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Abstract

Systems biology has traditionally relied on network abstractions and mechanistic models to
study complex biological systems. However, advances in model expressiveness and data
availability have not translated into proportional improvements in mechanistic understand-
ing. We suggest that a key limitation may arise from a structural mismatch: prevailing pair-
wise interaction models fail to capture the inherently higher-order organization of biologi-
cal systems. Across molecular, cellular, and ecological scales, system behavior is governed
by cooperative, conditional, and context-dependent multi-body interactions that cannot be
faithfully represented by pairwise projections alone. To address this challenge, we advocate
a paradigm shift toward explicit higher-order structural representations combined with data-
driven, learnable dynamical models. Within this framework, artificial intelligence enables
the inference of governing dynamical rules and the discovery of mechanisms operating on
higher-order structures, while large language models can accelerate hypothesis generation
and the integration of prior knowledge. Together, these advances point toward a unified,
generative approach to systems biology that moves beyond descriptive networks toward
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an interpretable, mechanism-driven understanding of the processes underlying biological
function.

1. INTRODUCTION

Over the past two decades, systems biology has established a powerful quantitative framework for studying
biological complexity[»2]. By integrating network representations, dynamical models, and multi-omics data,
the field has enabled system-level analyses across molecular, cellular, and ecological scales®]. Gene regulatory
networks (GRNs), protein—protein interaction networks, metabolic networks, and ecological interaction net-
works have become canonical abstractions for organizing biological knowledge and guiding hypothesis-driven
research [, These advances represent a major conceptual achievement, despite historical constraints in data
resolution and computational capacity.

However, a growing gap has emerged between predictive performance and mechanistic understanding. Modern
systems biology increasingly relies on high-dimensional data and expressive machine learning models; how-
ever, improvements in predictive accuracy have not proportionally translated into deeper biological insight,
interpretability, or generalization[5¢]. For example, models that predict cell fate decisions from single-cell tran-
scriptomics data or microbial community dynamics from metagenomics data can achieve high precision, but
often do not reveal underlying causal mechanisms!7]. This gap highlights a structural limitation in current
modeling frameworks rather than a purely algorithmic problem [8].

A key but often overlooked assumption underlying most systems biology approaches is that biological sys-
tems can be adequately represented as networks of pairwise interactions[®1°]. This assumption is embedded
in both mechanistic models and data-driven approaches, ranging from ordinary differential equation models
and stochastic reaction networks to graph-based machine learning methods('!]. Although pairwise networks
are mathematically convenient and historically useful, they inherently constrain the types of mechanisms that
models can capture(!211]. In practice, however, biological systems exhibit rich higher-order interactions that
involve three or more components simultaneously[3]. For instance, transcriptional regulation can depend on
combinations of cofactors and chromatin states; metabolic fluxes often involve multi-enzyme complexes; mi-
crobial communities are shaped by context-dependent cooperation and competition; and ecological networks
exhibit triadic and higher-order interactions that govern system stability[!4]. Beyond representation, collaps-
ing multi-component mechanisms into dyadic edges can yield wrong mechanistic conclusions even with high
predictive fit. We highlight failures motivating higher-order models.

Combinatorial gene regulation. Many promoters are governed by logical AND/OR control: transcription oc-
curs only when a specific set of TFs/cofactors co-occur (often under chromatin-modulated regulation). Pairwise
GRN s encode this as multiple strong edges, falsely implying independent additive effects and hiding the mini-
mal regulatory logic; a higher-order hyperedge captures the required combination as a single mechanistic unit,
distinguishing conditional dependencies from marginal associations.

Metabolic flux control. Metabolic throughput may be governed by enzyme complexes or coupled reaction
sets whose functional activity emerges only at the multi-enzyme level. Pairwise graphs can fit correlations yet
misattribute control, leading to misleading causal interpretations of perturbation experiments such as knockouts
or inhibition; higher-order interaction models allow dynamical systems to attribute influence to multi-enzyme
units rather than spurious dyads.

