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ABSTRACT 
 

Generative artificial intelligence can retrieve, reorganize, and synthesize formulation knowledge, but fluent 

output is not equivalent to the situated expertise required to design a pharmaceutical product. Formulation 

decisions depend on dosage-form purpose, material attributes, excipient functionality, compatibility, stability, 

process conditions, scale, bioavailability, patient needs, and the quality of supporting evidence. This article 

develops an original, non-empirical governance architecture for generative artificial intelligence used across 

excipient selection, process design, experimental planning, and product decisions. The architecture separates 

bounded generative assistance from actions requiring pharmaceutical evidence and accountable authorization. 

It integrates an intended-use gate, data-provenance and knowledge-grounding controls, formulation and 

compatibility constraints, process-design and scale-up reasoning, evidence-warrant classification, human review, 

experiment authorization, product-decision boundaries, and lifecycle monitoring. Uncertainty is treated as a 

decision-relevant property that must be traced to evidence gaps, model limitations, conflicting sources, or 

unresolved experimental questions rather than represented by an unqualified confidence statement. Human 

involvement is defined as an accountable review function with authority to reject, revise, escalate, or authorize 

proposed work, rather than nominal confirmation of model output. Monitoring and change control extend 

governance to changes in data, retrieval sources, prompts, models, materials, equipment, and development 

context. The original contribution is an evidence-to-authorization architecture designed to prevent generated 

recommendations from crossing directly into pharmaceutical consequences. Its propositions require 

computational, experimental, manufacturing, human-factors, and implementation validation. The framework does 

not establish model validity, formulation suitability, clinical benefit, regulatory acceptability, universal 

applicability, or deployment readiness.  
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Pharmaceutical formulation is not the production of plausible combinations of active ingredients, excipients, and 

process parameters. It is a constrained scientific activity in which composition, dosage form, manufacturing 

process, stability, release behaviour, bioavailability, patient use, and product-quality requirements must be 

reconciled. Machine-learning methods can support defined formulation-development tasks, but their outputs 

remain dependent on the selected representation, training data, development context, and experimental evidence 

[1]. 

The growing use of computational models across formulation development has encouraged a broader vision of 

digital formulation design. Predictive systems may organize prior knowledge, identify patterns, rank candidates, 

or reduce an initial experimental search space. However, applications differ substantially in task definition, data 

coverage, interpretability, external validation, and proximity to a consequential product decision [2]. Treating this 

heterogeneous field as a single capability obscures the difference between assisting scientific inquiry and 

exercising formulation authority. 

Existing formulation platforms illustrate both the promise and the boundary of integrated artificial intelligence. A 

system may combine literature-derived information, formulation databases, molecular descriptors, and predictive 

modules to produce apparently coherent recommendations. Such integration can improve access to information 

and support structured exploration, but it does not demonstrate that the system possesses the contextual judgment, 

tacit manufacturing knowledge, evidentiary accountability, or decision responsibility of a formulator [3]. 

This Original Artificial-Intelligence Governance Architecture Article addresses that unresolved boundary. It 

proposes an evidence-to-authorization architecture for governing generative artificial intelligence across excipient 

selection, compatibility reasoning, process design, experimental planning, scale-up questions, and product 

decisions. The contribution is an original conceptual synthesis rather than an empirical validation study, regulatory 

standard, software qualification report, clinical guideline, or deployment manual. Its purpose is to define 

governable relationships, testable propositions, validation requirements, failure modes, and explicit limits on 

decision use. 

Why generative output is not equivalent to formulation expertise 

Generative output is produced through probabilistic inference over learned or retrieved representations. It may be 

grammatically fluent, internally persuasive, and technically detailed while containing unsupported statements, 

source-conflicting claims, omitted constraints, or fabricated connections. Research on natural-language 

generation identifies hallucination as a multidimensional problem involving factual inconsistency, source 

disconnection, and unverifiable content [4]. In formulation development, these failures may be especially difficult 

to detect when incorrect recommendations use credible pharmaceutical terminology. 

