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Abstract

The global demographic shift toward an aging population necessitates scalable, systems-level
interventions for age-related metabolic decline. Within this landscape, natural bioactive
compounds such as polysaccharides derived from Phyllostachys nigra have emerged as
promising modulators of host metabolism and gut microbial ecology. However, translating
such findings into robust, equitable health strategies requires a departure from reductionist
biomedical paradigms toward the design of integrated socio-technical systems that span
multi-omics data generation, artificial intelligence-driven modeling, distributed sensor
networks, and regulatory governance frameworks. This paper presents a long-form systems
analysis of Phyllostachys nigra polysaccharide-mediated metabolic alleviation, reframing the
phenomenon as a complex adaptive system characterized by nested feedback loops between
dietary inputs, the gut microbiome, host metabolic pathways, and environmental factors. We
critically examine the architectural requirements for integrating multi-omics data streams—
metagenomics, metabolomics, and transcriptomics—within a unified computational
infrastructure capable of real-time inference and resilience assessment. Particular attention is
devoted to the structural trade-offs between centralized cloud-based analytics and edge-native
processing for continuous health monitoring in older adults. The discussion extends to the
fairness, accountability, and data governance challenges that arise when deploying Al-driven
nutritional interventions across heterogeneous populations. By situating the biochemical
activity of Phyllostachys nigra polysaccharides within a larger systems engineering
framework, the paper identifies critical bottlenecks in reproducibility, model generalization,
and infrastructure sustainability. We argue that robust translation of microbiome-mediated
metabolic reprogramming demands not only biological insight but also an intentional
convergence of distributed systems design, privacy-preserving machine learning, and adaptive
policy instruments. The analysis yields a forward-looking research agenda that aligns
molecular intervention mechanisms with the imperatives of equitable, large-scale deployment
in aging societies.
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1. Introduction

The intersection of aging biology and metabolic regulation has long been a focal point of
biomedical inquiry, yet the systems-level implications of manipulating these pathways remain
underexplored. Metabolic decline is not a singular molecular failure but a cascade of
interacting dysfunctions spanning insulin sensitivity, lipid homeostasis, mitochondrial
bioenergetics, and chronic low-grade inflammation, all of which are modulated by the gut
microbiome as a distributed metabolic organ [1]. Phytochemical interventions, particularly
plant-derived polysaccharides, have attracted attention for their capacity to reshape the gut
microbial ecosystem and reprogram host metabolism in ways that mitigate age-related
deterioration [2]. Among these, polysaccharides extracted from Phyllostachys nigra, a
bamboo species with a long ethnopharmacological history, have demonstrated notable
glycolipid-regulating properties and modulatory effects on murine gut microbiome
composition [13]. While such biochemical findings are compelling, their interpretation
through a narrow molecular lens overlooks the broader architectural challenges associated
with translating these discoveries into population-scale, sustainable interventions. The present
paper reframes the biological inquiry as a systems engineering problem, demanding the
integration of heterogeneous data modalities, adaptive learning pipelines, and policy-aware
deployment infrastructures. We argue that the alleviation of aging-associated metabolic
decline by Phyllostachys nigra polysaccharides constitutes a prototypical case for studying the
structural trade-offs inherent in complex health intervention systems, from sensor-level data
acquisition to algorithmic fairness and long-term governance.

Contemporary geroscience increasingly acknowledges that no single molecule operates in
isolation; rather, bioactive compounds engage with entire ecological networks within the host.
The gut microbiome, comprising trillions of microorganisms, functions as a decentralized
biosensor and metabolic processor, converting dietary polysaccharides into short-chain fatty
acids, secondary bile acids, and other signaling metabolites that reverberate through host
organs [3]. Phyllostachys nigra polysaccharides, as heterogeneous carbohydrate polymers, are
not directly absorbed but instead serve as substrates for specific microbial consortia,
triggering a reprogramming cascade that alters the topology of the microbial interaction
network and, consequently, the host metabolome [4]. Understanding this reprogramming
requires computational models capable of capturing nonlinear dynamics, feedback loops, and
emergent behaviors that are characteristic of complex systems [5]. The systems perspective
thus demands a departure from static biomarker associations toward dynamic, context-
sensitive representations of host-microbiome-metabolite axes. This shift has profound
implications for the design of monitoring systems, as interventions must be continuously
tuned to an individual’s evolving physiological state and environmental exposures. The large-
scale deployment of any intervention derived from Phyllostachys nigra polysaccharides will
ultimately depend on the robustness of the underlying cyber-physical infrastructure that
gathers, processes, and acts upon personalized multi-omics data streams.

