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Artificial intelligence in pharmaceutical science increasingly generates molecules, predicts
reactions, integrates biological measurements, and coordinates scientific tools. These capabilities
are valuable, but they do not by themselves constitute a world model capable of representing what
happens to a biological system after a pharmaceutical intervention. The unresolved problem is that

01 October 2025 models optimized to continue statistically probable sequences may produce chemically or
Accepted: biologically persuasive outputs without encoding intervention-specific state transitions, temporal

05 October 2025 adaptation, causal structure, uncertainty, or multiscale consequences. This article proposes a
Available online: consequence-aware pharmaceutical world-model architecture that treats biological simulation as a

28 October 2025 structured relationship among an initial biological state, an explicitly specified intervention,
context-dependent transition dynamics, time, observations, uncertainty, and counterfactual
alternatives. The proposed construct distinguishes latent biological state from assay output,
molecular action from therapeutic consequence, predictive association from mechanism, and model
confidence from calibrated uncertainty. It further links learned cellular representations with
mechanistic and quantitative pharmacological constraints, multiscale coupling, provenance,
applicability boundaries, and experimental feedback. Validation is framed as a graduated
evidentiary problem requiring more than reconstruction or aggregate predictive performance:
models should be challenged through held-out perturbations, dose and temporal variation, context
transfer, interaction recovery, mechanism-directed experiments, uncertainty assessment, and
prospective falsification. The architecture is conceptual rather than empirically validated and cannot
establish clinical utility, regulatory acceptability, or universal biological completeness. Its principal
implication is that pharmaceutical world models should be judged by whether they support bounded,
testable, intervention-conditioned claims about biological consequences—not by whether they
generate fluent, realistic, or statistically familiar continuations.
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Introduction

Computational pharmaceutical science now includes machine learning for molecular property prediction, target identification,
reaction prediction, molecular design, biomarker analysis, pharmacological modeling, and development-stage decision
support. These methods can accelerate individual tasks and connect previously separated data types, yet their success remains
distributed across heterogeneous objectives, representations, and validation practices rather than organized around a unified
account of how an intervention changes a biological system [1-3]. A molecular generator may propose a structure, a reaction
model may suggest a transformation, and a cellular model may predict an expression profile, but none of these outputs alone
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specifies the full chain from molecular action to exposure, pathway modulation, cellular adaptation, tissue response,
organismal consequence, and clinically relevant outcome.
The conceptual difficulty is not resolved by adding explanations to an otherwise predictive model. Feature attribution, attention
visualization, counterfactual examples, and interpretable substructures can help scientists inspect model behavior, but they do
not independently demonstrate that the model has recovered a causal biological mechanism [4]. A persuasive explanation may
describe correlations encoded by the training data, identify features associated with a prediction, or generate a plausible
mechanistic narrative while remaining disconnected from the computations that produced the output. Pharmaceutical
consequence modeling therefore requires a stricter distinction among interpretability, mechanistic representation, causal
identification, experimental confirmation, and decision usefulness.
A second difficulty arises from the gap between benchmark performance and consequential pharmaceutical validity.
Retrospective accuracy may be inflated by dataset similarity, narrow task definitions, favorable data splitting, incomplete
comparators, or endpoints that are easier to predict than the decisions they are used to justify. Consequently, strong
performance on a molecular or biological benchmark does not establish that a model can guide synthesis, reproduce an
intervention response, generalize to a new disease context, anticipate toxicity, or support a development decision [5]. The
central problem is therefore architectural and evidentiary: the field lacks a sufficiently explicit definition of what must be
represented, connected, and tested before a model can claim to simulate pharmaceutical consequences.
This article proposes a Pharmaceutical Consequence-Simulation World Model as an original conceptual architecture. The
construct is defined as a context-bounded model that represents a time-indexed biological state, applies an explicitly specified
pharmaceutical intervention, generates a distribution over possible subsequent states, exposes uncertainty and causal
assumptions, and produces testable observations across relevant biological scales. Its contribution is not a new trained model,
dataset, benchmark, or validated decision system. Rather, it specifies the representational commitments, internal interfaces,
evaluation logic, and claim boundaries needed to distinguish consequence-aware simulation from statistical continuation. The
architecture is intended to organize future model design and falsification while preventing fluent output, mechanistic
vocabulary, or a single performance measure from being treated as sufficient evidence of biological simulation.