Microbiome and ecological stability. Ecological outcomes often depend on triadic facilitation/inhibition (e.g., a
third species mediates competition or supplies a shared resource). Pairwise reductions can misestimate stability
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Figure 1. From pairwise networks to higher-order, Al-driven systems biology. Left : mismatch between observation and reconstruction.
Center: unified data-driven framework. Right: higher-order modeling + Al-assisted analysis enables explicit inference. Outer arcs: a closed-
loop progression.

margins and tipping points because effective interactions vary with context; higher-order interaction terms
naturally capture this dependence and enable stability analyses conditioned on multi-species configurations.

As a result, we suggest that some of the persistent challenges in systems biology may reflect structural limita-
tions, rather than purely computational ones. Increasing the complexity of the model on pairwise networks
cannot recover the lost higher-order structure[1°l. As shown in Figure 1, the field is poised to transition to-
ward explicit higher-order network representations, where nodes and hyperedges capture multi-component
interactions, coupled with artificial intelligence (AI)-driven analysis tools capable of learning the dynamical
rules governing these structures[!5]. Specifically, the proposed framework consists of four parts: (1) Mismatch
between observation and reconstruction: Time-resolved observations and their reconstructions may disagree.
A key reason is that standard pairwise models can miss latent higher-order structures (e.g., multi-component
constraints, combinatorial regulation, complexes, or context-dependent triads). Moving from dyadic graphs to
hyperedges/simplices helps narrow this observation-reconstruction gap. (2) Data-driven methods implicitly
capture dynamics: Modern AI and representation learning pipelines provide data-driven representations that
can implicitly encode underlying dynamical processes from high-dimensional, noisy measurements, enabling
prediction and interpretation even when explicit equations are unknown. (3) Al-assisted analysis enables ex-
plicit inference: By combining higher-order modeling with AI-assisted dynamical analysis, it becomes possible
to move from implicit representations to explicit dynamical inference: learning governing laws/operators, at-
tributing effects to specific edges or hyperedges, and quantifying uncertainty, ultimately yielding interpretable
dynamics across conditions. (4) A closed-loop progression, The workflow advances through three coupled
modules—structure discovery (pairwise to higher-order), data-driven methods (AI-based representation and
generative modeling), and dynamics identification (system identification and attribution). These modules mutu-
ally reinforce one another, forming a feedback loop that progressively improves reconstruction and mechanistic
understanding.

In practice, such an approach could enable, for instance, interpretable models of context-specific transcriptional
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regulation, multi-enzyme metabolic flux prediction, or ecosystem stability analysis under environmental pertur-
bations. By integrating higher-order representations with data-driven and system identification methodologies,
systems biology can go beyond prediction to achieve mechanistic understanding, causal insight, and principled
discovery in complex biological systems.

2. HIGHER-ORDER STRUCTURE AS A FUNDAMENTAL FEATURE OF BIOLOGICAL SYSTEMS

Across biological scales, from molecular regulation to ecosystem dynamics, interactions among system compo-
nents are frequently cooperative, conditional, and context-dependent, involving more than two entities simul-
taneously [%1617]. Transcriptional regulation often requires the joint presence of multiple transcription factors
and cofactors; metabolic flux depends on multi-enzyme complexes and coupled reaction sets; cellular decision
making integrates concurrent signaling pathways; and microbial and ecological communities display interac-
tion patterns determined by community composition rather than isolated species pairs[!8l. These multi-body
dependencies are pervasive: system behavior generally cannot be decomposed into independent pairwise effects
without loss of essential information [19]. This universality indicates that higher-order interactions are a funda-
mental organizing principle of living systems, rather than isolated exceptions[20]. For a broader systems-level
view of how network-based data, models, and applications are used in computational biology, we refer readers
to the comprehensive survey in[21].

Projecting inherently higher-order mechanisms onto pairwise network representations incurs structural costs [12].
Cooperative or conditional interactions are misrepresented as strong binary links, conflating multi-body causal-
ity with pairwise association. Such projections can distort stability properties, obscure critical transitions, and

generate misleading dynamical predictions, particularly in nonlinear regimes dominated by collective effects [22.

