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Abstract

Advances in scale and depth across omics, biomarker, and imaging technologies now resolve molecular,
cellular, tissue, and system-level biology in unprecedented detail. These data create vast opportunities to
represent biological state, predict biological response, and guide experimental intervention in medicine.
However, contemporary data science and human capacity for interpretation fall short at this scale.

Artificial intelligence has become a principal focus in attempting to overcome challenges in biological
modeling. Frontier modelling approaches learn representations from heterogeneous, multimodal
datasets, providing tools to organize, characterize, and attempt to predict biological states under defined
contexts. However, the value of these models is thus far limited, with little evidence of translation.
Progress beyond the contemporary depends on appropriate design of computation around the
architecture of biology: distinguishing context-specific associations from relationships that remain
predictive across biological conditions, encoding understanding of where observed correlations
converge or diverge within mechanisms, and consolidating interactions across molecule, cell, tissue, and
system.

In this work, we examine in silico biology from a systems perspective: computational systems that learn
representations of biological state, predict state transitions, prioritize experimentally testable
hypotheses, and guide intervention in living systems. We organize the field around three intertwined
problems. The first is the representation problem: Learning biological state from heterogeneous, sparse,
disconnected measurements. The second is the causality problem: Predicting how biological states
maintain and respond to stimuli. The third is the intervention problem: Validating computationally
perceived phenomena.

In our outlook, the next frontier is not defined by architecture, modality, or information scaleup alone. It
will emerge through cohesive representation across contexts, domains, and scales; interrogation of
causality against computational design within and beyond the data, and through iterative computational-
experimental intervention to refine both data and architecture to fill the gaps that contextualize causality
against biology broadly.

Introduction

Biology is now measured at unprecedented scale and resolution. Single-cell and spatial omics, multiplex
imaging, perturbation screens, longitudinal clinical profiling, and population-scale datasets have
transformed our capacity for discovery [1-6]. Two central challenges now pervade the field. The first, is in
information synthesis, and the second is in resolving cause and effect. Computational biology has
witnessed a profound shift towards architecting artificial systems to overcome these challenges, across
a wide range of philosophical approaches [7-9].

Context is critical; many consequential biological and medical questions are intervention problems.
Causal hierarchy distinguishes association, which asks what is observed; intervention, which asks what
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will happen if a variable is changed; and counterfactual reasoning, which ponders response under
alternative action [10]. Biological datasets have predominantly documented associations, but
therapeutic decisions require prediction about intervention and comparison among plausible
alternatives. A therapeutic target is valuable only if modulating it produces a desired change from a
defined initial state. A biomarker is useful insofar as it informs diagnosis, prognosis, treatment selection,
or response. A regenerative therapy must induce a healthy state in the target niche while supporting an
appropriate return to and maintenance of healthy homeostasis. A disease model must identify reversible
cascades, mechanisms of priming and activation, and compensatory responses that limit intervention to
facilitate a reversal in phenotype. In silico biology must climb the causal hierarchy: from recognizing
patterns in observation, to predicting the consequences of intervention, to reasoning how alternative
action belies compensation, adaptation, and resolution.

The aforementioned problems center around context, but these problems share commonalities across
generalizable phenomena within how biology regulates itself. However, the tasks of solving a contextual
problem or generalizing mechanism across biological contexts are not so simple. Biology is governed by
strict rulesets, across hundreds of thousands to millions of evolutionarily coordinated interactions to
drive context, and outside of that context contribute to a generalizable network. Computationally then,
context simplifies in silico architectures to great benefit for the accuracy of a model, yet may have
limited applicability across the breadth of biology [11]. The question then is how do we reconcile the
data that exists, the data we need, and the computational architectures designed around this space to
facilitate models of biology whose predictions stand across the breadth of molecular tasks, cell types,
tissues, systems, and environments that exist, let alone within a particular context?

We refer to this emerging paradigm of capturing cross-mechanistic biological structure and dynamics as
in silico biology: computational systems that understand the causality of life foundationally across
biological representation [12].

