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ABSTRACT 
Co-crystallization has emerged as a promising strategy to enhance the physicochemical properties of plant-
derived drug candidates, which often suffer from poor aqueous solubility and limited oral bioavailability. The 
selection of an appropriate co-crystal partner is a critical step that directly influences the success of co-crystal 
formation and the developability of the final solid form. This study proposes a systematic framework for 
choosing co-crystal partners for plant-derived drug candidates by integrating molecular complementarity, 
solid-state interactions, solubility gain, and developability constraints. Molecular complementarity was 
assessed through hydrogen-bonding capability, functional group matching, and molecular shape compatibility 
between the drug and potential co-formers. Solid-state interactions were evaluated using crystal packing 
analysis, interaction energy calculations, and thermal and spectroscopic characterization. Solubility gain was 
predicted and experimentally verified through equilibrium solubility studies, while developability constraints 
including stability, toxicity, regulatory status, and manufacturing feasibility were considered to ensure practical 
applicability. The proposed approach was applied to several plant-derived drug candidates, and the results 
demonstrated that a balanced combination of complementarity and solid-state interaction criteria leads to 
more reliable co-crystal partner selection. The framework provides a rational and efficient tool for screening 
co-formers, reducing trial-and-error experiments, and accelerating the development of co-crystalline 
formulations with improved solubility and developability for plant-derived drugs. 
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INTRODUCTION 

Pharmaceutical co-crystal discovery is often 

operationalized as a search for a molecular partner that can 

satisfy an exposed hydrogen-bond donor or acceptor on the 

active pharmaceutical ingredient. That starting point is 

chemically useful, but it does not define the whole 

selection problem. Experimental, knowledge-based, and 

computational screening methods make different 

assumptions about what constitutes a plausible pair and 

provide non-equivalent evidence about success [1]. A 

product-oriented search must therefore ask not only 

whether two molecules can associate, but which evidence 

is being used to infer that association, under which 

conditions, and what additional evidence would be 
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required before the pair becomes pharmaceutically 

interesting. 

Crystal engineering provides the necessary structural 

vocabulary but also shows why a single-interaction view is 

inadequate. Supramolecular synthons, intermolecular 

interaction networks, crystal packing, polymorphism, 

stoichiometry, and competition among possible solid 

forms can all influence the properties of a multicomponent 

crystal [2]. These considerations distinguish interaction 

plausibility from solid-form realization. A favorable 

donor–acceptor match can be frustrated by stronger self-

association, alternative packing, another stoichiometry, or 

a different multicomponent state. Conversely, a co-crystal 

may form through an interaction network not captured by 

the screening feature initially used to prioritize it. 

The computational problem is therefore hierarchical. Early 

screening should efficiently remove implausible partners, 

but later decisions should incorporate evidence that is 

closer to the intended product. Integrated quality-by-

design workflows already show that computational 

prioritization can be coupled to low-material experimental 

verification rather than treated as a substitute for solid-

form testing [3]. The framework proposed here extends 

that logic: structural complementarity generates a 

formation prior; prediction and experiment refine 

confidence in the solid form; measured or model-supported 

performance determines whether formation is useful; and 

developability constraints determine whether usefulness is 

actionable. These layers should remain analytically 

distinguishable even when combined in a final decision. 

Why plant-derived candidates create difficult solid-state 

design problems 

Plant-derived drug candidates make these distinctions 

especially consequential. Flavonoids and related natural-

product scaffolds frequently motivate solid-form 

intervention because limited aqueous performance, 

complex hydrogen-bonding patterns, and multiple 

formulation options can restrict developability; co-crystal 

and co-amorphous strategies have therefore been explored 

across this chemical class [4]. The published herbal-

bioactive literature also shows substantial diversity in 

preparation methods, characterization strategies, and 

reported solubility outcomes [5]. That heterogeneity 

argues against assuming that “natural product” is itself a 

predictive formulation category. 

The molecular architecture of many plant-derived 

candidates can further multiply plausible intermolecular 

arrangements. Polyhydroxy compounds may present 

several donors and acceptors while retaining substantial 

capacity for self-association. Direct comparison of 

quercetin, hesperidin, resveratrol, and curcumin systems 

shows that co-crystal formation can depend on competition 

between self- and heteromolecular interactions rather than 

on the existence of a single favorable contact [6]. For 

selection, this means that site count and nominal 

complementarity should not be interpreted independently 

of interaction competition and packing context. 

