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Abstract

Plant hormonal signaling networks are the central processing units that translate environmental and developmental cues
into adaptive growth and physiological responses. Traditionally studied through a reductionist lens, our understanding
has been revolutionized by the advent of systems biology. This approach integrates high-throughput omics data
(genomics, transcriptomics, proteomics, metabolomics) with computational modeling to construct holistic, predictive
models of these complex networks. This review synthesizes how a systems biology perspective has elucidated the
dynamic, interconnected nature of plant hormone signaling. We explore how network topology analysis has revealed
key regulatory nodes and emergent properties, such as cross-talk and feedback loops, that govern system-wide behavior.
We discuss the application of mathematical modeling-from ordinary differential equations to Boolean networks-in
simulating hormone dynamics and predicting plant phenotypes under various conditions. The review highlights case
studies in major hormones like auxin, cytokinin, abscisic acid, and jasmonic acid, demonstrating how systems-level
analyses have decoded their synergistic and antagonistic interactions. Furthermore, we examine the role of multi-omics
integration in uncovering novel regulatory components and providing a mechanistic understanding of phenotypic
plasticity. Finally, we address current challenges, including spatial-temporal resolution and single-cell analyses, and
future prospects for leveraging this knowledge in synthetic biology and climate-resilient crop design. By moving from
parts lists to system principles, systems biology is poised to unlock the full potential of hormonal engineering for
sustainable agriculture.
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1. Introduction

Plants, as sessile organisms, have evolved sophisticated signaling mechanisms to perceive and respond to a constantly
changing environment. At the heart of these mechanisms are plant hormones or phytohormones-small molecules that act
as endogenous messengers, coordinating everything from cell division and elongation to stress responses and
reproductive development. The classical view of hormone action was linear and isolated: a hormone is synthesized,
perceived by a receptor, transduced through a signaling cascade, and culminates in a specific transcriptional response
[1]. While this reductionist approach successfully identified core components of individual hormone pathways, it fell
short in explaining the immense plasticity and robustness of plant responses.

In reality, hormonal signals are not processed in isolation. They operate within a dense, interconnected network
characterized by extensive "cross-talk," where one hormone influences the signaling output of another [2]. A plant's
decision to grow, defend itself, or senesce is an integrated computation performed by this network, weighing the
concentrations, fluxes, and historical context of multiple hormonal signals simultaneously. Understanding such
complexity requires a paradigm shift from reductionism to systems biology [3].

Systems biology is an interdisciplinary field that seeks to understand biological systems as a whole, focusing on the
interactions and dynamics between components rather than on isolated parts. It relies on a cycle of high-throughput data
generation, network construction, computational model formulation, and experimental validation to generate predictive,
quantitative insights. Applied to plant hormonal signaling, this approach allows us to move from a "parts list" of genes
and proteins to a "wiring diagram" of the entire system, revealing emergent properties that cannot be deduced by
studying individual components alone [4].

This review aims to comprehensively articulate the progress and promise of applying a systems biology framework to
plant hormonal signaling networks. We will first outline the core methodologies of systems biology. Then, we will delve
into the network properties of hormonal signaling, using specific examples to illustrate key concepts like cross-talk,
feedback, and feed-forward loops [5]. Subsequently, we will explore how mathematical modeling translates network
structure into dynamic behavior. Finally, we will discuss the challenges and future directions, emphasizing the potential
for translating this fundamental knowledge into applied agricultural outcomes.
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2. The Systems Biology Toolkit: From Omics to Models

The systems biology workflow involves a sequential, iterative process to build a predictive understanding of a
biological system.

2.1 High-Throughput Omics Technologies
The foundation of any systems biology study is comprehensive data.

eGenomics/Epigenomics: Provides the static parts list-the genes and their regulatory elements. Chromatin
immunoprecipitation sequencing (ChIP-seq) reveals transcription factor binding sites, while assays like ATAC-seq map
chromatin accessibility, linking hormonal signaling to epigenetic states [6].

eTranscriptomics: Technologies like RNA-seq allow for the quantification of global gene expression changes in
response to hormonal treatments, genetic perturbations, or environmental stresses. Time-series transcriptomics is
particularly powerful for inferring regulatory relationships.

eProteomics and Phosphoproteomics: Since many hormonal responses involve post-translational modifications (e.g.,
phosphorylation, ubiquitination), proteomics is essential. Phosphoproteomics can identify immediate downstream
targets of kinase cascades, such as those in ethylene or cytokinin signaling [7].

eMetabolomics: Measures the end products of cellular processes, providing a direct readout of physiological status. It is
crucial for understanding the metabolic outcomes of hormonal cross-talk, such as the interplay between abscisic acid
(ABA) and sugars during drought.

