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Abstract

Biological systems are continuously exposed to internal and external perturbations, yet they maintain
functionality through complex adaptive and regulatory mechanisms. While conventional omics
approaches have substantially advanced our understanding of molecular responses to stress, they
predominantly capture static states or peak responses, overlooking the dynamic processes governing
recovery and long-term system stability. Here, we introduce resiliomics, a conceptual omics
framework dedicated to the quantitative characterization of biological resilience. Resiliomics
integrates time-resolved multi-omics data with systems biology and network-based approaches to
quantify key parameters, including recovery kinetics, perturbation amplitude, and system
robustness. Importantly, resiliomics incorporates genetic determinants of resilience, including gene
regulatory mechanisms, genetic variation, and genotype—phenotype relationships, which shape
system responses and recovery trajectories across biological contexts. By shifting the focus from
response-centric to recovery-centric analyses, this framework enables the investigation of dynamic
trajectories underlying adaptation and stability. Resiliomics provides a unifying perspective that
bridges molecular biology, ecology, and engineering principles of resilience, offering new
opportunities for predictive modeling and integrative analyses across biological scales. This
approach has broad implications for understanding stress tolerance, disease dynamics, and
ecosystem stability in a rapidly changing environment.

Keywords: resiliomics; biological resilience; multi-omics; systems biology; recovery dynamics;
network stability; stress response; time-series omics

1. Introduction

Biological resilience—the capacity of a system to absorb perturbations and return to a functional
equilibrium —is a fundamental property of living organisms across all levels of organization, from
molecules to ecosystems [1,2]. This concept has been extensively developed in ecology, where
resilience describes the ability of ecosystems to maintain structure and function following
disturbances (Holling, 1973), and later expanded to include adaptive capacity and regime shifts [2—
4]. In parallel, engineering sciences have formalized resilience through quantitative frameworks
focusing on system stability, recovery rates, and robustness under perturbation [4-6]. Despite these
advances, the explicit integration of resilience into molecular and systems biology remains limited.

A critical yet underexplored dimension of biological resilience lies in its genetic basis [7-11].
Variability in resilience across individuals, populations, or species is often rooted in genetic variation,
including allelic diversity, regulatory polymorphisms, and epigenetic modifications that influence
gene expression dynamics [12-15]. Gene regulatory networks, shaped by both genetic architecture
and environmental inputs, play a central role in determining how systems respond to perturbations
and recover over time [16,17]. Understanding resilience therefore requires integrating genotype—
phenotype relationships with dynamic molecular processes, linking genetic variation to differences
in recovery kinetics, robustness, and adaptive capacity [18-20].
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In biological sciences, resilience has often been implicitly addressed through the study of stress
responses, homeostasis, and robustness [4,21]. Early work on physiological homeostasis and later
developments in systems biology highlighted the importance of feedback regulation and network
stability in maintaining biological function [22,23]. More recently, robustness has been defined as the
persistence of system function despite internal and external perturbations, particularly in gene
regulatory and metabolic networks [24,25]. However, most of these studies focus on system resistance
or response amplitude, rather than on the dynamic processes of recovery and return to equilibrium,
which are central to resilience.

The advent of omics technologies—including genomics, transcriptomics, proteomics, and
metabolomics—has revolutionized our understanding of biological systems by enabling high-
throughput, genome-scale measurements [26-28]. These approaches have been widely applied to
characterize molecular responses to environmental and physiological stressors, revealing complex
regulatory networks and pathway-level adaptations [29-32]. Nevertheless, conventional omics
studies are predominantly based on static snapshots or limited time points, capturing peak responses
rather than the full temporal trajectory of perturbation and recovery [33,34]. As a result, critical
aspects of biological resilience—such as recovery kinetics, system stability, and long-term
adaptation—remain insufficiently characterized [18,20,35,36].

Recent technological advances are beginning to address these limitations. Time-resolved omics,
single-cell sequencing, and real-time imaging now enable the monitoring of dynamic biological
processes with high temporal resolution [37,39]. In parallel, the integration of multi-omics datasets
with computational modeling and network analysis has facilitated a systems-level understanding of
biological function [27,40,42]. These developments provide an unprecedented opportunity to move
beyond descriptive analyses toward predictive and dynamic models of biological behavior, including
the capacity to quantify resilience.