From Next-Token Prediction to Consequence-Aware Scientific Simulation

Sequence models demonstrate that statistical continuation can acquire substantial chemical competence. Recurrent neural
networks can learn molecular-string distributions and generate focused molecular libraries; transformer models can infer
reaction products from learned relationships between reactants and products; and large chemical-language representations can
encode structural and property information through pretraining [6-8]. These results show that next-token-like objectives are
not scientifically trivial. By learning regularities in chemical notation and training distributions, such systems may support
molecular generation, reaction prediction, representation learning, retrieval, and hypothesis formation. The limitation is
narrower: success at continuing a chemical sequence does not establish that the model represents the biological system in
which the resulting molecule would act.

Tool augmentation can extend a language model beyond its internal statistical representation by allowing it to retrieve chemical
information, execute calculations, invoke specialist models, or check molecular properties [9]. Such grounding can improve
accuracy and scientific usefulness, particularly where the underlying task has a well-defined external tool. Nevertheless, a
collection of tool calls remains different from a world model. The tool-augmented system may calculate descriptors, search
literature, predict a target, or estimate a property without maintaining a coherent biological state that changes through time. It
may also combine outputs generated under incompatible assumptions, biological contexts, measurement conditions, or
uncertainty conventions. Consequence-aware simulation therefore requires more than access to scientific functions; it requires
a common representational substrate through which the outputs of those functions can be interpreted as parts of the same
evolving system.

Agentic systems further illustrate the distinction between acting in a scientific environment and modeling the environment’s
consequences. Language-model agents can formulate plans, select tools, execute code, consult external information, and
coordinate elements of chemical experimentation [10]. These capabilities may support closed-loop research, but agency and
world modeling are separable. An agent may possess an inaccurate model of the system it manipulates, rely on external tools
whose outputs are not mutually consistent, or respond to experimental feedback without representing why the result occurred.
Conversely, a consequence model might support simulation without autonomously selecting or executing experiments. The
proposed architecture therefore treats agents as potential users of a pharmaceutical world model rather than assuming that
planning autonomy itself demonstrates biological understanding.

The transition from pattern continuation to consequence-aware simulation requires at least six changes in scientific
commitment. First, the model must represent an identifiable biological state rather than only a token history or static molecular
input. Second, the intervention must be explicit, including its identity, dose, schedule, route, duration, combination, and
context. Third, predicted outputs must arise through temporally ordered state transitions rather than unstructured completion.
Fourth, uncertainty must accompany the predicted trajectory and distinguish data noise, model uncertainty, measurement
limitations, and unsupported extrapolation. Fifth, counterfactual alternatives must be tied to defensible causal assumptions
rather than generated as unconstrained possibilities. Sixth, outputs must be connected to observations that can falsify the
simulated consequence. Table 1 organizes the evidence, constructs, and interpretation boundaries needed to develop from
next-token prediction to consequence-aware scientific simulation within the article’s central argument.
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Table 1. Evidence domains, core questions, scientific requirements, and interpretation boundaries for From next-token
prediction to consequence-aware scientific simulation
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domain shift.
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What Pharmaceutical World Models Must Represent

A pharmaceutical world model must first represent the state of the biological system, not merely the content of the data used
to describe it. A biological state may include molecular abundance, regulatory activity, pathway configuration, cellular
phenotype, tissue composition, disease status, physiological condition, exposure, prior treatment, and environmental context.
The required state is necessarily selective rather than exhaustive: no model can encode every molecular event or organismal
variable. The relevant criterion is whether the representation preserves the information needed to predict and test the
consequences covered by its intended use. Proposals for Al-enabled virtual cells similarly emphasize multimodal state
representations, dynamic transitions, perturbations, and relationships across biological scales, while acknowledging that a
complete virtual representation remains an aspirational scientific program rather than an achieved general-purpose simulator
[11].

Foundation models for single-cell biology show how shared representations may integrate transcriptomic and multi-omic
information and transfer across tasks [12]. Such models provide an important component of a pharmaceutical world model
because they can encode cellular context more richly than isolated molecular descriptors or manually selected biomarkers.
Nevertheless, transferability across analytical tasks is not equivalent to consequence validity. A state representation may
support cell annotation, integration, or masked-value prediction while failing to preserve dose sensitivity, treatment history,
rare-state behavior, or the variables that determine an adverse response. The proposed architecture therefore requires state
representations to be evaluated against the interventions and outcomes they are expected to support, rather than accepted as
biologically sufficient because they are large, pretrained, or successful across unrelated downstream tasks.