2.2 Network Construction and Topology Analysis

Omics data are used to reconstruct networks where nodes represent biological molecules (genes, proteins, metabolites)
and edges represent interactions (regulation, binding, phosphorylation) [8].

eCo-expression Networks: Genes with correlated expression patterns across diverse conditions are clustered into
"modules," which often correspond to functional units or pathways. Tools like Weighted Gene Co-expression Network
Analysis (WGCNA) have been instrumental in linking hormone-associated modules to specific traits.

eProtein-Protein Interaction (PPI) Networks: Maps of physical interactions between proteins, often generated by yeast-
two-hybrid screens or co-immunoprecipitation coupled with mass spectrometry, provide a physical scaffold for
signaling pathways [9].

oGene Regulatory Networks (GRNs): These directed networks model causal relationships, where transcription factors
(TFs) regulate target genes. Inferring GRNs from transcriptomic data remains a central challenge in computational
biology.

Network topology analysis identifies structurally important nodes (hubs, bottlenecks) and recurring motifs (feedback
loops, feed-forward loops) that confer specific dynamical properties to the system, such as bistability, oscillation, or
robustness.

2.3 Mathematical Modeling and Simulation
A model is a formal, mathematical representation of a network that allows for in silico experimentation.

eKinetic Models (ODEs): Use ordinary differential equations to describe the concentration changes of network
components over time. They require detailed kinetic parameters but are highly quantitative and can simulate complex
behaviors like hormone oscillation [10].

eBoolean and Logic Models: Simplify component states to "ON" (1) or "OFF" (0) and use logical rules to describe
interactions. They are powerful for qualitative predictions when quantitative parameters are unknown, and are excellent
for modeling large-scale GRNSs.

eConstraint-Based Models: Used primarily for metabolism, these models (e.g., Flux Balance Analysis) predict
metabolic flux distributions under given constraints, useful for studying hormone-driven metabolic shifts.

3. Deconstructing the Network: Key Properties of Hormonal Signaling

A systems view reveals that hormonal signaling networks are not random but are structured with specific properties that
define their functional output [11].

3.1 Robustness and Homeostasis

Biological systems must maintain functionality despite internal and external perturbations. Hormonal networks achieve
this through redundant pathways and feedback loops. A classic example is the auxin signaling network. The
TRANSPORT INHIBITOR RESPONSE 1/AUXIN SIGNALING F-BOX (TIR1/AFB) auxin receptors and
AUXIN/INDOLE-3-ACETIC ACID (Aux/IAA) repressors exist in small gene families. Systems-level analysis shows
that this genetic redundancy provides robustness; the loss of a single member often has minimal phenotypic effect, as
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other family members compensate [12]. Furthermore, negative feedback loops, such as the auxin-induced degradation
of Aux/TAA proteins, which in turn repress the auxin response, prevent over-activation and maintain signaling
homeostasis.

3.2 Emergent Dynamics: Pulsatility and Bistability

Simple wiring diagrams can give rise to complex dynamic behaviors. Cytokinin signaling, for instance, can exhibit
pulsatile dynamics. A computational model of the cytokinin phosphoryl system, incorporating a negative feedback loop
from type-B Arabidopsis Response Regulators (ARRs) to the synthesis of type-A ARRs, predicted and later experiments
confirmed the potential for oscillatory behavior. Similarly, bistability-the existence of two stable steady-states-can
underlie developmental switches. A model of the gibberellin (GA) and DELLA protein interaction suggests bistable
switches could determine cellular decisions between growth and quiescence [13].

3.3 The Core of Plasticity: Hormonal Cross-Talk

Cross-talk is the most salient feature of the hormonal network. It allows for the integration of diverse signals and the
generation of context-specific outputs. Systems biology has been pivotal in mapping these interactions.

eTranscriptional Integration: Many hormone response pathways converge on the promoter regions of target genes.
Promoter analysis has revealed that stress-responsive genes often contain cis-elements for ABA, jasmonic acid (JA),
and salicylic acid (SA) responsive TFs, allowing for combinatorial control [14].

eProtein-Level Interaction: Signaling components physically interact. The classic antagonism between auxin and
cytokinin in controlling root meristem patterning is mediated by direct interaction between the auxin-responsive ARF
TFs and the cytokinin-responsive ARR TFs, which mutually inhibit each other's activity.

oSignal Modulation: One hormone can influence the biosynthesis, metabolism, or perception of another. For example,

ethylene can upregulate auxin biosynthesis in the root, thereby modulating the auxin response.
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Figure 1. A simplified systems view of hormonal cross-talk in root development.

Figure 1 is divided into two parts, A and B, which explains how several hormones in the root tip of a plant
"communicate" with each other and work together to determine the regional distribution of cells from division to
elongation and then to maturity.