In this context, we propose resiliomics as an integrative conceptual framework aimed at
systematically quantifying biological resilience using multi-omics and network-based approaches.
Resiliomics shifts the focus from static measurements and peak responses to dynamic recovery
trajectories, incorporating key parameters such as perturbation amplitude, recovery time, and
network robustness. By bridging concepts from ecology, engineering, and systems biology,
resiliomics provides a quantitative foundation for understanding how biological systems maintain
functionality under stress and adapt to changing environments [4]. This framework has broad
implications for plant science, human health, and ecosystem biology, where resilience is a critical
determinant of performance, survival, and sustainability.

2. Conceptual Framework of Resiliomics

Resiliomics is defined as the systematic study of the capacity of biological systems to withstand
perturbations and recover to a stable functional state [20,35,43]. While traditional stress biology has
primarily focused on the magnitude and direction of molecular responses [18], this perspective
remains largely response-centric, emphasizing peak deviations rather than the full dynamic
trajectory of system recovery. In contrast, resiliomics adopts a recovery-centric framework, placing
emphasis on the temporal evolution of biological systems following perturbation and the
mechanisms that restore functional equilibrium.

This conceptual shift builds upon foundational principles in systems biology and robustness
theory, where biological function is maintained through complex networks of interactions and
feedback regulation [44-47]. However, whereas robustness is often associated with resistance to
change, resilience explicitly incorporates the ability of a system to absorb disturbance, reorganize,
and return to a stable state [48,49]. At the molecular level, this distinction is critical: two systems may
exhibit similar initial responses to stress but differ significantly in their recovery kinetics, stability,
and long-term functionality [50,51].

Resiliomics extends the scope of regulatory omics by integrating three fundamental dimensions:
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e  Temporal dynamics: Biological processes are inherently dynamic, yet most omics studies rely
on discrete time points. Resiliomics emphasizes continuous or high-resolution time-series
analyses, enabling the characterization of recovery trajectories and transient states [52-54]. This
temporal dimension is essential for distinguishing between rapid recovery, delayed adaptation,
or irreversible system failure.

e  System-level interactions: Cellular responses to perturbation are governed by interconnected
molecular networks, including gene regulatory, protein—protein interaction, and metabolic
networks. Resiliomics incorporates network-based approaches to assess how perturbations
propagate through these systems and how network topology influences recovery and stability
[55-57]. This perspective enables the identification of critical nodes and pathways that underpin
resilience.

e  Quantitative resilience metrics: A defining feature of resiliomics is the development of
quantitative descriptors of resilience, such as recovery time, perturbation amplitude, and
network robustness. These metrics draw from interdisciplinary approaches, including
dynamical systems theory and control engineering, where system stability is often assessed
through eigenvalue analysis and attractor dynamics. Applying such metrics to biological
systems allows for the objective comparison of resilience across conditions, genotypes, or
species.

e  Genetic and regulatory architecture: Biological resilience is fundamentally influenced by the
genetic makeup of a system [20,35,36,58]. Variation in DNA sequence, including single
nucleotide polymorphisms, structural variants, and regulatory elements, contributes to
differences in stress sensitivity, recovery dynamics, and overall system stability [59,60]. Gene
regulatory networks act as the interface between genotype and phenotype, translating genetic
information into dynamic molecular responses [61-67]. Resiliomics integrates this dimension by
linking genetic variation to system-level behavior, enabling the identification of genetic
determinants of resilience and the mapping of genotype-phenotype relationships underlying
adaptive capacity.

Together, these dimensions establish resiliomics as an integrative framework that bridges
molecular biology, systems biology, and ecological theory. Importantly, this approach moves beyond
static descriptions of biological states toward a dynamic understanding of system behavior, capturing
not only how systems respond to perturbations but also how they recover and maintain functionality
over time.

As illustrated in Figure 1, biological resilience can be conceptualized as a trajectory in which a
system initially deviates from its equilibrium state following a perturbation and subsequently
undergoes a recovery phase. The shape and duration of this trajectory reflect key properties of
resilience, including the magnitude of perturbation, the speed of recovery, and the ability to re-
establish network stability. By integrating multi-omics layers—such as transcriptomics, proteomics,
and metabolomics—with network-level analyses, resiliomics provides a comprehensive and
quantitative framework for characterizing these processes.
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Figure 1. Conceptual framework of resiliomics. Schematic representation of biological resilience following a
perturbation. The system deviates from its initial equilibrium upon stress exposure and subsequently undergoes
a recovery phase. Resiliomics focuses on quantifying the trajectory of recovery, including perturbation
amplitude, recovery kinetics, and the restoration of system stability. Multi-omics layers (transcriptome,

proteome, metabolome) and network interactions are integrated to capture system-level resilience.