Biological state must also preserve relational structure. Gene activity, signaling, metabolism, target dependence, compensatory
pathways, and disease phenotypes arise from interactions rather than independent feature values. Transfer learning in network
biology demonstrates that models can encode context-sensitive relationships among genes and use those relationships for
downstream biological predictions [13]. The proposed world model extends this principle by requiring explicit interfaces
among molecular, pathway, cellular, tissue, exposure, and physiological representations. These interfaces need not all be
implemented through the same modeling formalism: learned representations, mechanistic equations, probabilistic graphical
models, pharmacokinetic modules, and quantitative systems-pharmacology components may coexist. What matters is that their
exchanged states, assumptions, units, temporal resolutions, and uncertainty meanings remain interpretable and testable. Figure
1 presents the pharmaceutical consequence-simulation world model, showing how the article’s key components and boundaries
are connected within what pharmaceutical world models must represent.

58



Zhang et al., 2025

Pharmacophore, 16(5) 2024, Pages 55-66

L The Pharrnaceutlml
Consequence-Slmulatuon
World Model
Archi Y 7 [ .z Molecular actions

e S T e S Boundaries between useful simulation and plausible fiction - - - --------—----—-—-—-————— ~
From next-token prediction to — . What pharmaceuﬁcal world models must represent
scientific si B I state Time (" Uncertainty Counterfactual
9 = tructure
: = Consequence-aware @ s
N(::w continuation) st siuiation ¥ . @
(mechanistic, muhiscale) e ® | < -
::er:::nance A 1<) ks () - » /. ’ - multiscale . « dynamics + aleatoric > . P
physiology . uhedule « whatiif i " ssociation
w [ O -@ - disease context | | - mechanism *jeckories e chnngesm(m vs
pharmaceutical .\ l \ I mechanism /
usefulness Ill! I Y causality
Plnest token | context) Ploest ste | state, intervesition, time)

for linking molecular actions Li—— ligand binding, modulation g \\ Validation through perturbation,
to multiscale outcomes = § [e=sn= prediction, and mechanism recovery
e [ ¢ ‘go Targets and pathways
Representation | Molecular || Celluar | Tissue /organ|| Patient § e e 'ig“"""" ) (| Perturbation -
features || context context || context £ — = 2 s
3 VRS— 2 (@) Colutorstae | — & Disn el et sxperimart :
P + 7 =2 phenotype, function % i le----1 i:::;. ;:«.;T:?.m !
nistic
o Binding& || Signaling® || Celllar | |Tissue/ergan © > Ti s
modulation || networks processes models 5 {;4675 Tissue / organ effects s | =
( © N oo} St | Uy | et ) 2 & srvctue, fnction g Prediction
A v [ 2 ¥ + | ;: ,N/‘ Out-of-sample forecasts of ;
ion fe----o ”
=y Graph-based / hybrid integration | Ama Patient phenotype € ’ Arajéckories anc outcomes } 1
- (causal, dynamical, multiscale) \\ MY ais i H ) } under specified interventions b .
\\ == —— / |
Emergent A= ¥ 4 fesaausy R Clinical consequence f/, / @ ®  Mechanism recovery !
outcomes Phenotypic || Biomarker | Clinical Health L g omme et GOR | s é a Recover and test mechanistic !
—al changes | trajectories | events || outcomes 2 . . J - o. ot ndibie |
observed effects '
- 1
,/3‘ !
H 1
S ——> Evidence-supported / directional relation Conceptual |
Prediction ~ === Proposed / context-dependent relation readiness -
v LA
experimental . i . . X operational.-y
ocfation [ State & context [ tntervention [ Time [ Uncotsinty [0 Countedfactuatstructure () Modolcore [ Achitecture [ Validation deployment |
1

N Asrows indicate prop: or supp lationships, not d effect sizes. 7

Figure 1. Pharmaceutical Consequence-Simulation World Model.

The figure is an original conceptual synthesis that organizes the article’s central contribution across next-token prediction to
consequence-aware scientific simulation, pharmaceutical world models must represent, biological state, intervention, time,
uncertainty, and counterfactual structure, biological state, counterfactual structure, architecture for linking molecular actions
to multiscale outcomes. Arrows and grouping indicate proposed or evidence-supported relationships rather than measured
effect sizes. The figure does not represent a validated predictive model, regulatory determination, clinical recommendation, or
deployment-ready system.

A world model must finally encode the transformation between states under a defined intervention. Perturbation-response
models demonstrate that learned latent spaces can approximate changes between cellular distributions after treatment,
providing an important precursor to consequence simulation [14]. The proposed architecture, however, requires the
intervention to contain more than a perturbation label. It should represent the molecular or biological action, dose, route,
schedule, duration, combination, target-engagement assumptions, prior treatment, and relevant context. The transition should
produce a probability distribution over future states rather than a single deterministic answer, because biological responses are
heterogeneous and incompletely observed. It should also distinguish the latent state from the assays used to measure it,
allowing apparent prediction errors to be traced to transition dynamics, observation noise, missing context, or model-form
failure. A pharmaceutical world model is therefore defined not by scale alone, but by whether its representations support
explicit, uncertain, intervention-conditioned, temporally ordered, and experimentally contestable claims about biological
consequences.