Domain-relevant knowledge also does not establish comprehensive expert competence. Large language models 

can encode substantial technical or clinical information and perform strongly on selected benchmarks, yet 

performance remains conditional on task formulation, evaluation design, prompt context, and the completeness 

of required knowledge [5]. A formulation decision may require recognition that an apparently reasonable excipient 

is unsuitable because of concentration, grade, route, residual moisture, processing history, packaging, patient 

population, or an interaction not represented in the prompt. 

Formulation expertise therefore includes more than recall or linguistic synthesis. It combines mechanistic 

understanding, product-specific evidence, experience with analytical ambiguity, knowledge of manufacturing 

constraints, interpretation of failed experiments, and responsibility for consequential choices. Ethical analyses of 

generative artificial intelligence in high-stakes settings similarly indicate that transparency, safety, accountability, 

and human control cannot be reduced to output accuracy [6]. These principles are relevant because formulation 

outputs may eventually influence material selection, laboratory work, scale-up, quality strategy, or patient-facing 

product characteristics. 

The distinction is not an assertion that generative systems are intrinsically incapable of useful formulation work. 

They may expose overlooked alternatives, reorganize dispersed knowledge, identify missing evidence, or assist 

the drafting of experimental hypotheses. The proposed interpretation is narrower: an output does not become 

formulation expertise merely because it is detailed, correct in part, or accepted by a user. Expertise is expressed 

through context-sensitive evaluation and accountable action, whereas generated content remains a proposition 

whose evidentiary status must be established. 

Intended uses and prohibited uses 
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Governance begins by defining what a system is expected to do. Comparisons between artificial intelligence and 

professionals can overstate capability when evaluation datasets, reporting practices, user interactions, and real-

world consequences do not reproduce professional work [7]. FormulationGPT should therefore not be evaluated 

as a generalized “formulator.” Each intended use should specify the user, dosage-form context, development 

stage, required inputs, anticipated output, consequence of error, and action that may follow. 

Permitted uses may include literature retrieval, source-linked summarization, structured comparison of 

formulation options, identification of missing information, generation of hypotheses, preparation of draft 

experimental questions, and organization of known constraints. Conditional uses may include preliminary 

excipient ranking, interaction-risk flagging, stability-risk triage, formulation-space exploration, or process-

scenario generation. These activities require staged evaluation within the intended workflow, including analysis 

of user interaction, errors, and escalation procedures [8]. 

Prohibited uses are those in which generated output substitutes for evidence or accountable authorization. These 

include autonomous declarations of drug–excipient compatibility, final excipient acceptance, release or stability 

conclusions, bioavailability claims, patient-specific dosage-form recommendations, authorization of process 

parameters, approval of scale-up, assignment of specifications, batch disposition, and final product decisions. 

Machine-learning systems can produce unintended consequences that are not visible in conventional performance 

measures, particularly when users over-trust, misinterpret, or act on outputs outside their evaluated context [9]. 

This article proposes decision distance as the organizing construct for these use classes. Decision distance 

describes the unresolved evidentiary and authorization transitions between a generated output and a consequential 

pharmaceutical commitment. A source-linked summary is relatively distant from product action; an instruction 

capable of changing an experiment, manufacturing process, specification, or patient-facing product is closer. As 

decision distance decreases, the required grounding, constraint verification, uncertainty analysis, human authority, 

and experimental evidence should increase. This classification remains a proposed governance taxonomy and 

requires empirical evaluation across product types and development environments. 

Proposed formulation-AI governance architecture 

Responsible artificial intelligence cannot be secured through one model-level control. Governance must extend 

across problem definition, data construction, development, validation, use, monitoring, and response to failure 

[10]. The proposed architecture therefore treats formulation-AI governance as a sequence of linked gates through 

which generated claims may be inspected, constrained, tested, rejected, or authorized. No gate independently 

establishes product suitability. 

The first gate defines the intended user, task, development stage, dosage-form context, allowed output, prohibited 

action, and consequence of error. Subsequent assessment separates transparency, reproducibility, ethical 

acceptability, technical performance, operational effectiveness, and scientific benefit because these are distinct 

questions rather than interchangeable indicators of system quality [11]. A technically reproducible answer may 

still be unsupported, irrelevant to the product, experimentally false, or unsuitable for decision use. 