Part A: Network Diagram

The top left is a node-connection network diagram: Green box: Auxin, Blue box: Cytokinin, Yellow box: Gibberellin,
Yellow box: EIN3 (ethylene signaling transcription factor), ARFs: Auxin-responsive factors (transcription factors).
Meaning of connection colors: Green arrow: Activation/Promotion, Red blunt line: Inhibition/Negative regulation. Key
relationships in the diagram include: Auxin activates ARFs, further promoting downstream effects such as gibberellin,
driving cell elongation. There is a double negative feedback between cytokinin and auxin (you inhibit me, I inhibit you),
an important "cross-regulation" structure used to balance the mitotic zone vs. the elongation zone. Auxin also promotes
the transport of its own related genes through positive feedback (not fully shown in the diagram, but indicated by
arrows), helping to form the auxin peak at the root tip. Different hormonal signals are then aggregated into three
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developmental outputs: cell division, elongation, and maturation (text on the right: Cell division — Elongation —
Maturation). Meaning: This section explains that in the root tip, auxin, cytokinin, ethylene, gibberellin, and related
transcription factors form a complex network that determines whether cells continue to divide and elongate, or proceed
to differentiation and maturation, through mutual activation/inhibition.

Part B: Simulated Dynamics

The line graph below is a mathematical model simulating the change of hormone concentration over time (or space):
Vertical axis: Hormone concentration, Horizontal axis: From cell division — Elongation — Maturation. Different
colored lines represent different hormones: Solid green line: Auxin, Dashed blue line: Cytokinin, Dashed orange line:
Ethylene. From the graph, we can roughly see that: Near the division zone, certain hormones (such as cytokinin) are
higher, promoting cell division. In the elongation zone, auxin concentration peaks, driving cell elongation. In the
maturation zone, the concentrations of various hormones gradually decrease or reach a new equilibrium, and the cell
completes differentiation and maturation. Meaning: This section explains that, based on the network relationship model
in Figure A above, a hormone gradient from the cleavage zone to the maturation zone in the root tip can be simulated,
thus explaining why the root tip naturally forms three "functional zones".

This figure shows the regulatory network of various hormones (auxin, cytokinin, ethylene, gibberellin) in the root tip (A)
and the dynamic distribution of hormones simulated by the model (B), illustrating that these hormones interact to
spatially divide different regions of cell division, elongation, and maturation.

4. Case Studies in Systems-Level Analysis
4.1 The Auxin Signaling Network: A Paradigm of Robustness and Distribution

Auxin signaling is a premier example of how systems biology has transformed our understanding. The core pathway is
a negative feedback loop: auxin promotes the degradation of Aux/IAA repressors, derepressing ARF TFs. Omics studies
revealed that this simple circuit is massively distributed across multiple gene family members. A systems model
demonstrated that this distribution is not mere redundancy but allows for a "band-pass filter" mechanism, where
different TIR1/AFB-Aux/IAA—-ARF combinations respond to different auxin concentrations and confer tissue-specific
responses. This explains how a single molecule can elicit hundreds of context-specific responses [15].

4.2 ABA vs Gibberellin: A Bistable Switch in Seed Germination

The decision of a seed to germinate or remain dormant is controlled by the antagonism between ABA (dormancy) and
GA (germination). A systems model incorporating the mutual inhibition between the ABA-activated SnRK2 kinases and
the GA-activated DELLA repressors revealed that this network topology can exhibit bistability. The model predicts an
"all-or-nothing" switch: below a certain threshold, the system rests in a dormant (high ABA, low GA) state; above it, it
flips irreversibly to a germinating (low ABA, high GA) state. This provides a quantitative basis for the physiological
observation of germination thresholds.

4.3 The JA-SA Defense Cross-Talk: A Tunable Antagonism

The defense hormones JA and SA often act antagonistically to prioritize defense against biotrophic (SA) vs.
necrotrophic (JA) pathogens. A systems biology approach combining transcriptomics, metabolomics, and network
analysis has shown that this antagonism is not absolute but is a tunable, regulated process. The NPR1 protein, a key SA
signaling node, can inhibit JA signaling, but the strength of this inhibition is modulated by other factors and the timing
of signal arrival [16]. Logical modeling of this network can predict conditions under which synergy, instead of
antagonism, occurs, guiding strategies for engineering broad-spectrum resistance.
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Figure 2. A logical model of JA-SA cross-talk.