Biological State, Intervention, Time, Uncertainty, and Counterfactual Structure

The proposed architecture begins with a formal distinction between biological state and the data through which that state is
observed. A biological state is the condition of the modeled system at a specified time and level of resolution; it may include
molecular concentrations, regulatory activity, pathway configuration, cell composition, tissue organization, physiological
variables, disease features, exposure, prior treatment, and environmental context. Measurements such as transcriptomic
profiles, imaging features, biomarkers, or assay readouts are observations generated from that state rather than the state itself.
This distinction is essential because different assays may provide incomplete, noisy, delayed, or technically distorted views of
the same underlying biology. A world model that equates an assay vector with biological reality may reconstruct measured
data accurately while failing to represent the variables that determine response to intervention.

An intervention must be represented as an operation on the biological state rather than as an additional descriptive token.
Causal representation learning provides the theoretical motivation for separating variables that predict one another from
variables and mechanisms that remain meaningful under intervention [15]. In the proposed architecture, an intervention
specification includes the manipulated entity, hypothesized target or mechanism, dose, route, schedule, duration, treatment
sequence, combination status, and biological context. The required resolution depends on the intended claim. A compound
identifier may be sufficient for retrieval of an observed assay profile but inadequate for predicting tissue exposure, delayed
pathway adaptation, or combination toxicity. The intervention operator must therefore expose what is manipulated, what is
assumed about its action, and which parts of the resulting transition are learned from data, mechanistically constrained, or
presently unknown.
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Counterfactual structure adds a more demanding requirement. Predicting an observed outcome for a treated sample is not
identical to estimating what would have happened to the same biological system under a different intervention or no
intervention. Causal treatment-outcome modeling requires a clearly specified estimand and assumptions concerning treatment
assignment, confounding, consistency, positivity, and transportability [16]. Accordingly, the proposed world model should not
label every alternative generated trajectory as a counterfactual. Counterfactual claims should be reserved for comparisons
supported by an explicit causal structure and an identified relationship between interventions and potential outcomes. Where
these conditions are not met, the architecture should describe outputs as conditional simulations, scenario analyses, or
hypothesis-generating alternatives rather than causal treatment effects.

Time and uncertainty complete the core state-transition structure. Biological consequences unfold through exposure, delay,
feedback, adaptation, compensation, recovery, progression, and repeated intervention. Distributional trajectory methods
illustrate how time-separated cell populations may be linked to infer probable state movement, although inferred trajectories
are not direct observations of individual histories or proof of mechanism [17]. Every predicted transition should therefore be
indexed by time and accompanied by uncertainty reflecting biological variability, measurement error, parameter uncertainty,
model-form uncertainty, missing mechanisms, and domain shift. Neural uncertainty methods can behave differently under
changing molecular prediction conditions, demonstrating that confidence estimates cannot be assumed to be interchangeable
or calibrated [18]. The proposed architecture consequently treats uncertainty as a structured output attached to states,
transitions, and counterfactual comparisons rather than as a single confidence score appended after prediction.

Architecture for Linking Molecular Actions to Multiscale Outcomes

The Pharmaceutical Consequence-Simulation World Model is proposed as a modular architecture rather than a single
monolithic neural network. Its central object is a transition distribution that maps an initial biological state, intervention,
context, and time specification to possible future states. Surrounding this transition are specialized components for molecular
representation, target and pathway reasoning, cellular-state modeling, tissue and physiological coupling, exposure, observation
generation, uncertainty, counterfactual comparison, provenance, and experimental revision. Modularity is scientifically
important because each scale may require a different representational language, temporal resolution, or validation strategy. It
also permits a component to be revised or rejected without treating the entire architecture as a single indivisible source of truth.
The molecular-to-cellular interface must connect a drug or biological intervention to target engagement, pathway modulation,
compensatory signaling, and phenotypic response. Mechanistic pathway models demonstrate that parameterized biological
relationships can link molecular interventions with predicted response states, while also exposing assumptions and parameter
uncertainty [19]. Within the proposed architecture, mechanistic modules may constrain learned state transitions, provide
interpretable intermediate variables, or identify violations of known biological relationships. They should not be treated as
automatically correct merely because they use equations or named pathways. Mechanistic models may omit relevant feedback,
represent only selected cell types, inherit uncertain parameters, or fail when transported to a new disease context. Their role is
therefore to make assumptions explicit and testable rather than to guarantee mechanistic validity.