Responsibility is distributed across the system lifecycle. Data stewards are responsible for source identity and 

limitations; model developers for system behaviour and version control; formulation scientists for scientific 

interpretation; analytical, stability, and process specialists for domain-specific evidence; and designated 

authorities for experiment or product decisions. Ethical analyses of health-related artificial intelligence show that 

governance requires allocation of responsibility across stakeholders rather than exclusive reliance on technical 

accuracy [12]. The exact allocation proposed here is formulation-specific conceptual synthesis and must be 

adapted to organizational roles without implying a predetermined legal or regulatory structure. 

The architecture comprises an intended-use and decision-distance gate; model and version identification; data-

provenance and knowledge-grounding controls; formulation and compatibility constraints; process-design and 

scale-up reasoning; uncertainty and evidence-warrant classification; human formulation review; experiment 

authorization; product-decision boundaries; and lifecycle monitoring. Figure 1 presents the original conceptual 

synthesis for governance architecture for generative AI in formulation development, showing how the article’s 

principal components, evidence relationships, uncertainties, and decision boundaries are connected. 
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Figure 1. Governance Architecture for Generative AI in Formulation Development. 

 

The figure is an original conceptual synthesis developed for “FormulationGPT Is Not a Formulator: Governing 

Generative Artificial Intelligence across Excipient Selection, Process Design, and Product Decisions.” Arrows 

and grouping indicate proposed or evidence-supported relationships rather than measured effect sizes. The figure 

does not represent a validated predictive model, clinical recommendation, regulatory determination, or 

deployment-ready system. 

The architecture prevents a generative recommendation from moving directly into experimentation or product 

commitment. Progression requires evidence appropriate to the claim, explicit identification of unresolved 

uncertainty, verification of formulation and process constraints, and review by a person with relevant competence 

and authority. Experiment authorization and product authorization are separate boundaries: permission to 

investigate a generated hypothesis does not validate the hypothesis, and successful experimentation does not 

automatically establish manufacturing, clinical, or regulatory readiness. The architecture is consequently a 

proposed organizational design whose scientific validity, usability, failure-detection capacity, and implementation 

effects remain to be tested. 

Data provenance and knowledge grounding 

Data provenance should identify where formulation information originated, how it was collected or transformed, 

its intended use, and its known limitations. Dataset documentation provides a basis for examining composition, 

context, maintenance, and potential misuse, but documentation alone does not establish scientific validity [13]. 

Knowledge grounding requires more than attaching a citation to generated text. Structured representations such 

as knowledge graphs can connect substances, excipient grades, dosage forms, processes, analytical observations, 

and evidence sources while retaining contextual and provenance relationships [14]. The represented relationships 

nevertheless remain dependent on source quality and modelling choices. 

Retrieval-augmented generation may improve access to external literature and reduce reliance on internal model 

memory. However, retrieval does not guarantee that a source is correct, complete, applicable to the formulation, 

or accurately interpreted [15]. Retrieved passages therefore require source verification and product-context 

assessment. 

The architecture proposes a formulation claim ledger recording source identity, version, applicable material and 

product context, transformation history, evidence type, uncertainty, and reviewer disposition. A claim may be 
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inspectable without being true, and grounded without being sufficient for compatibility, stability, bioavailability, 

manufacturability, or product decisions. 

Excipient recommendation and compatibility constraints 

Drug–excipient compatibility prediction can support early screening when the target outcome, training domain, 

descriptors, and validation conditions are explicit [16]. A model-generated ranking should therefore be interpreted 

as candidate prioritization rather than a determination that an excipient is suitable. 

Case-validated interaction tools demonstrate that computational screening can be compared with experimental 

observations, but evidence obtained for selected drug–excipient pairs cannot establish universal compatibility 

authority [17]. Applicability depends on material grade, concentration, environment, analytical method, 

processing history, and the interaction definition used. 

Physical stability introduces an additional boundary. Machine-learning approaches may predict stability within 

defined formulation classes, but performance remains conditional on dosage-form representation, data coverage, 

and experimental confirmation [18]. Chemical compatibility, physical stability, manufacturability, and product 

performance must not be collapsed into one recommendation score. 

The proposed constraint layer applies route, dosage-form, excipient-function, concentration, incompatibility, 

stability, process, patient-use, supply, and quality constraints before displaying a recommendation. Table 1 

organizes the evidence, constructs, relationships, uncertainties, and boundary conditions required for definitions, 

components, relationships, and intended uses in formulationgpt is not a formulator. 