The translation pipeline from laboratory findings to real-world implementation is fraught with
structural challenges that mirror classical problems in large-scale systems engineering. Data
heterogeneity across metabolomic platforms, sequencing technologies, and behavioral sensors
introduces integration bottlenecks that demand carefully designed extract-transform-load



(ETL) architectures [6]. Model training on multi-omics datasets must contend with the curse
of dimensionality, batch effects, and the sparsity of longitudinal measurements in aging
cohorts, all of which threaten the generalization and reproducibility of inferred metabolic
reprogramming signatures [7]. Furthermore, the deployment of Al-driven nutritional
recommendations raises critical questions about fairness and bias, particularly when the
training data underrepresent minority populations, older adults with multiple chronic
conditions, or individuals with non-Western dietary patterns [8]. These issues are
compounded by the regulatory ambiguity surrounding polysaccharide-based supplements,
which occupy a liminal space between food and pharmaceutical products across different
jurisdictions [9]. A systems-oriented analysis must therefore encompass not only the
biochemical and computational dimensions but also the governance frameworks that will
shape the accessibility, safety monitoring, and post-market surveillance of such interventions.
The present paper undertakes this holistic examination, using the Phyllostachys nigra
polysaccharide case as a vehicle to explore the interdependent layers of infrastructure,
analytics, and policy.

2. Systems Architecture for Multi-Omics Integration

The characterization of metabolic reprogramming by Phyllostachys nigra polysaccharides
necessitates a multi-omics data fabric that seamlessly connects metagenomic,
metatranscriptomic, metabolomic, and proteomic readouts. Such a fabric must be architected
to handle the volume, velocity, and variety of data generated in longitudinal human studies,
where sampling frequencies may range from daily stool collections to continuous glucose
monitoring streams [10]. A central design tension arises between centralized cloud-based
aggregation and federated edge processing. Centralized architectures simplify data
harmonization and enable large-scale statistical modeling; however, they introduce single
points of failure, raise privacy concerns, and may not meet the latency requirements for real-
time intervention adjustment in home settings [11]. Conversely, edge-native designs, where
initial feature extraction and anomaly detection occur on local devices or home hubs, offer
resilience and low-latency feedback but complicate model synchronization and global
knowledge extraction [12]. In the context of aging populations who may inhabit smart home
environments, a hybrid architecture is often the most viable compromise: lightweight
preprocessing and safety-critical alerting are performed at the edge, while de-identified
feature vectors are transmitted to a secure cloud for population-level meta-analysis and model
retraining. The bi-directional data flow must be orchestrated by an event-driven middleware
layer that enforces data provenance, schema evolution, and versioning of both raw data and
derived models.

Within this architecture, the specific biological signals linked to Phyllostachys nigra
polysaccharide intake, such as shifts in the Bacteroidetes-to-Firmicutes ratio, increases in
Akkermansia muciniphila relative abundance, and altered circulating levels of succinate or
propionate, must be captured as structured semantic features [13]. The integration pipeline
must reconcile the disparate temporal resolutions of these markers: 16S rRNA gene amplicon
surveys may be collected weekly, whereas metabolomic snapshots from plasma may be
acquired at a far sparser cadence due to cost and invasiveness. Time-series alignment
algorithms, such as dynamic time warping coupled with Gaussian process imputation, become
essential components of the data engineering stack, ensuring that downstream models are not
misled by asynchronous sampling artifacts [14]. Moreover, the architecture must incorporate
metadata concerning dietary context, medication use, and physical activity, as these covariates



profoundly shape the gut ecosystem’s response to polysaccharide administration. The
ingestion of these contextual streams demands robust application programming interfaces
(APIs) that can ingest data from heterogeneous consumer wearables and electronic health
records, transforming them into a common data model that aligns with the Observational
Medical Outcomes Partnership (OMOP) standard or similar ontologies [15]. Failure to
establish such semantic interoperability early in system design results in brittle pipelines that
cannot scale beyond the original pilot study.