Downstream examples illustrate both promise and the 

danger of overgeneralization. A Biochanin-A co-crystal 

formulation produced improved formulation and exposure-

related outcomes in a specific preclinical setting [7]. A 

recent chrysin study likewise connected prediction, 

preparation, solid-state characterization, and biological 

performance within one candidate system [8]. These cases 

demonstrate that plant-derived co-crystals can progress 

beyond formation screening, but they do not establish a 

class-wide benefit or a universal choice of co-former. The 

proposed framework therefore treats plant origin as a 

source of chemically relevant design features and 

formulation challenges, not as evidence that co-

crystallization will necessarily be the preferred 

intervention. 

The distinctions established above are easier to use 

computationally when they are represented as non-

equivalent constructs rather than compressed into a single 

early-stage score. Table 1 organizes the resulting 

definitions and their immediate decision implications.

Table 1. Distinct early-stage constructs in product-oriented co-former selection for plant-derived candidates 

Construct Operational meaning Plant-derived complication Decision implication 

Molecular 

complementarity 

Plausibility of productive 

heteromolecular recognition 

Multiple donor/acceptor sites and self-

association create competing matches 

Use as a formation prior, 

not an acceptance rule 

Solid-form realizability 

Ability of the pair to occupy a 

persistent multicomponent crystal 

state 

Alternative packing, stoichiometry, 

polymorphism, or self-associated states 

may compete 

Require direct solid-form 

evidence 

Formation evidence 
Support that the intended co-crystal 

forms under defined conditions 

Outcome may depend on screening 

method and experimental route 

Preserve method and 

uncertainty with the result 

Pharmaceutical 

performance 

Useful change in dissolution, 

supersaturation, stability, or related 

product behavior 

Property gains are compound- and 

condition-dependent 

Rank performance 

separately from formation 
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Developability 

Compatibility with processing, 

acceptable partner space, and product 

constraints 

Candidate chemistry may narrow 

practical formulation options 

Apply constraints before 

advancing a high-scoring 

pair 

Note: Proposed construct-definition synthesis. The constructs are intentionally non-equivalent and should not be collapsed into a single unqualified 

score. 

Molecular complementarity at the co-crystal ınterface 

Molecular complementarity is most useful when defined as 

a multidimensional compatibility hypothesis rather than a 

synonym for hydrogen-bond matching. Thermodynamic 

screening demonstrates that pair favorability can be 

interrogated through a distinct energetic framework, 

adding information that is not identical to geometric or 

synthon-based compatibility [9]. The practical implication 

is that complementary molecular surfaces, donor–acceptor 

patterns, and thermodynamic tendencies can all inform 

prioritization, but none independently establishes that the 

target co-crystal will nucleate, persist, or outperform 

competing forms. 

Available screening studies reinforce this non-equivalence. 

No single complementarity criterion is sufficient across 

chemical space; combining thermodynamic or interaction-

based heuristics with experimental validation provides 

more robust screening evidence [9–11]. The key point is 

not that every method should be used for every pair. 

Rather, each method should be treated as a measurement 

of a different component of the formation hypothesis. A 

molecular-complementarity score is strongest when its 

domain, representation, and failure modes are explicit. 

For plant-derived candidates, this separation helps prevent 

a common computational shortcut: translating the number 

or apparent strength of heteromolecular contacts directly 

into a rank. A candidate rich in hydroxyl groups may 

appear highly compatible with many co-formers while 

simultaneously having strong self-association and 

numerous alternative packing solutions. The framework 

proposed here therefore represents complementarity as a 

vector of interpretable evidence—interaction opportunity, 

thermodynamic plausibility, structural fit, and competition 

risk—rather than as a single mechanistic truth. 

Experimental formation can then update that vector 

without retroactively proving that the original screening 

rationale was correct. 

Hydrogen-bonding and competing ınteraction motifs 

Hydrogen bonding remains central to pharmaceutical co-

crystal design because it offers directional, chemically 

interpretable motifs, but its value lies in context rather than 

numerical abundance. Comparative screening based on 

hydrogen-bond propensity, molecular complementarity, 

and hydrogen-bond energy shows that these descriptors 

provide overlapping but non-identical predictive 

information within the tested space [11]. A co-former that 

ranks well by one criterion may not rank equivalently by 

another because each compresses different assumptions 

about accessibility, geometry, competition, and solid-state 

realization. 