Table 1. Definitions, components, relationships, and intended uses in FormulationGPT Is Not a Formulator. 

Component or 

scientific 

dimension 

Problem 

addressed 

Inputs or 

determinants 

Proposed 

mechanism 

or 

relationship 

Expected 

contribution 

Evidence 

required 

Failure or 

uncertainty 

risk 

Boundary 

statement 

Generative 

output 

Plausible 

text may be 

unsupported 

Prompt, 

model, 

retrieved 

content 

Output is 

treated as a 

reviewable 

proposition 

Faster 

synthesis and 

question 

generation 

Source and 

claim 

verification 

Hallucination, 

omission, false 

coherence 

Output is not 

expertise or 

evidence 

Data provenance 

Sources may 

be 

untraceable 

Dataset origin, 

version, 

context 

Claims remain 

linked to 

identifiable 

evidence [13] 

Auditability 

Source 

documentation 

and 

applicability 

review 

Hidden 

transformation 

or obsolete 

evidence 

Provenance does 

not prove validity 

Knowledge 

grounding 

Evidence 

may be 

fragmented 

Literature, 

databases, 

structured 

relations 

Contextual 

relations 

support 

traceable 

retrieval [14, 

15] 

More 

inspectable 

reasoning 

Retrieval and 

interpretation 

testing 

Irrelevant or 

incomplete 

grounding 

Retrieval is not 

verification 

Excipient 

recommendation 

Ranking 

may be 

mistaken for 

suitability 

Route, 

function, 

grade, 

concentration, 

compatibility 

Proposed 

constraints 

precede 

candidate 

ranking [16, 

17] 

Bounded 

screening 

support 

Prospective 

compatibility 

testing 

Unrepresented 

interaction 

Recommendation 

is not acceptance 

Stability 

reasoning 

Predicted 

stability may 

not transfer 

Composition, 

process, 

environment, 

time 

Predictions 

are linked to 

formulation 

class and 

evidence [18] 

Risk 

prioritization 

Product-

specific 

stability studies 

Domain shift 

and missing 

mechanisms 

Prediction is not 

a stability claim 

Process 

reasoning 

Text may 

ignore 

equipment 

and scale 

Material, unit 

operation, 

equipment, 

state 

Missing 

process 

context blocks 

authorization 

Structured 

scale-up 

questions 

Process and 

manufacturing 

evidence 

Inapplicable 

parameters 

No autonomous 

process action 
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Decision distance 

Assistance 

may move 

too close to 

commitment 

Intended use 

and 

consequence 

of error 

Proposed: 

controls 

intensify near 

consequential 

action 

Proportionate 

governance 

Prospective 

workflow 

evaluation 

Under-

classified use 

No direct model-

to-product 

transition 

Human 

authorization 

Nominal 

review may 

lack 

authority 

Expertise, 

evidence 

access, 

responsibility 

Proposed: 

reviewers may 

reject, revise, 

escalate, or 

authorize 

Accountable 

action 

Human-factors 

and 

implementation 

studies 

Automation 

bias or rubber-

stamping 

Human presence 

alone is 

insufficient 

Process-design and scale-up reasoning 

Process design cannot be reduced to selecting plausible parameter values. Pharmaceutical digital twins may 

combine mechanistic, empirical, discrete-event, and process-data models to represent material and equipment 

behaviour [19]. Such hybrid modelling illustrates why linguistic reasoning alone cannot establish process state or 

scale transfer. 

Machine learning may accelerate candidate prioritization for polymeric long-acting injectables by relating 

formulation attributes to observed outcomes [20]. Nevertheless, candidate ranking does not establish injectability, 

release robustness, stability, manufacturability, tolerability, or suitability for a specific product. 

Continuous tablet compaction further requires measured process variables, control logic, equipment-specific 

behaviour, and implementation verification [21]. A generative system may organize process knowledge or suggest 

questions, but it should not autonomously issue control actions or authorize operating conditions. 

The proposed process gate requires material properties, unit operations, equipment, scale, process parameters, 

critical quality attributes, control strategy, and disturbance context. Missing or contradictory information triggers 

rejection or escalation. Permission to test a process hypothesis remains distinct from approval to scale, 

manufacture, or release a product. 