In data-driven settings, machine learning models trained on pairwise networks may partially recover statistical

patterns, but often at the expense of interpretability and mechanistic fidelity. Consequently, limitations com-
monly attributed to model complexity or data noise may instead originate from an overly restrictive structural

hypothesis space [23].

Importantly, higher-order representations are not merely more detailed versions of traditional networks, but
constitute a qualitatively different modeling language[24]. Structures such as hypergraphs and simplicial com-
plexes encode multi-body constraints as first-class entities, allowing them to directly participate in system dy-
namics. This approach transforms the central challenge of systems biology: from approximating complex be-
havior on simplified structures to learning and discovering dynamical laws operating on native higher-order net-
works [°l. Moreover, higher-order dynamics has been investigated beyond biology in several canonical settings,
including nonlinear consensus processes on temporal hypergraphs with noisy higher-order interactions (23],
explicit three-body interaction models that reveal novel consensus and conservation laws!2¢], and connectiv-
ity/percolation phenomena in random hypergraphs (including variants with anchored nodes) [27]. These results
highlight that qualitatively new dynamical regimes can emerge when interactions are irreducibly multi-body,
motivating higher-order representations as more than a bookkeeping refinement.

Recent progress includes reconstructing higher-order structure from data, discovering higher-order motifs/
modules, and identifying nonlinear governing equations on networks/complexes. Rather than proposing a
new estimator, we frame a unifying workflow where higher-order structure serves as a mechanistic hypothesis
space, dynamical identification assigns interpretable roles to multi-body interactions, and Al accelerates iter-
ation among prior knowledge, model selection, and experiment design—complementing existing reconstruc-
tion and system identification methods. By explicitly modeling higher-order dependencies, this framework
integrates Al-based inference, interpretability, and mechanistic discovery, grounding next-generation systems
biology [28].
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3. LEARNING DYNAMICS AND DISCOVERING MECHANISMS ON HIGHER-ORDER BIOLOGICAL
STRUCTURES

Given the pervasive higher-order dependencies in biological systems, traditional equation-centric modeling
approaches face fundamental challenges. Classical frameworks rely on explicitly specified interaction terms,
which become combinatorially intractable as the number of interacting components increases. As a result, many
higher-order systems are either approximated with oversimplified dynamics or remain without mechanistic
models, highlighting the limitations of pairwise and low-order modeling paradigms [29].

Data-driven dynamical modeling offers an alternative by treating governing laws as objects to be learned di-
rectly from observations. Rather than prescribing functional forms, these approaches infer state evolution rules
from time-resolved measurements, capturing nonlinearities and multi-body dependencies that are difficult to
anticipate a priori. Crucially, the goal is not limited to short-term prediction, but extends to the identification
of dynamical principles that are consistent across conditions, thereby enabling mechanistic insight from the
learned rules themselves [30].

Let x;() denote the state of component i (e.g., expression level, abundance, activity), and let x(s) = [x1.....xx]. In
a pairwise network model, the dynamics are commonly expressed as[31]:

Xi = fi(xi) + Z gij(xi,xj), (1)

JEN(D)

where N (i) denotes the set of neighbors of node i and interactions are decomposed into independent pairwise
effects. By contrast, on a hypergraph or simplicial complex, we allow irreducible multi-body terms indexed by
higher-order interactions ¢ (hyperedges/simplices) [10:

i = filw) + ) he(xe), (2)

e3i

where x, = {x; : k € ¢} collects the states of all components in e. In this paper, “learning dynamical laws on
higher-order structures” refers to identifying (or selecting a parsimonious parameterization of) the functions
h. and the relevant interactions e directly from time-resolved data, under structural constraints induced by the
higher-order representation (e.g., sparsity across candidate hyperedges and limited maximal order).