Resilience and sustainability represent further architectural imperatives. The bioinformatics
workflows required to process raw sequencing reads through quality control, taxonomic
classification, functional annotation, and ecological network inference are computationally
intensive and prone to software dependency rot [16]. Containerization using technologies
such as Docker and workflow managers like Nextflow can mitigate environment drift, but
these solutions introduce their own governance overhead, requiring organizations to maintain
curated container registries and continuous integration pipelines that verify reproducibility
across operating system updates. The long-term nature of aging research, which may involve
decades of follow-up, imposes stringent demands on data storage formats and archival
strategies. Open file formats such as HDF5 for numerical matrices and BAM/CRAM for
sequence alignments, combined with periodic integrity checks, must be mandated to prevent
silent data corruption. The energy footprint of maintaining massive genomic data lakes and
retraining deep learning models also raises sustainability concerns, prompting active research
into green computing strategies that include sparse model architectures, quantized neural
networks, and carbon-aware scheduling of batch processing jobs [17]. The systems
architecture for Phyllostachys nigra polysaccharide research, therefore, must be conceived not
merely as a data pipeline but as a long-lived socio-technical infrastructure that balances
performance, cost, privacy, and environmental impact over its entire lifecycle.

3. Al-Driven Pattern Recognition in Metabolic Reprogramming

Uncovering the metabolic reprogramming signatures induced by Phyllostachys nigra
polysaccharides requires machine learning methodologies that transcend standard differential
abundance testing. The gut microbiome behaves as a high-dimensional dynamical system
whose state transitions in response to dietary perturbations are often subtle, nonlinear, and
contingent on the host’s baseline metabolic set point [18]. Deep learning architectures,
including variational autoencoders and graph neural networks, have shown promise in
learning low-dimensional latent representations of microbiome-metabolome covariation that
are robust to technical noise and inter-individual variability [19]. When applied to
longitudinal data from rodent models fed with Phyllostachys nigra polysaccharides [13], such
models can identify latent trajectory classes corresponding to strong versus weak responders,
shedding light on the preconditions that govern intervention efficacy. A critical systems
consideration is the trade-off between model interpretability and predictive performance.
While black-box transformers may achieve superior accuracy in forecasting metabolic
outcomes, their opacity hampers regulatory acceptance and clinical trust, particularly in
geriatric populations where multimorbidity introduces complex risk profiles [20]. Explainable
Al techniques, such as SHAP value decomposition of gradient-boosted tree ensembles or
attention-head analysis in transformers, must be systematically integrated into the inference
pipeline to generate clinically actionable insights about which microbial taxa or metabolites
mediate the observed metabolic improvements.



The robustness of Al models in this domain is challenged by distributional shifts across
populations, diets, and geography. A classifier trained to recognize a metabolically healthy
trajectory based on European cohort data may fail when deployed in an Asian population
consuming a fundamentally different background diet, which alters the baseline microbial
landscape and the metabolic fate of polysaccharides [21]. Domain adaptation and transfer
learning strategies are essential components of a generalizable system. For instance,
adversarial domain-invariant feature learning can be employed to align latent representations
across source and target cohorts, enabling the reuse of labeled data from controlled murine
experiments to inform human intervention studies [22]. However, these techniques assume
that the causal mechanisms remain invariant, an assumption that must be empirically
validated through counterfactual reasoning frameworks. The systems community has
increasingly embraced causal representation learning as a means of disentangling stable
biological mechanisms from spurious correlations driven by batch effects or unmeasured
confounders [23]. Applying such methods to Phyllostachys nigra polysaccharide studies could
illuminate whether the observed increases in butyrate-producing bacteria are causally
downstream of the polysaccharide’s fermentation or merely reflect a concomitant dietary shift
inadvertently introduced by the experimental protocol.

Deploying Al-driven metabolic reprogramming models in real-world aging care settings
demands a continuous learning paradigm that adapts to concept drift over time. An older
individual’s metabolic status, medication regimen, and gut microbiome composition evolve,
rendering an initially accurate predictive model stale without periodic retraining. This creates
a feedback loop between the Al system and the very interventions it recommends, which, if
not carefully managed, can lead to unintended negative consequences such as confirmatory
bias in nutritional advice. To mitigate this risk, the system architecture must incorporate
online learning with safeguards: model updates should be gated by human-in-the-loop review
and statistically rigorous A/B testing frameworks that compare new model recommendations
against a stable baseline policy [24]. The computational overhead of continuous retraining on
streaming multi-omics data is substantial and demands efficient incremental learning
algorithms that avoid full retraining from scratch. Reservoir computing and meta-learning
approaches that rapidly adapt to new individuals with few-shot samples represent promising
avenues for deploying personalized metabolic health agents at scale while respecting the
constraints of edge computing environments [25]. The interplay between deep learning,
causal inference, and continuous deployment thus defines a rich design space for systems that
translate polysaccharide research into sustained metabolic health benefits.