Competition is especially important for polyfunctional 

plant-derived molecules. The natural-product systems 

examined across quercetin, hesperidin, resveratrol, and 

curcumin demonstrate that heteromolecular contacts must 

compete with pre-existing self-association and alternative 

intermolecular networks [6]. Thus, the relevant question is 

not merely “Can this pair hydrogen bond?” but “Is the 

proposed heteromolecular network competitive with the 

other states available to both components?” 

The same logic cautions against treating aromatic or ionic 

interactions as secondary decorations around a dominant 

hydrogen-bond synthon. Crystal-engineering evidence 

indicates that multicomponent packing can be stabilized by 

interacting networks whose relative importance changes 

with molecular structure and crystal environment [2]. For 

computational selection, the implication is to preserve 

interaction classes separately long enough to detect 

conflicting signals. The framework does not assign 

universal weights to hydrogen-bonding, aromatic, ionic, or 

dispersion contributions. Instead, it proposes that their 

evidence be integrated conditionally, with uncertainty 

retained when multiple interaction motifs imply competing 

solid-state outcomes. 

Predicting whether a co-crystal will form 

Recent co-crystal-prediction work expands the available 

representation space well beyond hand-selected 

descriptors. Point-cloud molecular representations have 

been used to train machine-learning models for formation 

prediction, illustrating that the geometry and form of the 

molecular representation are themselves consequential 

modeling choices [12]. Hybrid strategies can also 

incorporate molecular thermodynamics into machine 

learning, providing a route for combining physical 

information with data-driven classification [13]. These 

approaches support formation ranking, but their reported 

performance remains conditional on dataset construction, 

chemical coverage, representation, and validation design. 

Other model families make different assumptions about 

how pair compatibility should be encoded. Deep 

supramolecular language processing treats molecular 

representations as learnable sequences for pair-level 

prediction [14]. Graph-neural-network approaches encode 

molecular connectivity and relational features for co-

former discovery [15]. Earlier artificial-neural-network 
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work established that co-crystal formation can also be 

learned statistically from curated structural-database 

examples [16]. Collectively, these studies show that 

formation prediction is tractable as a data-driven task, 

while simultaneously making clear that “the model” is not 

a singular object: representation, training labels, split 

strategy, chemical-domain overlap, and the definition of a 

positive or negative pair all shape the inference. 

For the proposed framework, model output is therefore a 

formation prior, not a pharmaceutical decision. A useful 

predictor should ideally report applicability and 

uncertainty alongside rank, preserve the distinction 

between what is learned from structural databases and what 

is verified experimentally, and avoid forcing chemically 

distant plant-derived candidates into confident 

classifications merely because a score can be produced. 

The computational objective at this stage is to allocate 

experimental attention more intelligently. Whether a 

correctly predicted co-crystal is worth developing is a 

separate question addressed by the subsequent 

performance and developability layers. 

Formation probability ıs not the same as pharmaceutical 

value 

A formation classifier answers a narrow question: whether 

an API–co-former pair resembles combinations that have 

produced a co-crystal under the evidence regime used to 

train or validate the model. Pharmaceutical selection asks 

a broader question: whether investing in that pair is 

justified after considering release behavior, solid-form 

persistence, processability, partner acceptability, and 

uncertainty. Property-driven active learning demonstrates 

that experimental selection can already be directed toward 

predicted properties and uncertainty rather than binary 

formation alone [17]. This distinction is central to the 

proposed framework because formation is treated as an 

intermediate state of evidence, not the optimization target. 

The practical difference becomes apparent when prediction 

is followed by direct characterization. Machine-learning-

guided screening of imatinib co-formers coupled formation 

selection to physicochemical assessment, illustrating that 

successful prediction still requires product-relevant 

measurements [18]. Likewise, virtual-screening studies 

compare algorithms on formation labels, but a better 

formation benchmark does not by itself establish superior 

dissolution, stability, or manufacturability [19]. 