Higher-order structures such as hypergraphs and simplicial complexes provide a natural substrate for such
learning. By explicitly representing multi-body interactions, they constrain the hypothesis space of possible
dynamics, reducing the combinatorial burden and promoting sparsity, stability, and interpretability [32]. Within
this framework, learning algorithms can identify which higher-order interactions are functionally relevant and
how their collective influence shapes system behavior. Higher-order representations thus provide both accuracy
and inductive bias, facilitating reliable inference of complex dynamical patterns(33].

Integrating higher-order structure with learnable dynamics opens new avenues for mechanistic discovery. Mech-
anisms emerge as identifiable dynamical patterns linked to specific multi-body interactions, enabling the detec-
tion of context-dependent interaction regimes, regime shifts, and drivers of emergent behavior. Large language
models (LLMs) can further assist this process by generating structured hypotheses, synthesizing prior biological
knowledge, and constraining the search space for data-driven inference 3435, Combined with empirical data
and higher-order learning, such hybrid workflows offer a scalable path toward systematic, interpretable, and
mechanism-driven modeling of complex biological systems[3¢].
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4. DISCUSSION

The developments described above illustrate a broader conceptual shift in systems biology: from descriptive
pairwise network analyses toward a framework that integrates higher-order structures, learnable dynamics, and
Al-driven inference to explain how system-level behaviors arise. Although traditional network metrics such as
connectivity, modularity, and centrality provide valuable insights, they are insufficient to capture the dynamic
and context-dependent nature of biological function. Biological outcomes emerge from the interplay between
structural constraints and the governing dynamical laws, highlighting the need for a generative and mechanism-
focused perspective 371,

Within this emerging paradigm, three interdependent components form a coherent framework. Higher-order
structural representations encode biologically grounded multi-body constraints; learnable dynamical laws ex-
tract governing rules directly from time-resolved data; and AI tools, including LLMs, facilitate the exploration
of complex hypothesis spaces and the integration of prior knowledge. Together, these components establish
a closed loop: structure constrains dynamics, dynamics reveal mechanisms, and Al accelerates the cycle of
discovery and hypothesis testing.

This framework has concrete implications for the practice of systems biology. Experimental design may pri-
oritize temporally resolved, perturbation-based, or combinatorial data over static measurements. Modeling
strategies may shift from fitting predefined equations to learning dynamical rules under explicit higher-order
constraints. Model evaluation may emphasize mechanistic consistency, identification of dynamical regimes,
and generalization across conditions, rather than predictive accuracy alone. Collectively, these changes align
computational modeling more closely with the causal processes underlying biological phenomena.

Learning higher-order dynamics brings key technical hurdles for scientific reliability. Data/observability: effects
are context-activated and hidden in cross-section data; therefore, time series, perturbation-response, combina-
torial interventions, and latent-state models should be employed. Identifiability/overfitting: hyperedges grow
combinatorially; thus, sparsity, cap order, mechanistic priors, and cross-condition generalization tests should
be applied. Validation: prediction # causality; therefore, shuffling, resampling, and targeted multi-perturbation
experiments are necessary. Scalability: modular designs, truncated orders, sparse approximate inference, and
efficient hypergraph message passing should be considered.

LLMs are most useful when treated as hypothesis generators and translators between unstructured knowledge
and structured model components, rather than as sources of evidence. Concretely, LLMs can (i) extract can-
didate multi-component relations from literature and databases to propose a structured prior over plausible
hyperedges/motifs, (ii) map learned higher-order dynamical terms into human-interpretable mechanistic nar-
ratives and testable predictions, and (iii) assist in designing perturbation panels that are maximally diagnostic for
distinguishing among competing interaction hypotheses. However, because LLM outputs may be incomplete or
biased, safeguards are essential: candidate outputs should be citation-grounded where possible, cross-checked
for consistency across sources, and always treated as provisional hypotheses to be filtered through data-driven
identification, uncertainty quantification, and experimental validation.

Even so, by explicitly embracing higher-order organization and data-driven discovery within a unified, AI-
augmented framework, systems biology is positioned to move beyond descriptive modeling toward a mechanis-
tic, interpretable, and generative understanding of complex living systems.
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