4. Microbiome Network Robustness and Resilience

The metabolic reprogramming mediated by Phyllostachys nigra polysaccharides can be
conceptualized as a perturbation to the ecological network of the gut microbiome, where the
structural properties of the network determine the system’s resilience and the stability of the
resulting health benefits. Ecological network theory posits that microbial communities with
high modularity and redundancy of functional pathways are more robust to external
disturbances, including dietary shifts and antibiotic exposure [26]. The introduction of a
complex polysaccharide serves as a targeted resource pulse that can reconfigure the network’s
topology, potentially enhancing functional redundancy in short-chain fatty acid production
pathways. However, the same perturbation can render the network temporarily fragile if it
overstimulates a small clique of specialist degraders whose bloom disrupts cross-feeding
equilibria [27]. Systems-level analysis must therefore apply network inference algorithms,



such as SparCC or SPIEC-EASI, to longitudinal metagenomic data to track changes in
connectivity, transitivity, and keystone species after polysaccharide administration [28].
Observations from murine models suggest that Phyllostachys nigra polysaccharides reinforce
network modularity by promoting mutualistic interactions among butyrate producers and
mucin-degrading Akkermansia, but the generalization of this finding to human microbiomes
with higher strain-level diversity remains an open challenge [13].

The robustness of the reprogrammed metabolic state is of paramount importance for long-
term aging intervention. A resilient system should maintain improved glycolipid homeostasis
even after polysaccharide withdrawal, akin to the concept of ecological memory in soil
microbiomes. Achieving such hysteresis requires not only transient network reorganization
but the establishment of alternative stable states reinforced by positive feedback loops, such
as the anti-inflammatory effects of butyrate on the gut epithelium that, in turn, create a
colonic environment favorable to butyrate-producing taxa [29]. Designing supplementation
regimens that maximize the probability of transitioning to and remaining within a healthy
metabolic basin of attraction is a non-trivial control problem. Model predictive control
frameworks, which iteratively optimize dosing schedules based on dynamic model
simulations, have been proposed for microbiome engineering and could be adapted to
personalize the duration and periodicity of Phyllostachys nigra polysaccharide intake [30].
However, the parameterization of such controllers requires high-fidelity digital twins of the
gut ecosystem that are currently limited by the sparsity of quantitative kinetic data on
polysaccharide fermentation rates in vivo. The integration of continuous in vitro gut simulator
data with in vivo metabolomic snapshots through data assimilation techniques represents a
middle ground that balances model complexity with empirical tractability.

Infrastructure considerations are critical for scaling network resilience analyses to population-
level studies. The computational demands of network inference scale superlinearly with the
number of microbial features, making it infeasible to apply the most accurate Bayesian
network methods to cohorts of tens of thousands. System designers must therefore architect a
tiered analytics strategy: preliminary screening of large datasets using fast, correlation-based
methods identifies a subset of individuals exhibiting significant network topology shifts, who
are then subjected to more expensive causal network analysis. This tiered approach mirrors
the triage architectures used in large-scale cloud monitoring systems and introduces similar
trade-offs between false negative and false positive rates in flagging individuals for deep
analysis. Furthermore, the reproducibility of network science findings in microbiome research
has been hampered by the sensitivity of inference algorithms to normalization choices and
sequencing depth. A robust data infrastructure must preserve raw count data and enable
seamless re-execution of network analyses with updated pipelines, a requirement that aligns
with the FAIR (Findable, Accessible, Interoperable, Reusable) data principles promoted by
the biomedical community [16]. Without a commitment to reproducible computational
workflows, the structural insights gleaned from Phyllostachys nigra polysaccharide studies
will remain anecdotal, undermining the evidence base needed for regulatory approval and
clinical adoption.