The cellular-to-organism interface requires additional layers for tissue context, distribution, metabolism, exposure,
physiological regulation, disease progression, and population variability. Quantitative systems pharmacology offers a relevant
foundation because it integrates pharmacology, systems biology, disease mechanisms, and quantitative simulation across
multiple levels of organization [20]. The proposed architecture extends this logic by allowing learned representations and
mechanistic modules to exchange bounded state variables. For example, a cellular model may predict a pathway or phenotypic
response conditioned on target engagement, while a pharmacokinetic component constrains whether the required exposure is
attainable and a tissue-level component determines whether the relevant cell state is present. These interfaces must preserve
units, time scales, assumptions, and uncertainty so that apparently coherent outputs do not conceal contradictions between
modules.

Validation of such an architecture cannot be reduced to fitting all available data simultaneously. Quantitative systems-
pharmacology validation is necessarily tied to context of use, model purpose, assumptions, and the evidence required for a
particular decision [21]. Population simulation and in silico trial concepts may extend mechanistic models toward
heterogeneous outcome scenarios, but simulated populations do not substitute for clinical observations or establish clinical
utility [22]. The architecture should therefore maintain a provenance and applicability ledger recording data sources, assay
conditions, parameter origins, model versions, calibration domains, failed tests, and permitted claim levels. Its expected output
is not a single definitive forecast but a structured set of possible consequences, their supporting mechanisms or associations,
uncertainty, predicted observations, and explicit conditions under which the result should be rejected, qualified, or tested
experimentally.

Validation through Perturbation, Prediction, and Mechanism Recovery

A consequence-aware world model should be validated by asking whether it predicts what changes after a defined intervention,
not merely whether it reconstructs the dominant structure of an observational dataset. Genetic interaction screens provide rich
single-cell phenotypes for testing whether a model recovers nonlinear interaction structure; multiplex chemical transcriptomics
measures heterogeneous cellular responses to pharmacological perturbations; and prediction of unseen multigene interventions
tests whether a model generalizes beyond conditions explicitly represented during training [23-25]. Together, these evidence
types support a validation strategy centered on held-out interventions, matched controls, context variation, and response-
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specific structure. They do not establish that transcriptomic prediction alone is equivalent to tissue, organismal, safety, or
therapeutic consequence.
Aggregate similarity metrics can obscure biologically weak models. A prediction may correlate highly with the observed post-
treatment state because it reproduces cell identity, baseline expression, batch structure, or a response shared across many
perturbations. Systema was developed to evaluate perturbation-response prediction beyond such systematic variation and to
examine whether models discriminate individual perturbations and recover the organization of a perturbation landscape [26].
This principle is central to the proposed validation framework. Evaluation should subtract or control for readily predictable
background structure and determine whether the model captures the direction, specificity, magnitude ordering, and context
dependence of the intervention effect. Simple baselines, including control-state, mean-response, nearest-neighbor, and linear
models, should remain visible so that complexity is not mistaken for biological information.
Mechanism recovery requires stronger evidence than accurate endpoint prediction. A model claiming to represent mechanism
should predict the effects of intervening at multiple points in the proposed pathway, including target inhibition, genetic
disruption, mediator alteration, rescue, or compensatory activation. The expected evidence may include correct response
direction, interaction structure, mediation patterns, temporal ordering, and agreement across orthogonal assays. Post hoc
pathway enrichment, attention maps, or generated explanations can support hypothesis formation but cannot alone establish
that the named mechanism produced the prediction. Prospective experiments should be selected partly for their capacity to
falsify the model, distinguish competing mechanisms, and reveal where apparently correct predictions arise for the wrong
biological reason. Figure 2 presents the evidence, validation, and translation boundary observatory for world models for
pharmaceutical science should simulate, showing how the article’s key components and boundaries are connected within
validation through perturbation, prediction, and mechanism recovery.

Evidence, Validation, and Translation Boundaries

An Evidence Ladder for World Models in Pharmaceutical Science
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Figure 2. Evidence, Validation, and Translation Boundaries.

The figure is an original conceptual synthesis that shows how claims move from conceptual plausibility through evaluation,
uncertainty assessment, and bounded pharmaceutical use. Arrows and grouping indicate proposed or evidence-supported
relationships rather than measured effect sizes. The figure does not represent a validated predictive model, regulatory
determination, clinical recommendation, or deployment-ready system.