Ultimately, resiliomics represents a paradigm shift from response-centric to recovery-centric
biology, offering new insights into how biological systems maintain stability and adapt to changing
environments. This framework has the potential to transform our understanding of stress tolerance,
disease progression, and ecosystem resilience by providing a unified, quantitative approach to
biological robustness.

3. Core Metrics and Quantitative Parameters

Importantly, these quantitative parameters can vary significantly across genotypes, reflecting
the influence of genetic variation on resilience. Integrating genomic information with dynamic omics
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measurements enables the identification of genetic determinants underlying differences in recovery
kinetics, perturbation amplitude, and network stability [18,68-77].

A central objective of resiliomics is to provide quantitative descriptors of biological resilience,
enabling the comparison of system responses across conditions, genotypes, or species. Unlike
traditional omics approaches that focus on differential expression or static pathway enrichment,
resiliomics emphasizes dynamic, time-resolved metrics that capture both the magnitude of
perturbation and the trajectory of recovery. These metrics are rooted in dynamical systems theory,
network biology, and ecological resilience frameworks [4,35,71-79].

3.1. Recovery Kinetics

Recovery kinetics represent one of the most informative dimensions of biological resilience,
describing how rapidly and efficiently a system returns to its baseline or functional equilibrium
following perturbation. Time-resolved omics data have demonstrated that recovery trajectories can
vary widely even among systems exhibiting similar initial responses [18,80,81]. For instance,
variation in regulatory genes or signaling pathways can lead to genotype-specific recovery rates,
highlighting the genetic control of resilience dynamics.

Key parameters include:

e  Half-recovery time (Tsp): The time required for a perturbed variable (e.g., gene expression,
metabolite level) to return to 50% of its baseline value. This metric is analogous to half-life
concepts in pharmacokinetics and provides a standardized measure of recovery speed [82,83].

e  Full recovery time (T1o): The time required for complete or near-complete return to baseline. In
many biological systems, full recovery may not be achieved, reflecting persistent system
alterations or transitions to alternative stable states [82,83].

e  Delayed or incomplete recovery: Some systems exhibit prolonged deviations or fail to return to
their original state, indicating reduced resilience or system collapse. Such behaviors are often
associated with tipping points or critical transitions [82,83].

Mathematically, recovery kinetics can be modeled using exponential or logistic functions:
X®)=Xo+A-e ™
where X(t) is the system state at time t, A is the perturbation amplitude, and k represents the recovery
rate constant. Higher values of k indicate faster recovery and greater resilience.

3.2. Perturbation Amplitude

Perturbation amplitude quantifies the magnitude of deviation from homeostasis, reflecting the
sensitivity of a biological system to stress. This parameter is critical for distinguishing between
resistant systems (low amplitude) and sensitive systems (high amplitude), even when recovery rates
are similar.

Key indicators include:

e Peak expression changes: Maximum fold-change in gene or protein expression following
perturbation, commonly derived from transcriptomic or proteomic analyses [84,87].

e  Metabolic imbalance: Disruptions in metabolite concentrations or fluxes, often measured
through targeted or untargeted metabolomics [88,90].

e Network disruption intensity: Changes in network structure, such as loss of connectivity or
altered interaction strengths, reflecting the systemic impact of perturbation [88,90].

Importantly, perturbation amplitude and recovery kinetics are not necessarily correlated: a
system may exhibit a large initial deviation but recover rapidly, or conversely, a small perturbation
may lead to prolonged instability. Therefore, both parameters must be considered jointly to
accurately characterize resilience.
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3.3. Network Stability and Robustness

Biological resilience is inherently linked to the stability and robustness of underlying interaction
networks, including gene regulatory, protein—protein interaction, and metabolic networks. These
networks determine how perturbations propagate through the system and how stability is restored.

Key approaches include:

Network topology analysis: Structural properties such as degree distribution, modularity, and
centrality provide insights into system organization and vulnerability [36,91]. Highly connected
hubs often play critical roles in maintaining stability.

Eigenvalue-based stability metrics: Stability of dynamical systems can be assessed using the
eigenvalues of the system’s Jacobian matrix. A system is considered stable if all eigenvalues have
negative real parts, indicating a return to equilibrium after perturbation [36,91,92].
Connectivity and redundancy measures: Redundant pathways and alternative regulatory routes
enhance robustness by compensating for localized failures [93]. Network resilience is thus
associated with both connectivity and functional redundancy.