5. Infrastructure and Data Governance in Translational Geroscience

Translating the microbiome and metabolic reprogramming insights from Phyllostachys nigra
polysaccharide research into a deployable health intervention necessitates a comprehensive
infrastructure governance framework that addresses data ownership, privacy, algorithmic
accountability, and long-term sustainability. The multi-omics data streams that characterize



host-microbiome interactions are inherently identifiable, rendering traditional de-
identification techniques insufficient against re-identification attacks when combined with
dietary and lifestyle metadata [8]. Federated learning architectures have been proposed as a
privacy-preserving alternative to centralized data aggregation, enabling model training across
distributed cohorts without moving raw data. However, federated systems introduce their own
governance complexities, including the need for secure aggregation protocols, differential
privacy guarantees, and mechanisms for auditing model updates to detect adversarial
manipulation [11]. In the context of aging populations who may be enrolled in nursing home
or assisted living facilities, the ethics of continuous monitoring and data sharing require
layered consent models that distinguish between primary use for individual care optimization,
secondary use for research, and tertiary use by commercial supplement manufacturers. The
governance framework must be co-designed with geriatricians, ethicists, and patient
advocates to ensure that the deployment of polysaccharide-based interventions does not
exacerbate the digital disenfranchisement of older adults.

Data quality and provenance tracking are foundational to any translational system. The
laboratory analysis of Phyllostachys nigra polysaccharide effects involves multiple manual
and automated steps, from sample collection and storage to DNA extraction, library
preparation, sequencing, and bioinformatics processing. Each step introduces potential
variability that can confound downstream metabolic reprogramming signatures. A robust
infrastructure implements end-to-end provenance chains using blockchain or lightweight
cryptographic commitments, ensuring that every derived data point can be traced back to its
raw instrument output and protocol parameters [6]. This level of traceability is essential for
post-market surveillance, allowing regulatory bodies to distinguish between genuine loss of
biological efficacy and batch-related analytical artifacts in real-world evidence studies.
Moreover, the infrastructure must be designed for interoperability across national health
systems, as aging is a global phenomenon and dietary interventions do not respect
geopolitical boundaries. Adherence to international data exchange standards such as HL7
FHIR for phenotypic data and the Genomic Data Commons data model for molecular
readouts facilitates cross-border meta-analyses that can validate the metabolic benefits of
polysaccharide consumption across diverse populations [15]. The harmonization of regulatory
classifications for polysaccharide products, whether as dietary supplements, medical foods, or
botanical drugs, demands a parallel governance track that is informed by the evolving
computational evidence base.

Algorithmic fairness and bias mitigation represent urgent cross-cutting concerns. If Al models
trained on multi-omics data from predominantly Caucasian cohorts are used to drive
nutritional recommendations for African American or Hispanic older adults, there is a
substantial risk of systematically poorer metabolic outcomes due to unaccounted genetic and
microbiome population structure [21]. Addressing this requires not only representative data
collection but also fairness-aware machine learning techniques that explicitly penalize
performance disparities across demographic subgroups during model optimization. The
system architecture must incorporate fairness auditing as a continuous process, with
dashboards that monitor key equity metrics in real-world deployments and trigger an alert
when between-group disparities exceed predefined thresholds. Such monitoring, however,
demands careful definition of fairness criteria—individual fairness, group fairness, or equality
of opportunity—each with distinct trade-offs that must be deliberated openly with community
stakeholders [8]. The Phyllostachys nigra polysaccharide case, given its roots in East Asian
ethnopharmacology, offers a vivid illustration of the need for equitable benefit sharing,



ensuring that the populations who stewarded the traditional knowledge of bamboo
bioactivities are not excluded from the downstream health innovations. Benefit-sharing
mechanisms, such as tiered licensing structures that channel royalties into community health
initiatives, can be encoded into the infrastructure through smart contracts, representing a
novel convergence of systems engineering and global health ethics.