The complete validation strategy is therefore an evidence ladder rather than a single score. Lower levels test whether the model
reconstructs observations and represents biological state. Intermediate levels examine time-ordered prediction, unseen
interventions, dose and schedule sensitivity, context transfer, combinations, and uncertainty under shift. Higher levels test
perturbation-specific landscape recovery, cross-scale consistency, mechanism recovery, and prospective experimental
falsification. Progression is not automatic: a model may be useful for state interpolation while failing intervention prediction,
or predict a cellular response without supporting an organismal consequence. Validation claims must remain attached to the
specific biological system, intervention class, assay, temporal horizon, population, and decision context that were evaluated.
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Boundaries between Useful Simulation and Plausible Fiction
The first boundary concerns memorization and generalization. Ligand-based benchmarks can reward models for recognizing
compounds or neighborhoods similar to those represented in training rather than learning relationships that generalize to
unfamiliar chemical space [27]. A world model may exhibit the same problem at multiple levels: it may retrieve familiar
molecular responses, reproduce common cell-state shifts, or continue a frequently observed disease trajectory without
modeling why the transition occurs. Realistic evaluation therefore requires intervention-level, scaffold-level, context-level,
temporal, and where possible mechanism-level holdouts. Randomly separating observations while leaving nearly identical
interventions or biological contexts on both sides of the split may test interpolation but cannot support a broad consequence-
simulation claim.
The second boundary concerns local discontinuity. Activity cliffs show that small structural differences can correspond to
large changes in biological activity and that strong average performance can conceal serious errors in chemically local
neighborhoods [28]. Analogous cliffs may occur at higher levels when modest changes in dose, timing, genotype, tissue state,
co-medication, or pathway activation produce qualitatively different outcomes. A model trained to favor smooth statistical
continuation may suppress these transitions because they are uncommon or difficult to infer from sparse data. Consequence-
aware evaluation must therefore include local stress tests, boundary cases, rare biological states, and interventions expected to
expose nonlinearities. Failure at such boundaries does not render the model universally useless, but it sharply restricts the
domain in which its outputs should be interpreted.
The third boundary concerns evaluation design and claim discipline. Chemical machine-learning guidance emphasizes that
data construction, splitting strategy, baselines, applicability analysis, uncertainty, and intended use jointly determine the
credibility of a reported result [29]. For pharmaceutical world models, evaluation must similarly align with the consequence
being claimed. Reconstruction supports a representation claim; held-out perturbation prediction supports a bounded predictive
claim; mechanism-directed intervention may support a mechanism-recovery claim; and prospective replication may support
usefulness in a defined research context. None of these automatically establishes clinical benefit, safety, regulatory
acceptability, or broad deployment readiness. The model’s interface should communicate these claim ceilings rather than
presenting all outputs with the same visual or linguistic authority.
The final boundary concerns data suitability. Pharmaceutical data are generated through assays, selection processes,
measurement technologies, historical research priorities, and biological contexts that influence what is observed and labeled
[30]. More data do not necessarily provide the variables, interventions, temporal coverage, or negative evidence needed to
identify consequence dynamics. A model may produce a plausible trajectory because it has learned the language and typical
correlations of biomedical data while lacking exposure measurements, target-engagement evidence, rare toxicity states, failed
experiments, or relevant population diversity. In this article, plausible fiction therefore denotes an output that appears
scientifically coherent but exceeds the model’s evidentiary support, causal assumptions, applicability domain, or experimental
confirmation. Table 2 organizes the evidence, constructs, and interpretation boundaries needed to develop boundaries between
useful simulation and plausible fiction within the article’s central argument.

Table 2. Evaluation, implementation, and research priorities arising from World Models for Pharmaceutical Science Should
Simulate Biological Consequences rather than Merely

Component or . Uncertainty or Validation
Inputs Core function Expected output L. A
layer limitation requirement
. Demonstrate
Multimodal L State .
Represent the Time-indexed latent . preservation of
. . molecular, cellular, . . . incompleteness, . .
Biological-state . . . intervention- state with .. . information needed
tissue, physiological, .. . . missing modalities, .
encoder . relevant condition  interpretable links to for the intended
disease, exposure, and . batch effects, .
. of the system measured variables . perturbation and
treatment-history data representation bias
consequence tasks
. . Incomplete target
Molecular identity, enca Sment oif
target hypothesis, Structured £ag ’ Test across held-
. Apply a defined . . target effects, . .
Intervention dose, route, schedule, . . intervention- . out interventions,
. manipulation to . ambiguous
operator duration, conditioned doses, schedules,
. the current state i, exposure, adherence L
combination, and transition request . and combinations
or delivery
context .
uncertainty
Lo Evaluate
Sparse longitudinal .
.. . prospective time
Initial state, Generate observations, .
Temporal . . . . points, onset,
. intervention, context, distributions over Time-resolved unobserved .
transition . . . . . . . . . adaptation,
time horizon, and possible future biological trajectories  intermediate states,
model . . recovery, and
prior state history states model-form
. repeated-treatment
uncertainty .
behavior
Multiscale Molecular, pathway, Link Cross-scale state Incompatible units, Test linked
ulti . . - .
counling laver cellular, tissue, consequences updates and time scales, predictions using
upli . . . .
pling 13y pharmacokinetic, across constraints aggregation, missing measurements
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physiological, and
disease-state variables