In line with understanding contextual dependence, the field’s focus on experimental perturbation
provides some measure of experimental currency, directly testing whether a model can predict how a
constrained view of biology changes when specific variables are altered [13]. But what of the variables
influencing organization of a phenotype under experimental interrogation? The epigenetic state under
which entities are perturbed? The contribution of environmental compensation and adaptation to
alternative mechanism? The lack of natural constraints normally applied by tissue or system? It is critical
to consider the dichotomy of perturbation in conventional practice against reality [14, 15].

This Perspective argues that the principal barrier to in silico biology is neither deficiency in data,
architecture, nor validation; rather the separation of representation, causality, and intervention into
independent context, domain, and scale of complexity. A model cannot predict a transition governed by
biology absent its encoded representation, and an experiment cannot establish causal relevance when
the contexts driving naturally organized response, compensation, and adaptation are excluded from its
design.
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Herein we examine these interconnected problems. Firstly, the representation problem: learning
biological state from heterogeneous, disconnected, partial multi-modal measurements. Second, the
causality problem: predicting how biological states are maintained and altered under perturbation across
regulatory domains and layers of organizational complexity. Third, the intervention problem: validating
perceived causality when challenged in experimental, physiological, and clinical contexts.

I. The representation problem: Reconstructing biological state dynamics

Biology is measured through partial observations: epigenetic context; genomic sequence; downstream
abundance and regulation; spatial organization and morphology; tissue organization; physiological
readouts; clinical outcome. In humans, these measurements are fragmented across genomic screens,
biomarker panels, patient samples, diagnostic data, clinical trajectories, treatment exposure, coexisting
disorders, longitudinal response, and post-mortem analysis, all in the face of diverse lived experience
and bias, systemic or otherwise [16] (Figure 1).

Each modality we measure captures a projection of biology upon a particular domain. The core question
underlying the representation problem is how to inform the cohesion of programs that maintain and
transition biology over contexts, domains, time-scales, conditions, and in response to stimuli from
observational or perturbational snapshots. To what extent can our data inform causality within the scope
of design? What of outside this scope? Can we infer beyond what is visible or hidden within existing data
with any realistic relevance?

Conventional bioinformatics are broadly designed to integrate, summarize, highlight, and dissociate
measured states [17]. Extensions including trajectory inference, dynamical modelling, network
reconstruction, and causal inference estimate how states arise, progress, and respond to changes in
feature inputs [18-20]. However, statistical approaches reconstruct covariance from snapshots and
assumptions, replacing missing information about fundamental rules of governance with statistical
distributions that are limited in context. Causal discovery provides formal methods for recovering
candidate causal structure from observational and experimental data, yet these structures remain
conditional on the variables measured, the assumptions imposed, and the contexts sampled. In
biological systems, latent regulation, incomplete temporal observation, feedback, compensation, and
context-dependent mechanisms leave multiple causal models artificially compatible with the same data
[10, 21].

Take the AP-1 transcription factor subunit c-Jun as a principal example. This is a gene required for
fundamental processes within a cell, yet its transcription responds contextually in governing cellular
response across more than two thousand predicted interactions, few causal, with most indirect by
covariance. It's transcription is implicated in both de-differentiation-like activity following injury, and exit
from pluripotency, only two dichotomous contexts of many [22, 23]. In itself it is generally fundamental
to many functions, but adjacently important in orchestrating contextually-dependent cellular response.
Its role under context across predicted interactions is unclear. The underlying mechanisms are
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transcriptionally indistinguishable in the absence of informed perturbation, counterfactual, and out-of-
domain context.