Confidence-aware models can improve the transparency of 

salt/cocrystal classification and ranking, yet model 

confidence remains a property of the prediction system 

rather than empirical pharmaceutical certainty [20]. A 

further limitation is the scarcity of reliable failed-pair 

labels; semi-supervised work explicitly addresses the fact 

that published cocrystal data contain many positives but 

comparatively limited negative evidence [21]. The 

proposed selection logic therefore preserves formation 

probability, confidence, applicability domain, and 

downstream utility as separate fields. 

Formation success is also conditional on the experiment 

used to observe it. A negative result under one solvent, 

stoichiometry, temperature, or preparation route is not 

automatically evidence that the molecular pair is 

intrinsically incapable of co-crystallization; equally, one 

positive preparation does not establish a robust 

manufacturing region. For computational use, the label 

should therefore remain attached to the experimental 

context that generated it. This preserves the difference 

between “not observed,” “observed under defined 

conditions,” and “reproducibly accessible,” which would 

otherwise be compressed into the same binary training 

target. 

Solubility and dissolution gain 

A co-crystal can be pharmaceutically attractive because it 

changes the free-energy landscape governing release, but 

“solubility gain” is too coarse to represent what happens 

during dissolution. ATR-FTIR spectroscopic imaging of a 

theophylline cocrystal demonstrates that dissolution can be 

spatially and temporally heterogeneous, revealing 

processes that a single endpoint concentration can obscure 

[22]. For selection, equilibrium solubility, dissolution rate, 

supersaturation generation, supersaturation persistence, 

and precipitation should therefore be treated as related but 

non-identical observables. 

Cocrystal performance is governed jointly by solubility 

advantage, dose/solubility ratio and precipitation kinetics, 

so a high intrinsic solubility gain does not guarantee 

sustained supersaturation [23–25]. This makes the relevant 

objective closer to useful release under product-relevant 

conditions than to maximal thermodynamic solubility. The 

distinction also creates an explicit role for medium 

composition, pH, dose, additives, and the kinetics of 

nucleating a competing drug-rich phase. 

Solution-mediated transformation further complicates 

ranking because an initially favorable cocrystal can 

generate supersaturation while simultaneously driving 

conversion at the solid–liquid interface; the transformation 

pathway can depend on the rate at which supersaturation is 

generated [26]. Predictive shortcuts must also respect their 

applicability domains. A recent rapid solubility method is 

explicitly scoped to neutral 1:1 cocrystals in aqueous 

media [27], whereas incongruently melting systems can 

exhibit phase-equilibrium behavior that makes simple 

stoichiometric expectations unreliable [28]. The proposed 

framework therefore carries both performance estimates 

and the conditions under which they are meaningful. 
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This conditional view matters for ranking because two co-

formers can reverse order when the objective changes from 

equilibrium concentration to maintained supersaturation. 

The relevant comparison should therefore record the 

medium, pH, dose or loading, time horizon, and competing 

solid phase whenever those variables materially affect 

interpretation. Such metadata are not secondary 

annotations: they define the state under which the claimed 

advantage exists. In a product-oriented model, missing 

condition information should lower interpretive 

confidence rather than be silently replaced by an assumed 

standard dissolution environment. 

These distinctions are summarized in Table 2 so that 

apparent “dissolution advantage” is not represented as a 

single interchangeable quantity.

Table 2. Distinguishing product-relevant meanings of apparent co-crystal dissolution advantage 

Performance construct What it represents What can defeat the apparent gain Selection meaning 

Equilibrium solubility 

advantage 

Thermodynamic concentration 

advantage under defined conditions 

Different pH, stoichiometry, 

ionization, or phase equilibrium 

Useful only within its 

stated domain 

Dissolution-rate 

advantage 
Faster transfer from solid to solution 

Rapid depletion, surface conversion, 

or competing phase formation 

Kinetic benefit; not 

persistence 

Supersaturation 

generation 

Transient concentration above drug 

equilibrium solubility 

Insufficient duration or rapid 

nucleation 

Requires time-resolved 

interpretation 

Supersaturation 

persistence 
Duration of elevated dissolved drug 

Dose-dependent precipitation and 

medium effects 

Closer to usable release 

performance 

Solid–liquid 

transformation 

Change of the dissolving solid to 

another phase 

Loss of the intended co-crystal at the 

interface 

Failure mode that must 

remain explicit 

Note: Proposed conceptual distinction. These constructs should be measured or modeled separately before any product-level ranking is attempted. 