organizational
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feedback, uncertain
parameters

obtained across
multiple scales

Predicted omics,

imaging, Validate separately
. Latent states and . .
Observation R Convert modeled biochemical, Measurement error, from the latent
assay-specific . . . .
and assay states into testable phenotypic, censoring, platform transition model
measurement . . .
model rocesses observations exposure, safety, or effects, label noise using matched
P outcome assay conditions
measurements
Use randomized
. interventions,
Intervention structure Compare possible Confounding, non- negative controls
i ure, i .. e iv s
Causal and . pare p Conditional or identifiability, & e
causal assumptions, consequences . . . . sensitivity
counterfactual . causally identified positivity failure,
covariates, and under defined . . analyses, or
layer . . . intervention contrasts  unsupported causal .
alternative actions alternatives . defensible
assumptions . . .
identification
strategies
. . . Incomplete Reconstruct
Biological relations, . . .
. _ Evidence-linked provenance, selected predictions
Mechanism and parameter sources, Make predictions . .
" mechanism conflicting and test proposed
provenance dataset origins, model traceable and . . .
. hypotheses and audit mechanisms, non- mediators through
ledger versions, and contestable . . .
. trail identifiable targeted
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parameters perturbation
Predictive o
L. . Assess calibration,
. distributions, domain . . . Unknown
Uncertainty . Qualify, restrict, Calibrated coverage, error
distance, model . . unknowns, subgroup .
and . or abstain from uncertainty and N detection, and
L, disagreement, .. . miscalibration, .
applicability unsupported explicit claim . . abstention under
measurement . incomplete shift
controller L claims boundary . relevant
limitations, and detection . .
S . distribution shifts
validation history
Compare with
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Genetic and chemical Determine Perturbation P
. . L Shared background and evaluate
. interventions, whether the discrimination, .. .
Perturbation- variation may perturbation-

validation layer

matched controls,

model recovers

landscape recovery,

dominate aggregate

specific effects

combinations, and intervention- and context-specific .
. . . i metrics rather than average
context variation specific biology response predictions .
reconstruction
alone
Distinguish Post hoc Require directional
Targeted knockout, 'g . . N . ’
N predictive explanations, mediation, rescue,
. inhibition, rescue, .. Bounded . . .
Mechanism- . association from . incomplete or falsification
mediator, temporal, . mechanism-recovery .
recovery layer experimentally . pathways, evidence across
and orthogonal assay claim . .
. supported alternative multiple
experiments . . . . .
mechanism mechanisms intervention points

Frozen predictions,

Revised modules,

Selective testing,

Replicate
prospective tests

Prospective preregistered criteria, . . feedback bias, failed .
. . Falsify, update, or uncertainty, or . across laboratories,
experimental new perturbations, . experiments,
restrict the model narrowed . platforms, contexts,
feedback and measured retrospective

applicability domain

and intervention

outcomes reinterpretation
classes
L Research . . .
Intended scientific . . Automation bias, Qualify the model
.. Limit use to recommendation, . .
.. decision, consequence . ) interface-driven separately for each
Decision-use claims supported abstention,

boundary

of error, validation
evidence, and
oversight plan

by available
evidence

escalation, or
restricted scenario
analysis

trust, transfer of
validation between
uses

context of use and
retain accountable
human review

Limitations and Boundary Conditions

The principal limitation of the proposed architecture is that a biologically complete state is not observable. Pharmaceutical
systems span interacting molecular, cellular, tissue, physiological, behavioral, and environmental processes, many of which
are measured sparsely or not at all. Any world model will therefore encode a selective and purpose-dependent state rather than
the biological world in its entirety. The architecture can make this incompleteness visible through observation models,
uncertainty, provenance, and applicability boundaries, but it cannot eliminate the underlying limitation. A state representation
suitable for predicting an acute transcriptional response may be inadequate for chronic adaptation, immune effects, tissue
remodeling, toxicity, formulation performance, or patient-level benefit.

