect real discovery decisions, including negative results and failed
candidates. Federated learning and privacy-preserving data sharing could expand access to
proprietary or sensitive datasets without centralizing them. Multi-modal integration of text,
structure, omics, imaging, and assay data could improve candidate ranking, but it also
increases complexity and governance burden. Agentic workflows that plan searches and run
simulations may increase efficiency, yet they require stronger oversight to prevent
uncontrolled action. Finally, long-term field studies are needed to determine whether
recommender systems improve research outcomes, reduce bias, or simply accelerate the
production of plausible but unvalidated hypotheses [4], [19], [20].

11. Conclusion

Large language model-based recommendation of peptide candidates for age-related disease
research is best understood as an infrastructure challenge rather than a single-model problem.
The promise lies in synthesizing vast biomedical knowledge, connecting aging mechanisms
with peptide properties, and helping researchers prioritize candidates under uncertainty. The
risk lies in confusing fluent generation with scientific validity, embedding hidden biases, and
deploying systems without adequate provenance, evaluation, or accountability. A responsible
architecture should combine retrieval, domain-specific predictors, expert oversight, and
transparent documentation. Governance should address fairness, intellectual property, privacy,
regulatory expectations, and sustainability. As aging research becomes more data-intensive
and computationally mediated, recommender systems will increasingly shape which
hypotheses are pursued and which are ignored. Their design must therefore reflect scientific
values such as reproducibility, contestability, and equitable access, not merely technical
performance. The most credible systems will be those that assist expert judgment while
remaining honest about their limits.
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