These parameters provide a quantitative framework for distinguishing resilient from fragile
systems, enabling the identification of critical components that govern stability and recovery.
Integrating network-based metrics with time-resolved omics data allows for a comprehensive
assessment of resilience at the systems level.

As illustrated in Figure 2, biological resilience can be quantitatively described through the
combined analysis of perturbation amplitude, recovery kinetics, and system stability. Following a
disturbance, the system deviates from its baseline state, reaches a peak perturbation, and then
undergoes a recovery phase. The shape of this trajectory—defined by its amplitude, recovery rate,
and return time —provides a robust framework for comparing resilience across biological contexts.
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Figure 2. Core quantitative metrics in resiliomics. Illustration of key parameters used to quantify biological

resilience. Following a perturbation, the system deviates from baseline (amplitude), then progressively returns
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to equilibrium. Key metrics include (i) perturbation amplitude, (ii) time to recovery, and (iii) recovery rate. These
parameters enable the distinction between resilient and non-resilient systems.

4. Data Sources and Analytical Approaches

The implementation of resiliomics requires the integration of time-resolved multi-omics datasets
with advanced computational and systems biology approaches. Unlike conventional omics analyses,
which often rely on static comparisons, resiliomics is fundamentally dependent on longitudinal data
and dynamic modeling to capture the full trajectory of perturbation and recovery. This section
outlines the principal data sources and analytical frameworks that enable the quantitative
characterization of biological resilience.

4.1. Multi-Omics Time-Series Data

Resiliomics relies heavily on time-series datasets, which provide temporal resolution necessary
to characterize recovery dynamics and transient system states. Advances in high-throughput
technologies have made it possible to generate multi-layered datasets across multiple time points,
enabling the reconstruction of dynamic biological processes [4,94,95].

Key data sources include:

e  Transcriptomics (RNA-seq time series): Time-resolved RNA sequencing allows the monitoring
of gene expression dynamics in response to perturbations. Such datasets are widely used to
identify regulatory programs, transient activation patterns, and delayed responses [62-67,96].

e  Proteomics (dynamic protein abundance and modifications): Proteomic analyses provide
insights into the functional layer of biological systems, including protein abundance, turnover,
and post-translational modifications. Advances in quantitative mass spectrometry now enable
time-resolved profiling of proteome dynamics [97-101].

e  Metabolomics (metabolic fluxes and recovery patterns): Metabolites represent the final outputs
of cellular processes and are highly sensitive to perturbations. Time-series metabolomics and
fluxomics approaches capture rapid biochemical changes and recovery processes [102-104].

The integration of these datasets provides a multi-dimensional view of system dynamics,
enabling the identification of coordinated responses across molecular layers. Importantly, the
temporal resolution of sampling is critical: insufficient sampling frequency may obscure key
transitional states or misrepresent recovery kinetics.

4.2. Systems Biology and Modeling

To extract meaningful insights from complex multi-omics datasets, resiliomics relies on
computational modeling and systems-level analyses. These approaches enable the reconstruction of
biological networks, the prediction of system behavior, and the identification of key regulatory
mechanisms underlying resilience.

e Network inference models: Network reconstruction methods, such as correlation-based
approaches, Bayesian networks, and information-theoretic models, are used to infer interactions
between genes, proteins, and metabolites [56,105,106]. These networks provide the structural
basis for analyzing perturbation propagation and recovery dynamics.

e  Dynamical systems modeling: Mathematical models, including ordinary differential equations
(ODEs) and stochastic models, are employed to describe the temporal evolution of biological
systems. These models allow the simulation of perturbation scenarios and the estimation of
recovery parameters [107].

e  Machine learning approaches for trajectory prediction: Recent advances in machine learning,
including deep learning and state-space models, have enabled the prediction of dynamic
biological trajectories from high-dimensional data [108-110]. These approaches are particularly
useful for identifying nonlinear patterns and forecasting system recovery under varying
conditions.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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By integrating these methods, resiliomics moves toward a predictive framework, where
resilience can be not only measured but also modeled and potentially optimized.