Uncertainty, traceability, and evidence warrants 

Uncertainty should be treated as a property of the claim and decision context. Machine-assisted decisions require 

uncertainty assessment because apparently precise outputs may conceal limited data coverage, model instability, 

or unfamiliar inputs [22]. No single confidence value can represent all these sources. 

Uncertainty communication should help users decide whether to accept, test, revise, or escalate a claim [23]. The 

architecture therefore separates uncertainty arising from missing evidence, conflicting sources, model 

extrapolation, unresolved mechanisms, process variability, and unknown product-context applicability. 

Explainability is also purpose-dependent. An explanation may help a scientist inspect inputs or reasoning, but it 

cannot independently establish factual correctness, causality, compatibility, or product validity [24]. Traceable 

reasoning and scientific evidence must therefore remain distinct requirements. 

The proposed warrant classes are direct observation, experimentally supported inference, mechanistically 

supported inference, empirical prediction, literature-grounded hypothesis, model-generated conjecture, and 

unsupported assertion. Table 2 organizes the evidence, constructs, relationships, uncertainties, and boundary 

conditions required for testable propositions, evidence requirements, and validation criteria for formulationgpt is 

not a formulator. 

Table 2. Testable propositions, evidence requirements, and validation criteria for FormulationGPT Is Not a 

Formulator. 

Architecture 

layer or 

process stage 

Core 

function 

Information 

or material 

flow 

Interaction 

with other 

components 

Validation 

criterion 

Potential 

failure mode 

Human or 

experimental 

responsibility 

Readiness 

boundary 

Intended-use 

gate 

Define 

allowable 

task 

User, context, 

output, 

consequence 

Controls 

downstream 

evidence 

burden 

Uses are correctly 

classified in 

prospective cases 

Ambiguous or 

expanded use 

Governance 

owner 

approves 

scope 

No use 

outside 

defined 

context 

Provenance 

and 

grounding 

Link claims 

to evidence 

Source-to-

claim record 

Supplies 

reviewable 

inputs [13-15] 

Material claims are 

traceable and 

applicable 

Missing, 

obsolete, or 

irrelevant 

source 

Data steward 

and scientist 

verify 

Traceability 

is not 

scientific 

validation 
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Compatibility 

layer 

Screen 

candidates 

under 

constraints 

Drug, 

excipient, 

route, grade, 

concentration 

Feeds 

experimental 

hypotheses 

[16-18] 

Constraint 

violations are 

detected; 

predictions tested 

prospectively 

Hidden 

interaction or 

domain shift 

Formulator 

authorizes 

testing 

No 

autonomous 

compatibility 

conclusion 

Process and 

scale-up layer 

Test process 

applicability 

Materials, 

equipment, 

scale, state 

Connects 

formulation to 

manufacturing 

[19, 21] 

Recommendations 

remain valid under 

defined equipment 

and scale 

Incomplete 

process state 

Process expert 

designs 

verification 

No 

autonomous 

scale-up 

authorization 

Evidence-

warrant layer 

Classify 

claim basis 

Observation, 

inference, 

prediction, 

uncertainty 

Determines 

review and 

escalation [22-

24] 

Reviewers 

distinguish 

evidence classes 

reliably 

Confidence 

mistaken for 

evidence 

Scientist 

assigns and 

challenges 

warrant 

No 

unqualified 

decision 

claim 

Human 

review gate 

Exercise 

accountable 

judgment 

Evidence 

package and 

unresolved 

risks 

Controls 

experiment 

authorization 

[25, 26] 

Reviewers detect 

errors and can 

reject output 

Automation 

bias or 

nominal 

oversight 

Qualified 

reviewer owns 

action 

Human 

presence is 

not sufficient 

alone 

Monitoring 

layer 

Detect 

relevant 

change 

Data, model, 

prompts, 

materials, 

workflow 

Triggers 

reassessment 

[27, 28] 

Material changes 

are detected and 

evaluated 

Silent drift 

Named owner 

initiates 

change control 

Prior 

qualification 

may not 

transfer 

Product-

decision 

boundary 

Prevent 

unauthorized 

commitment 

Reviewed 

experimental 

and 

manufacturing 

evidence 

Separates 

assistance from 

authority 

No model output 

bypasses 

accountable 

approval 

Direct 

automation of 

consequential 

action 

Authorized 

organization 

makes 

decision 

Not regulator-

approved or 

deployment-

ready 

Human review and experiment-authorization gates 

Artificial intelligence may augment professional work by expanding information access and analytical support, 

but professional responsibility remains necessary where context, consequences, and unresolved evidence matter 

[25]. The proposed architecture therefore assigns authority to qualified reviewers rather than to the generative 

system. 