Mechanistic priors, including sparse molecular interaction maps, gene-regulatory networks, signalling
pathways, spatial neighbourhoods, lineage relationships, and evolutionary conservation offer constraint
to guide models where direct measurements are absent, priors are unknown, or variability needs be
organized around core biological ruleset. The representation problem then sets the boundaries within
which the causality problem is constrained. How do we design observation to distinguish context-
appropriate causality from that which is more broadly transferable? How do we design models to
capitalize on this observational design? When technical and biological variation are confounded by
experimental design, preprocessing or model architectures optimized for surrogate objectives may
obscure genuine mechanistic information. Alignment achieved under these objectives may establish
correspondence between observed states, but not capture the molecular interactions, spatial
dependencies, population structure, or regulatory constraints through which they are generated and
maintained [24-26)].

Appropriate early model designs may draw on neurosymbolic approaches to structure representations
before causal interrogation and experimental validation. These models combine subsymbolic learning
with semantic networks, mechanistic rules, or other structured priors [27]. Such structure can constrain
candidate causal models and support subsequent interventional and counterfactual reasoning, but does
not itself establish causal validity.

Prior knowledge provides valuable constraints, particularly where direct observations are sparse, but it
should not be treated as universal ground truth. Interaction and pathway resources aggregate evidence
across heterogeneous tissues, organisms, assays, and disease states, and few capture validated
causality, where contextualization across databases is uneven. If imposed without calibration against
the target system, these priors can propagate irrelevant information, ignore sparsely represented
mechanisms, and bias predictions [15].

This raises an important question: do we possess sufficient biological information to construct
generalized models of cellular behavior? The continued accumulation of ever-larger transcriptomic
datasets may offer diminishing returns relative to deeper characterization of complementary regulatory
layers, including the epigenome, proteome, and the regulatory machinery that encompass them [28-30].
So too must our models effectively encode this information. Is it enough to capture the breadth of
distributions by scaling the quantity and depth of data? Or should architectures more thoughtfully
organize biology with coherence to underlying causality, explicitly or otherwise?

Frontier Il. The causality problem: In silico prediction of biological response
While the representation problem concerns describing biological state, the causality problem directly

informs prediction of biological change. Given an initial cellular, tissue, or organismal state, can a model

Page 5/17



accurately predict how that system will respond to a previously unobserved perturbation, environment, or
context?

Many modern models can successfully interpolate within observed biological distributions, particularly
when architectural design and data utilization are well matched to the task. This capability alone
provides substantial value, as the scale and dimensionality of modern biological datasets exceeds the
capacity of human cognition. Yet if our scientific ambition extends beyond extracting causality from
observation, and the ultimate goal is to predict causal response that has not yet been measured, how do
we get there?

New models pretrained on massive molecular and single-cell datasets continue to pursue transferable
biological prediction through zero-shot, few-shot and fine-tuned applications [31-33]. Yet their limitations
raise a fundamental question: why is model scale treated as the principal bottleneck? Are these models
not constrained by the biological information available for learning, the objectives through which that
information is encoded, or both (Table 1)? Current evidence suggests that models trained predominantly
on observational transcriptomes learn statistical structure that can support downstream prediction, but
not necessarily causality, nor are they yet proven to generalize reliably to unseen context [34-36].

Biological Domain Dominant Scale(s)

Modeling Coverage Molecular Cell Tissue Patient Population
Genome Substantial n . . . .
Epigenome Fragmentary = . n .

Transcriptome Substantial n " " "

Proteome Fragmentary = . n .

Metabolome Sparse . n n .

Morphology and Imaging  Partial n n u n

Physiology Partial u . .

Clinical Partial . n

Table 1: A qualitative synthesis of data availability for computation across domains and scales.

Whether fine-tuning can recover regulatory context, temporal dependencies, biochemical constraints,
tissue organization, or compensatory responses depends on whether the relevant information is present
in the observations and retained in the pretrained representation [34-37]. Further, abundant
measurements of sequence, transcription, morphology, and clinical association remain disconnected or
weakly connected to the perturbational, longitudinal, and multiscale evidence needed to validate
biological response [38]. The transition problem thus inherits the representation problem: models cannot
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reliably generalize responses across contexts where governing causality is absent, disconnected, or
confounded across training tasks [39].