4.3. Stability Analysis

A defining feature of resiliomics is the application of stability analysis frameworks derived from
engineering, physics, and ecology to biological systems. These approaches provide quantitative tools
to assess whether a system will return to equilibrium following perturbation.

e  Jacobian matrix analysis: The local stability of a dynamical system can be evaluated by analyzing
the Jacobian matrix, which describes the sensitivity of system variables to small perturbations.
This approach is widely used in systems biology to assess the stability of steady states [43-113].

e  Eigenvalue spectra: The eigenvalues of the Jacobian matrix determine system stability: negative
real parts indicate stable systems, while positive values suggest instability or divergence.
Eigenvalue analysis has been applied to gene regulatory and metabolic networks to identify
critical transitions [114,115].

e  Resilience indices: Quantitative indices, such as return rate, resistance, and recovery potential,
have been developed in ecological and engineering contexts and can be adapted to molecular
systems [116-119]. These indices provide integrative measures of system performance under
perturbation.

Together, these analytical approaches enable a rigorous and quantitative assessment of
biological resilience, linking molecular dynamics to system-level stability.

4.4, Genomics and Genetic Variation

Genomic data provide the foundation for understanding the genetic basis of resilience. Whole-
genome sequencing, genome-wide association studies (GWAS), and quantitative trait locus (QTL)
mapping enable the identification of genetic variants associated with resilience-related traits, such as
stress tolerance and recovery efficiency [120-123]. Integrating genomic variation with time-series
multi-omics data allows the establishment of causal links between genotype and dynamic phenotypic
responses [41,124,125]. This approach facilitates the identification of key genes, regulatory elements,
and pathways that govern resilience across individuals and populations.

As illustrated in Figure 3, biological resilience can be understood at the network level through
changes in topology and connectivity before, during, and after perturbation. Resilient systems
maintain structural integrity and rapidly restore network connectivity, whereas non-resilient systems
exhibit fragmentation, loss of key interactions, or persistent instability. Network-based metrics—
including connectivity, modularity, and eigenvalue stability—provide powerful tools for
distinguishing between these states.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 3. Network-level representation of biological resilience. Comparison of network topology before,
during, and after perturbation. Resilient systems maintain connectivity and rapidly restore network integrity,
whereas non-resilient systems exhibit fragmentation or persistent instability. Network-based metrics, including

connectivity, modularity, and eigenvalue stability, are used to quantify robustness.

5. Applications of Resiliomics

Resiliomics provides a unifying framework to quantify biological resilience across multiple
levels of organization, from molecular systems to ecosystems. By integrating time-resolved multi-
omics data with systems-level modeling, this approach enables the characterization of recovery
dynamics, robustness, and adaptive capacity in diverse biological contexts. Its applications span
plant sciences, human health, and environmental biology, where resilience is a critical determinant
of performance and sustainability.

5.1. Plant Sciences

In plant biology, resilience to environmental stress is a key determinant of productivity and
survival, particularly under the increasing pressures of climate change. Traditional studies have
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focused on stress responses at specific time points; however, resiliomics enables the analysis of
complete recovery trajectories, providing deeper insights into adaptive mechanisms [126-129].
Resiliomics further enables the identification of genetic loci and regulatory variants associated with
superior recovery dynamics, supporting genotype-to-phenotype mapping of resilience traits and
accelerating breeding programs for climate-resilient crops [121,130-132].

e  Droughtand heat stress recovery: Plants exhibit complex physiological and molecular responses
to abiotic stress, including transcriptional reprogramming, metabolic adjustments, and
hormonal signaling. Time-series transcriptomic and metabolomic studies have revealed that
recovery dynamics —rather than peak stress responses—are critical for stress tolerance [31,133-
135]. Resiliomics allows the quantification of recovery rates and identification of genotypes with
superior resilience.

e  Pathogen resistance dynamics: Plant-pathogen interactions involve dynamic defense responses,
including immune signaling and metabolic reconfiguration. The ability to restore homeostasis
after infection is a key component of resistance [136-139]. Resiliomics enables the distinction
between transient defense activation and sustained disruption, providing a framework to study
disease recovery and resistance durability.

e  Crop resilience for sustainable agriculture: Enhancing crop resilience is a major goal in
agricultural research. Integrating multi-omics data with resilience metrics can inform breeding
strategies aimed at improving tolerance to environmental stresses and reducing yield instability
[140-142]. Resiliomics thus supports the development of climate-resilient crops through a
systems-level understanding of adaptation and recovery.