Human involvement is not automatically protective. Human–computer collaboration varies with task design, user 

expertise, interface, and the way recommendations are presented [26]. Reviewers may accept persuasive output 

despite weak evidence, especially when time pressure or automation bias reduces independent assessment. 

A valid review gate requires access to source evidence, relevant scientific competence, authority to reject or revise 

output, and responsibility for the resulting action. Review disposition must be recorded as accepted for testing, 

revised, escalated, rejected, or outside intended use. 

Experiment authorization is a separate gate. Authorization requires a defined hypothesis, justified materials and 

conditions, an appropriate protocol, safety considerations, acceptance logic, and a named approver. Approval to 

conduct an experiment does not validate the generated hypothesis or authorize subsequent manufacturing or 

product decisions. 

Monitoring, change control, and accountability 

Qualification at one time point cannot guarantee stable future behaviour. Model calibration may deteriorate as the 

relationship between inputs and outcomes changes, even when model code remains unchanged [27]. Monitoring 

must therefore examine performance within the evolving formulation context. 

Dataset shift may arise from new materials, suppliers, analytical practices, dosage forms, user behaviour, or 

development priorities [28]. Changes in retrieval sources, prompts, tools, model versions, or interfaces may also 

alter outputs without an obvious change in the nominal task. 

The proposed change-control process records the changed element, affected intended uses, potential 

consequences, required reassessment, reviewer decision, and implementation date. Material changes may trigger 

renewed grounding tests, constraint tests, uncertainty assessment, experimental verification, or suspension of the 

affected use. 

Accountability requires named ownership for data, models, scientific review, experiment authorization, 

exceptions, monitoring, and product decisions. Auditability does not itself allocate legal liability, but it reduces 

ambiguity about who examined the evidence and who authorized each consequential transition. 
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Limitations and implementation priorities 

Technical performance alone is insufficient for operational impact. Integration, external evaluation, usability, 

workflow compatibility, and organizational readiness influence whether an AI system produces benefit or 

avoidable disruption [29]. These requirements must be evaluated within pharmaceutical development rather than 

assumed from another domain. 

Decision-support systems may provide useful structure while also introducing alert fatigue, over-reliance, 

workflow mismatch, and new error pathways [30]. Formulation-specific implementation studies should therefore 

examine how scientists use, challenge, override, and document generated recommendations. 

The architecture is limited by the completeness of its evidence base and by differences among dosage forms, 

product classes, organizations, and development stages. It does not define validated thresholds, mandatory 

organizational roles, universal warrant categories, or a regulator-recognized assurance standard. 

Implementation priorities include benchmark tasks tied to intended use, prospective compatibility and stability 

studies, equipment-specific process evaluation, adversarial constraint testing, uncertainty-calibration studies, 

reviewer-performance assessment, drift monitoring, and controlled pilot workflows. The architecture should be 

evaluated as falsifiable governance propositions rather than adopted as a complete deployment manual. 

 

CONCLUSION  

 

FormulationGPT is not a formulator because generated content does not independently integrate product context, 

experimental evidence, manufacturing state, uncertainty, professional accountability, and authority over 

pharmaceutical consequences. The proposed architecture separates assistance from authorization through 

intended-use classification, provenance and grounding, formulation and process constraints, evidence warrants, 

human review, experiment gates, product-decision boundaries, and lifecycle accountability. Its value lies in 

making hidden transitions explicit and testable. The architecture remains an original conceptual synthesis 

requiring computational, experimental, manufacturing, human-factors, and implementation validation. It does not 

establish formulation suitability, clinical benefit, regulatory acceptance, universal applicability, or deployment 

readiness. 
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