Perturbation experiments provide a more direct route towards resolving this limitation by measuring
biological response under specified interventions. Such data can be used both to train models on
intervention-response relationships and to validate causal hypotheses generated from existing
observational data. Relative to observational associations, perturbations more strongly constrain
candidate mechanisms, but they do not establish mechanism unambiguously: observed responses may
reflect on-target activity, off-target effects, pleiotropy, compensation or conditional adaptation [30, 40].
Responses observed in vitro must then be re-evaluated within tissue microenvironments, under systemic
regulation, across heterogeneous populations and, where model organisms are used, across species.
Extending perturbational measurements across developmental stages, tissues, and species is non-trivial
in the pursuit of broadly transferable rules [30, 38, 40].

Perturbation studies targeting gene expression nevertheless interrogate only a subset of the regulatory
processes that shape biological responses. Predictive models need integrate evidence across genomic,
epigenomic, transcriptomic, proteomic and metabolic layers of regulatory information, while connecting
cellular interaction, tissue organization and systemic physiology [28, 41]. This may require architectures
matched to the structure of the biological problem. Graph neural networks can encode entities and their
known or inferred relationships, including molecular interactions, regulatory networks and spatial
neighbourhoods, whereas transformer-based models can learn context-dependent and potentially long-
range dependencies across large, heterogeneous datasets [41-43]. Hybrid architectures may provide a
more reflective route towards combining relational priors with learned representations, though their
mechanistic value still remains dependent on the observations and objectives used to train them.

Frontier Ill. The intervention problem: Validating perceived biological understanding

Computational pattern recognition of biological information has little relevance without applied
validation. Experiments must define context, challenge predicted mechanisms, and generate
observations that expose where proposed candidates succeed or fail. The resulting evidence can refine
model parameters, objectives and biological priors, and support furthered determination of which
predictions generalize beyond the contexts represented in the training data.

Biological validation as a stagewise approach first determines if a model predicts a defined outcome
under specified experimental conditions. A successful test supports that prediction within the evaluated
context, but does not by itself establish mechanism or transferability. These require additional
experiments designed to test whether the prediction persists under counterfactual and mechanistic
hypotheses across scales, to tissue microenvironment, organismal physiology and across a population
[30, 44, 45]. The appropriate validation strategy is also dependent on what information is missing. Some
variables can be measured directly, approximated through related modalities or tested through targeted
perturbation; others may be inaccessible, unobserved or non-identifiable within the available
experimental system. Where the experimental space is large, models can prioritize interventions that
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discriminate among competing hypotheses or evaluate contexts in which predictions are most uncertain
[21, 46]. The resulting experiments can then evaluate those predictions while providing new evidence for
our models. In the meantime, current approaches need be ever mindful of the context in which co-
correlates are not valid.

Take the virtual cell movement as a case study; available benchmarks do not establish a superior
architecture across evaluated single-cell modelling tasks, with metrics further blurred by the definition of
the task [30, 36, 47-49]. When evaluated without task-specific fine-tuning, pretrained transformer-based
foundation models do not outperform highly variable gene selection or variational autoencoder-based
approaches in cell-type clustering, batch integration, nor prediction tasks [34-36, 39, 48]. Perturbation-
response benchmarks likewise show that relative model performance depends on the dataset, prediction
task, and evaluation metric [46, 48, 49]. Importantly, agreement with observed expression profiles and
the ability to distinguish perturbation-specific responses are separate evaluation criteria, while metric
calibration can affect whether improvements over baseline predictions are detected. This is
demonstrated by the variance in outcome across recent benchmarks and model releases (Figure 3a) [46,
48, 49]. Further, recent model releases such as STATE demonstrate substantial gains under particular
evaluation settings without establishing uniform improvement across contexts and endpoints (Figure
3b) [50]. Given the state of our models under specified contexts across comparative analyses against
well-established transcriptional abundance tasks, how far does the needle need to move to broadly
facilitate consistent multi-domain, multi-scale implementations that hold up to validation?