Figure 2 is actually divided into two parts (A and B), illustrating the "signal network" and "model prediction vs.
experimental verification" between two plant defense hormone pathways-jasmonic acid (JA) and salicylic acid (SA).
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Part A: Network Schematic

The left side is a simplified "logical network diagram" showing several key molecules in the JA and SA signaling
pathways and their interactions: COI1, JAZ, MYC: Core components of the JA signaling pathway. NPR1, PYC (which
can be understood as a downstream transcription factor), PR1: Core components of the SA signaling pathway. Arrows
(—) indicate activation/promotion, and blunt lines (- , in the diagram, representing inhibition from NPR1 to MYC)
indicate inhibition. The key point is: NPR1 has an inhibitory effect on MYC, which means the SA pathway can suppress
the activity of the JA pathway-that is, the "cross-talk" (mutual interference/regulation) between SA and JA.

Part B: Model Prediction vs Experimental Validation
(Model Prediction vs. Experimental Validation)

The right side shows two small bar charts (the top one is "Model," the bottom one is "Experimental," or two rows of
data), comparing: PDF1.2 (typical JA-dependent defense gene) PR1 (typical SA-dependent defense gene) Changes in
expression levels under different hormone treatments. Black bars (e.g., PFF1.2 / PDF1.2) represent JA-dependent genes,
and light bars represent SA-dependent genes like PR1. The meaning of the graph is: The gene expression patterns
predicted by the model and the expression patterns measured by experimental qPCR are generally consistent, indicating
that this network model can predict the expression results of defense genes under SA—JA cross-talk well.

This figure, using (A) a signaling network diagram and (B) a gene expression bar chart, illustrates the interaction that
"SA hormone inhibits the JA pathway (MYC) through NPR1" and demonstrates that the established
mathematical/logistic model can successfully predict the expression of defense genes PDF1.2 and PR1 under different
SA/JA treatment combinations.

5. Integration of Multi-Omics Data for a Unified View

The next frontier is the vertical integration of different omics layers to build a complete, multi-scale model from gene to
phenotype. For instance, integrating transcriptomic data of a hormone-treated plant with its metabolomic profile and
known regulatory networks can reveal missing links [17]. A study on the brassinosteroid (BR) response might show a
set of induced genes whose products are enzymes in phenylpropanoid metabolism. Concurrent metabolomics showing
an accumulation of specific flavonoids would validate this link and could point to a previously unknown role for BR in
UV protection or lignification [18]. Such integrative analyses, powered by sophisticated bioinformatics tools, are
moving us closer to a "digital plant" model that can simulate the effect of a genetic or environmental perturbation across
all biological layers.

6. Challenges and Future Perspectives
Despite significant progress, several challenges remain.

eSpatial-Temporal Resolution: Bulk omics data provide an average across tissues and cell types, masking important
heterogeneity. The integration of single-cell RNA-seq and spatial transcriptomics is a revolutionary step forward,
allowing us to map hormonal networks at cellular resolution [19].

eParameterization of Models: Kinetic models require accurate parameters (rate constants, concentrations) that are often
difficult to measure experimentally. Advances in live-cell imaging and biosensors for hormone dynamics are helping to
fill this gap.

eUnderstanding Non-Linear Complexity: The sheer number of components and interactions makes comprehensive
modeling of the entire hormonal network computationally intractable. Dimensionality reduction and modular
approaches, where well-understood subnetworks are modeled in detail and then coupled, are a promising path forward
[20].

Looking ahead, the systems biology perspective on plant hormonal signaling holds immense translational potential. By
understanding the "design principles" of these networks, we can move from blind manipulation to rational design.

oSynthetic Biology: We can engineer synthetic hormone circuits, such as a stress-inducible promoter driving a hormone
degradation gene, to create plants with customized response programs.

oClimate-Resilient Crops: A predictive model of the ABA-ethylene-cytokinin network under drought and flooding
stress could identify optimal intervention points for breeding or gene editing crops that maintain yield under water
extremes.

ePrecision Agriculture: Understanding hormonal network dynamics could lead to refined hormone-based agrochemicals
applied at specific times and doses to elicit precise physiological outcomes, minimizing waste and environmental
impact.

7. Conclusion

The reductionist era provided an essential inventory of the components within plant hormonal signaling pathways.
However, it is the systems biology perspective that is allowing us to assemble these parts into a coherent, dynamic, and
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predictive understanding of the whole. By viewing hormonal signaling as an integrated network, we appreciate its
robustness, its emergent dynamics, and its capacity for complex information processing through cross-talk. The iterative
cycle of omics data generation, network modeling, and experimental validation is progressively decoding the logic that
governs plant growth, development, and adaptation. As we continue to refine our models with higher-resolution data
and more sophisticated computational tools, we move closer to a fundamental goal: the ability to predict and rationally
engineer plant phenotypes, thereby harnessing the full power of plant biology for the challenges of the future.
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