Figure 1 integrates the manuscript’s mature argument: 

structural plausibility narrows the search, but partner 

ranking emerges only after formation, release, stability, 

uncertainty, and developability are kept analytically 

distinct and repeatedly confronted with experiment.

 

 
Figure 1. Product-oriented co-former selection as a constrained, uncertainty-updated solid-form decision system 

Stability under humidity, temperature, and storage 

Stability assessment must distinguish moisture sensitivity, 

processing-associated dissociation and solution-phase 

stability because these failure modes arise in different 

contexts [29–31]. A pair that forms reproducibly under 

screening conditions can therefore remain unattractive if 
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the multicomponent phase is hygroscopically fragile, 

dissociates during manufacture, or transforms after contact 

with dissolution media. Treating all three behaviors as one 

“stability score” would conceal the conditions under which 

failure occurs. 

Humidity is primarily a dry-state stress, and 

cocrystallization can modify moisture sensitivity without 

guaranteeing improvement for every system. Processing 

adds a different perturbation: spray-drying evidence shows 

that polymers and process conditions can influence 

whether a cocrystal is retained or dissociates. Solution 

stability is different again because concentrations, pH, 

coformer activity, and competing phases change after 

wetting. In the proposed framework, these tests occupy 

separate fields and can veto or downgrade an otherwise 

attractive pair without changing the fact that the co-crystal 

formed successfully. 

The same candidate may consequently occupy different 

positions in different stability subspaces. A co-crystal that 

is robust in a dry accelerated-storage study could still 

dissociate during wet granulation or transform after 

dissolution begins; the reverse pattern is also possible. This 

is why the proposed framework records the stress context 

alongside the outcome. Stability is used as a conditional 

constraint linked to environment and process history, not 

as a permanent molecular attribute inferred from the crystal 

structure alone. 

A multi-criterion co-former selection framework 

The central proposal is to treat co-former choice as a 

constrained, uncertainty-bearing decision rather than a 

single-score optimization problem. Formation evidence, 

release performance, stability, and developability answer 

different questions and should remain visible until the 

decision stage. This follows from the non-equivalence of 

screening evidence discussed earlier [1]. The framework 

therefore has two types of criteria: gates, which identify 

conditions that make a partner unacceptable or 

uninterpretable, and rankable objectives, which compare 

remaining candidates without implying universal weights. 

A practical implementation would begin with molecular 

and thermodynamic plausibility, then carry forward 

predicted formation probability together with model 

confidence and applicability information. Experimental 

formation, identity, stoichiometry, and form assignment 

update that prior. Candidates that survive enter 

performance assessment, where equilibrium solubility is 

interpreted alongside dissolution, supersaturation 

persistence, precipitation, transformation, and relevant 

conditions. Mechanistic dissolution evidence shows why 

these variables can trade against one another rather than 

move monotonically [23]. Stability and developability are 

then evaluated in parallel before conditional ranking. 

No numerical weighting scheme is proposed because the 

literature does not establish a universal utility function 

across products. Instead, the framework proposes explicit 

abstention where evidence is insufficient, preservation of 

uncertainty where models extrapolate beyond their 

domains, and product-specific ranking among candidates 

that satisfy non-compensable constraints. The result is not 

a predicted “best co-former” in the abstract; it is a 

transparent account of why a particular partner deserves 

the next experiment for a defined product objective. 

The decision architecture is therefore partially ordered 

rather than fully compensatory. Failure of identity 

confirmation, unacceptable partner status, or severe form 

instability should block advancement instead of being 

numerically cancelled by a favorable dissolution signal. By 

contrast, several surviving candidates may be compared on 

product-dependent objectives, such as stronger 

supersaturation persistence versus easier process control. 

This preserves traceability: a development team can see 

which criterion excluded a pair, which evidence merely 

lowered its rank, and where the ranking remains sensitive 

to missing information. 

Filtering by safety and pharmaceutical acceptability 

Molecular complementarity cannot compensate for an 

unacceptable co-former. Rational co-former-selection 

literature treats pharmaceutical acceptability as part of 

design rather than an afterthought [32]. This does not mean 

that food use, GRAS status, prior pharmaceutical use, or 

any other single designation automatically confers 

regulatory acceptability for a new drug product. Route, 

dose, exposure, jurisdiction, impurity profile, and product 

context remain relevant. 