63



Zhang et al., 2025

Pharmacophore, 16(5) 2024, Pages 55-66
A second limitation is that causal and mechanistic structure cannot generally be recovered from observational scale alone.
Large multimodal datasets may improve representation learning while preserving confounding, selection bias, missing
interventions, and weak temporal identification. Mechanistic modules may add scientific structure but can also create false
reassurance when pathways are incomplete, parameters are poorly identified, or model equations reflect assumptions rather
than established biology. Counterfactual trajectories remain conditional on causal assumptions, and experimental validation
of one mechanism does not establish that the architecture captures all relevant mechanisms. The proposed construct should
therefore be treated as a framework for organizing falsifiable claims, not as a method for converting correlation automatically
into causality.
A third limitation concerns use beyond the validated context. Performance may change across laboratories, assay platforms,
chemical series, doses, tissues, disease stages, demographic groups, co-medications, or clinical workflows. Human oversight
does not by itself correct these shifts, particularly when users cannot inspect the relevant evidence or uncertainty. The
architecture cannot establish clinical benefit, safety, regulatory acceptability, or operational readiness without application-
specific evidence outside the scope of this conceptual article. Its implementation should remain bounded to clearly stated
research uses, preserve the possibility of abstention, and prevent outputs generated for hypothesis formation from being silently
repurposed as treatment recommendations or authoritative development decisions.

Research Agenda and Implementation Priorities

The first research priority is to develop interoperable representations of state, intervention, context, time, and observation. This
requires shared schemas that distinguish latent biology from measurement, specify dose and schedule, preserve assay
provenance, and connect learned representations with mechanistic and pharmacological variables. New datasets should
emphasize longitudinal, factorial, and multimodal perturbations rather than merely increasing the number of passively
observed samples. Particularly valuable designs would combine chemical and genetic interventions, multiple doses and times,
treatment combinations, exposure measurements, matched controls, and orthogonal cellular or physiological outcomes. These
resources should include failed and null experiments because absence of response is essential for learning applicability
boundaries and avoiding selective success narratives.

The second priority is evaluation infrastructure that rewards intervention-specific and mechanistically informative
performance. Benchmark design should use realistic holdouts, including new scaffolds, targets, perturbations, combinations,
contexts, time points, laboratories, and populations. Results should be compared with transparent simple baselines and reported
separately for state reconstruction, temporal forecasting, perturbation discrimination, context transfer, uncertainty, local
discontinuity, cross-scale consistency, and mechanism recovery. Prospective challenges should freeze models and claims
before experimental outcomes are known. Failed predictions should be retained and classified according to whether they arose
from state representation, intervention specification, transition dynamics, observation error, missing mechanism, domain shift,
or unsupported causal assumptions.

The third priority is staged implementation with explicit claim ceilings. Early systems should be used for bounded tasks such
as generating discriminating experiments, comparing mechanistic hypotheses, or prioritizing perturbations for laboratory
testing. Advancement to higher-consequence uses should require independent validation, reproducible provenance, calibrated
uncertainty, defined abstention behavior, and evidence that users understand the model’s permitted claims. Version changes
should trigger re-evaluation rather than inherit validation automatically. Governance should assign responsibility for data
suitability, model construction, experimental testing, interpretation, and final decisions. This staged approach does not assume
that a universal pharmaceutical world model is achievable; it creates a practical route for evaluating whether narrower
consequence models are scientifically informative, falsifiable, and appropriately bounded.

Conclusion

World models for pharmaceutical science should be defined by their ability to represent how explicit interventions alter
biological systems through time, context, and scale—not by their capacity to continue statistically likely chemical or
biomedical patterns. The proposed Pharmaceutical Consequence-Simulation World Model organizes this requirement around
biological state, intervention operators, temporal transitions, multiscale coupling, observations, uncertainty, counterfactual
structure, provenance, applicability boundaries, and experimental feedback. Its central contribution is an architectural and
evidentiary distinction between fluent plausibility and bounded consequence simulation. The construct remains conceptual
and does not establish that present models can reproduce complete biological systems, recover causal mechanisms universally,
predict clinical outcomes, or support regulatory or operational use. Its value lies instead in making stronger claims conditional
on stronger tests: held-out perturbations, dose and temporal variation, context transfer, mechanism-directed experiments,
uncertainty under shift, cross-scale consistency, and prospective falsification. Pharmaceutical world models will become
scientifically meaningful only when their failures are as visible and informative as their successful predictions.
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