6. Policy, Fairness, and Societal Implications

The widespread deployment of Phyllostachys nigra polysaccharide-based interventions for
metabolic decline in aging societies must navigate a complex policy landscape that spans
dietary supplement regulation, health technology assessment, and digital health
reimbursement. In many jurisdictions, polysaccharide extracts from bamboo fall under food
supplement frameworks with limited pre-market safety and efficacy testing requirements,
leading to a marketplace flooded with products of variable purity and biological activity [9].
A systems perspective demands the construction of regulatory architectures that are
proportionate to risk yet agile enough to accommodate the iterative learning inherent in Al-
augmented nutrition. Regulatory sandboxes, which allow for tightly monitored pilot
deployments with real-world evidence generation, represent a promising governance
innovation for microbiome-directed interventions. These sandboxes enable the gradual
expansion of health claims as evidence matures, structured around adaptive licensing
pathways that have been pioneered in the pharmaceutical sector for cell and gene therapies
[24]. The integration of real-time safety monitoring via the multi-omics infrastructure
discussed earlier provides an unprecedented opportunity to detect on-target toxicities that may
emerge only at the population scale, such as the unintended promotion of opportunistic
pathogens due to cross-feeding on the administered polysaccharide.

Fairness concerns extend beyond algorithmic bias to the structural determinants of who can
access these interventions. Even if Phyllostachys nigra polysaccharides prove effective, their
distribution through market-based channels risks widening health disparities between affluent
older adults who can afford premium supplements with digital coaching and those reliant on
underfunded public health services. Policy instruments such as value-based pricing, where
reimbursement is tied to documented metabolic improvements, could align financial
incentives with equitable health outcomes. However, such schemes necessitate a robust data
infrastructure that can track individual-level outcomes longitudinally, raising the privacy
concerns already discussed. The public acceptability of continuously monitored dietary
interventions in aging populations is contingent on transparent data governance and the
demonstrable absence of punitive uses of health data, such as increased insurance premiums
for individuals who do not achieve expected metabolic reprogramming [25]. The design of
consent mechanisms and data stewardship models, potentially drawing on the concept of data
cooperatives where older adults collectively govern the use of their multi-omics data, must be
advanced in parallel with the biological and computational research. This socio-technical co-
design is essential to cultivate the trust reservoir necessary for longitudinal population-scale
studies that can definitively validate the metabolic benefits of Phyllostachys nigra
polysaccharides.

The environmental sustainability of a global Phyllostachys nigra polysaccharide supply chain
must also be integrated into the policy discourse. Bamboo is a rapidly renewable resource, but
large-scale cultivation for pharmaceutical-grade polysaccharide extraction could drive
monoculture practices that reduce biodiversity and strain water resources if not governed by
sustainable agriculture certifications [17]. The systems engineering community can contribute



to this challenge by developing supply chain digital twins that optimize the logistics of
harvesting, processing, and distribution to minimize carbon footprint while ensuring cold-
chain integrity for bioactive stability. The coupling of environmental footprint metrics with
health outcome data would enable a holistic life cycle assessment of the intervention,
informing policy decisions about whether polysaccharide supplementation or alternative
strategies such as whole-food bamboo shoot consumption yield superior net societal benefit.
Long-term policy roadmaps should consider the strategic stockpiling and equitable global
allocation of evidence-based geroprotective nutraceuticals, drawing lessons from the COVID-
19 vaccine distribution failures that highlighted the catastrophic consequences of inadequate
global governance frameworks for health technologies. Aging is a universal challenge, and
the systems we build to translate discoveries like those surrounding Phyllostachys nigra
polysaccharides will define the resilience and fairness of our societies in the decades ahead.

7. Conclusion

This paper has presented a comprehensive systems analysis of the alleviation of aging-
associated metabolic decline by Phyllostachys nigra polysaccharides, deliberately shifting the
discourse from purely molecular characterizations to the architecting of large-scale, equitable,
and sustainable intervention systems. We have argued that the gut microbiome serves as a
distributed metabolic processor whose reprogramming by dietary polysaccharides can only be
understood, predicted, and steered through the tight integration of multi-omics data
infrastructure, advanced machine learning, and adaptive governance frameworks. The design
space is rife with structural trade-offs: between centralized and edge-based data processing,
between model accuracy and interpretability, and between individual privacy and population-
level evidence generation. By addressing these trade-offs explicitly, the systems perspective
offers a roadmap for transforming promising preclinical findings into real-world health
technologies that are robust to distributional shifts, fair across demographic strata, and
environmentally sustainable. The Phyllostachys nigra polysaccharide case ultimately
illustrates a generalizable principle: in an era of complex chronic disease, the most profound
translational bottlenecks are not biological but infrastructural and governance-related. Future
research must invest equally in the computational and social architectures that will host the
coming wave of microbiome-targeted gerotherapeutics, ensuring that the fruits of metabolic
reprogramming research are shared safely and justly across the aging global population.
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