Critical in these arguments is the distinction between latent transition, relational statistic, and explicit
feature prediction relative to differential remodeling of a biological system. AP-1 again provides a
wonderful system to make this point. Clearly core within many programs, under inappropriate
constraints a perturbation to this program will rank highly in transitioning a system both towards and
away from an intended target [51, 52]. It is simple enough to detract conflicting outcomes from a rank
list of optimized target predictions, but less so is capturing the nonlinearity of that response relative to
the causality of the system. Key to understand is the drivers propagating those responses across
experimental system and scale relative to the model; what informative feedback optimizes the
architecture and forwards the computational implementation?

The next Frontier: in silico biology

Living systems coordinate molecular regulation spanning cellular architecture, spatial organization,
tissue dynamics, and physiology, across myriad contexts and environmental challenge. The next frontier
of computational systems must do far more than organize biological variation around distributions
tuned against feature sets to solely describe high-variant features differentiating entities and systems.
This ambition is constrained less by the volume of biological data than by its fragmentation. Molecular,
cellular, spatial, physiological, clinical, and population measurements provide partial, uneven views of
connected systems. Current models do not sufficiently link initial state, intervention, mechanism,
response, compensation, sameness, nor outcome across contexts, nor do they explicitly learn to
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accomplish this across scales. Models consequently generalize across contexts with governing
mechanisms absent, confounded, or disconnected from the endpoints they predict. This will work in
many contexts, and is insufficient in many more. Increasing data will improve distributions, but without
thoughtful experimental design poorly reflects or may entirely miss unobserved biological architecture.

Computational architecture must reflect this limitation. Current evidence does not identify a universally
optimal model class, nor does increasing architectural complexity reliably establish certainty under
context nor generalization. The relevant standard is whether a model preserves the structure required for
its intended prediction and an understanding of how that accuracy diverges when challenged by the
biology to which it is applied and further validated. Language models, structured latent encoders,
dynamical systems, relational graphs, neurosymbolic systems, or simpler statistical models all show
exciting promise in computational biology, and will no doubt contribute under appropriate design [53-57].
Their inclusion should be justified by performance under meaningful biological challenge, not by in-
distribution reconstruction, token utilization, performance solely across the strongest defined feature
variants, or benchmark optimization across low-hanging fruit. The next frontier will unify representation
against causality against intervention, within novel computational-experimental scaffolds, across
domains and scale. In the meantime, existing frameworks and philosophies must more consciously
address the boundaries governing the biology over which we seek in silico control, to further the extent to
which that control over biology truly extends.

Methods

Benchmark synthesis and visualization. Published single-cell perturbation benchmark results were
consolidated across studies and grouped into four evaluation domains: expression fit, perturbation
discrimination, distributional fidelity, and gene recovery. Within each benchmark metric, model
performance was converted to a direction-aware relative standing score using rank normalization,
allowing comparison of models across heterogeneous evaluation frameworks while preserving dataset-,
task-, and metric-specific context. Domain scores were calculated only when all required metrics for that
domain were reported. Context-transfer and combination-prediction tasks were evaluated separately and
visualized concurrently. For STATE, published context-transfer results were represented as reported
relative improvements over comparator models, whereas drug-combination performance was
represented using reported BLISS and ZIP synergy correlations.
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Regulation and Representation of Biology across Scales
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Biological regulation and representation across domains and scales.
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Modeling Regulatory Architecture across Domains and Entities
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Conceptual multilayer regulatory architecture for modeling biological state transitions across interacting
domains, entities, and timescales.
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PerturBench_v4 | Context transfer and combination prediction
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Figure 3

(a) Secondary analysis across model benchmarking literature for combination prediction and context
transfer. (b) Bringing STATE into the fold. ST: State transition. SE: State embedding. HVG: Highly varying
genes.
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