5.2. Human Health

In biomedical research, resilience is increasingly recognized as a key factor influencing health
outcomes, disease progression, and treatment response. Resiliomics provides a quantitative
framework to assess how biological systems respond to and recover from perturbations such as
infection, inflammation, or therapeutic intervention [4,35,143-145]. Inter-individual differences in
resilience are often genetically determined, and integrating genomic variation into resiliomics
frameworks can improve the prediction of patient-specific recovery trajectories and treatment
responses.

e  Recovery after inflammation or infection: Acute inflammatory responses involve coordinated
activation of immune pathways followed by resolution and return to homeostasis.
Dysregulation of recovery processes can lead to chronic inflammation or tissue damage
(Medzhitov, 2008). Time-resolved omics studies have highlighted the importance of recovery
kinetics in determining disease outcomes [146-149]. Resiliomics enables the quantification of
these dynamics, offering potential biomarkers of recovery efficiency.

e  Response to therapeutic interventions: Patient responses to treatments, including chemotherapy,
immunotherapy, or antibiotics, vary widely. Beyond initial efficacy, the ability of biological
systems to recover and maintain stability is critical for long-term outcomes [150-154].
Resiliomics can be used to monitor treatment-induced perturbations and predict recovery
trajectories, contributing to personalized medicine.

e  Chronic disease progression and remission: Many chronic diseases, such as cancer, metabolic
disorders, and neurodegenerative conditions, involve progressive loss of system stability.
Resilience-based approaches can help identify early warning signals of system failure and
transitions between disease states [155-157]. By quantifying recovery potential and robustness,
resiliomics offers new insights into disease dynamics and therapeutic strategies.
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5.3. Ecology and Environmental Biology

Resilience is a central concept in ecology, where it describes the capacity of ecosystems to absorb
disturbances and maintain function. Resiliomics extends this concept to a multi-scale, mechanistic
framework, integrating molecular and ecological perspectives.

e Analysis of ecosystem recovery after disturbances: Ecosystems are frequently exposed to
disturbances such as fires, droughts, or anthropogenic impacts. The rate and trajectory of
recovery determine long-term ecosystem stability [158-161]. By incorporating molecular and
microbial omics data, resiliomics enables a deeper understanding of the mechanisms underlying
ecosystem recovery.

e DBiodiversity stability assessment: Biodiversity plays a key role in ecosystem resilience by
providing functional redundancy and buffering against perturbations [162-164]. Resiliomics
integrates species-level and molecular data to assess how biodiversity contributes to system
stability and recovery.

e  Climate change resilience studies: Climate change imposes complex, multi-factorial stresses on
biological systems. Understanding how organisms and ecosystems respond and adapt over time
is essential for predicting future impacts (IPCC, 2021) [165-167]. Resiliomics provides tools to
quantify resilience under changing environmental conditions, supporting conservation and
management strategies.

As illustrated in Figure 4, resiliomics can be applied across biological scales, from molecular
systems in plants and humans to complex ecological networks. By integrating multi-omics data with
dynamic modeling, this framework enables a comprehensive assessment of resilience in diverse
contexts. This multi-scale applicability highlights the integrative and transformative potential of
resiliomics in addressing major challenges in biology, medicine, and environmental science.
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therapy), and ecological systems (e.g., ecosystem resilience after disturbance). This multi-scale applicability
highlights the integrative nature of resiliomics.

6. Conceptual Integration and Interdisciplinary Perspectives

Resiliomics is inherently interdisciplinary, emerging at the intersection of multiple scientific
domains that have independently addressed aspects of biological stability, adaptation, and recovery.
By synthesizing these perspectives, resiliomics provides a unified and quantitative framework for
understanding biological robustness across scales.

e  Stress physiology (response mechanisms): Classical stress physiology has long focused on the
mechanisms by which organisms respond to environmental perturbations, including hormonal
signaling, metabolic adjustments, and gene expression reprogramming [168,169]. While these
studies provide detailed insights into response pathways, they often lack a dynamic perspective
on recovery and long-term system stability. Resiliomics extends this field by incorporating
temporal recovery dynamics and distinguishing between transient responses and sustained
adaptation.

e Systems biology (network interactions): Systems biology emphasizes the role of complex
interaction networks in maintaining cellular function. Concepts such as robustness, redundancy,
and modularity have been extensively explored to explain how biological systems tolerate
perturbations [170-173]. Resiliomics builds upon these principles by integrating network
dynamics over time, enabling the analysis of how perturbations propagate and how network
structure is restored following disruption.

e  Ecology (resilience theory): The concept of resilience originates from ecology, where it describes
the capacity of ecosystems to absorb disturbances and maintain function (Holling, 1973).
Subsequent developments have emphasized adaptive capacity, regime shifts, and critical
transitions [174-176]. Resiliomics translates these concepts to the molecular and cellular levels,
providing a mechanistic understanding of resilience grounded in multi-omics data and network
analysis.

¢  Engineering (stability and control theory): Engineering disciplines have developed rigorous
mathematical frameworks to analyze system stability, feedback control, and recovery following
perturbation. Concepts such as attractor states, feedback loops, and control mechanisms are
directly applicable to biological systems. Resiliomics incorporates these approaches to quantify
system stability and recovery rates, bridging the gap between theoretical models and biological
data.

By integrating these disciplines, resiliomics establishes a common language and quantitative
framework for studying resilience across biological scales. This integration enables the identification
of universal principles governing system stability and adaptation, while also accounting for domain-
specific complexities. Ultimately, resiliomics facilitates a transition from fragmented, discipline-
specific analyses toward a holistic understanding of biological resilience.

7. Challenges and Future Perspectives
Despite its conceptual and methodological potential, the implementation of resiliomics faces
several significant challenges that must be addressed to enable its widespread adoption.

7.1. Current Challenges

e Limited availability of high-resolution time-series datasets: Resiliomics fundamentally relies on
longitudinal data; however, most existing omics datasets are based on sparse or static sampling.
High-frequency time-series experiments remain costly and technically demanding, limiting
their availability [178-180].
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e  Complexity of multi-omics data integration: Integrating heterogeneous datasets across multiple
molecular layers presents significant computational and statistical challenges. Differences in
data structure, scale, and noise complicate the extraction of coherent biological insights [181,182].

e  Lack of standardized resilience metrics: Unlike differential expression or pathway enrichment,
resilience lacks universally accepted quantitative descriptors. The absence of standardized
metrics hinders cross-study comparisons and limits reproducibility [18,183-185].

7.2. Future Perspectives

Addressing these challenges will require coordinated advances in experimental design,
computational methods, and theoretical frameworks.

e Advanced computational tools: The development of integrative frameworks combining
machine learning, network modeling, and dynamical systems analysis will be essential for
extracting meaningful patterns from complex datasets. Emerging approaches such as deep
learning and neural differential equations offer promising avenues for modeling biological
dynamics [186-189].

. Real-time monitoring technologies: Advances in single-cell sequencing, live-cell imaging, and
biosensors are enabling the real-time observation of biological processes with unprecedented
resolution [190,191]. These technologies will be critical for capturing the dynamic trajectories
required for resiliomics.

e Standardization of resiliomic indices: Establishing standardized metrics and benchmarking
frameworks is essential for the maturation of the field. Drawing from ecology and engineering,
the development of robust, reproducible indices of resilience will facilitate cross-disciplinary
applications and comparative studies [5].

As summarized in Figure 5, the implementation of resiliomics involves a multi-step workflow,
including data acquisition, preprocessing, integration, and modeling. Time-series multi-omics
datasets are processed through computational pipelines to extract resilience metrics and generate
predictive models of system stability. This integrative approach highlights the convergence of
experimental and computational advances required to fully realize the potential of resiliomics.
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8. Conclusion

Resiliomics represents a conceptual and methodological shift in omics sciences, advancing the
field from static descriptions of molecular states toward the dynamic quantification of recovery,
stability, and system robustness. By integrating time-resolved multi-omics data with network-based
and dynamical systems approaches, resiliomics provides a comprehensive framework for
understanding how biological systems respond to and recover from perturbations. This recovery-
centric perspective reveals critical dimensions of biological function that are not captured by
traditional response-based analyses.

As experimental technologies and computational methods continue to evolve, resiliomics has
the potential to become a foundational pillar of systems biology and integrative life sciences. The
development of standardized resilience metrics, high-resolution temporal datasets, and predictive
modeling tools will be essential for its maturation. Ultimately, resiliomics opens new avenues for
advancing our understanding of biological adaptation across scales, with far-reaching implications
for agriculture, medicine, and environmental sustainability.

A key future direction lies in fully integrating genetic variation and gene regulatory mechanisms
into resiliomics frameworks, enabling a deeper understanding of how genotype shapes resilience
phenotypes across biological systems.
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