Manufacturing feasibility imposes a second practical filter. 

Development and scale-up evidence for solution 

cocrystallization shows that laboratory formability does 

not establish robust large-scale production [33]. Solvent 

choice, supersaturation control, nucleation, isolation, 

drying, and reproducible control of solid form can become 

decisive. The proposed framework therefore treats 

acceptability and manufacturability as constraints that 

cannot simply be offset by a high computational formation 

score. Candidates failing these gates should not remain 

highly ranked merely because their molecular 

complementarity is attractive. 

This gate also prevents a common category error in 

computational screening: treating every molecule in a 

structural database or commercial co-former library as 

equally actionable. Chemical availability is not the same as 

pharmaceutical acceptability, and pharmaceutical 

acceptability is not the same as product-specific regulatory 

suitability. This distinction should remain visible 
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whenever candidate libraries are assembled 

computationally. 

Balancing solid-state stability against release 

performance 

A useful co-crystal must occupy an awkward middle 

ground: sufficiently stable to be manufactured, stored, and 

delivered as the intended form, yet capable of generating 

useful release when exposed to the relevant medium. High 

solubility advantage can increase the thermodynamic drive 

toward supersaturation and precipitation, making maximal 

intrinsic solubility an incomplete objective [23]. Rapid 

release may also accelerate solution-mediated 

transformation, so apparent early performance can coexist 

with loss of the original solid form [26]. 

The framework therefore interprets stability and release as 

a qualitative Pareto problem. A candidate need not 

maximize every property; it should avoid unacceptable 

failure while providing a product-relevant advantage over 

realistic alternatives. Solution-stability evidence reinforces 

that form persistence is condition-dependent rather than an 

intrinsic binary attribute [31]. No universal frontier or 

weighting is claimed. The proposed decision is conditional 

on product dose, medium, storage environment, process 

route, and the alternative solid forms available for the same 

API. 

Accordingly, the framework favors dominated-solution 

removal over declaring one universally optimal balance. A 

pair clearly inferior in both persistence and release can be 

deprioritized, whereas trade-off cases should remain 

visible until the intended dosage form defines which 

compromise is acceptable. 

Experimental screening as sequential model updating 

Sequential experimentation is preferable to a one-shot 

computational ranking when measurements can materially 

alter the next decision. Property-driven active learning 

provides a formal precedent for selecting new cocrystal 

experiments using both predicted value and uncertainty 

[17]. In the proposed framework, early experiments should 

therefore be chosen not only to confirm the top-ranked pair 

but also to reduce uncertainty in regions where model 

predictions are influential but poorly supported. 

Prediction–experiment disagreement is especially 

informative. Experimental validation studies demonstrate 

that in silico cocrystal predictions require direct checking 

[10]. A failed formation experiment should update beliefs 

about the pair, the local chemical neighborhood, and 

potentially the model representation rather than being 

discarded as an inconvenient negative. This is important 

because failed-pair information is already sparse in 

published datasets [21]. The proposed sequential loop 

consequently retains negative and ambiguous outcomes, 

updates formation and performance evidence separately, 

and can redirect experimental effort when the original 

mechanistic rationale is weakened. 

The most informative next experiment may therefore be a 

boundary case rather than the highest-ranked candidate. 

Testing a pair close to an applicability limit, or one for 

which structural and thermodynamic screens disagree, can 

reveal whether the current representation is missing a 

relevant feature. Sequential updating is thus proposed as 

both a discovery strategy and a model-diagnostics strategy. 

Limits of current predictive evidence 

The framework is constrained first by its evidence base. 

Published cocrystal datasets are enriched for successful 

outcomes, while failed or ambiguous pairs are less 

consistently available; this complicates calibration and the 

interpretation of unlabeled examples [21]. Representation-

sensitive models can perform strongly on curated 

benchmarks, but such results do not establish external 

validity for chemically unusual plant-derived candidates 

[12]. Prospective testing across genuinely held-out natural-

product scaffolds remains necessary. 

Second, downstream property prediction has explicit 

applicability limits. A rapid solubility method developed 

for neutral 1:1 cocrystals should not be extrapolated 

without justification to ionizable systems, alternative 

stoichiometries, salts, or more complicated phase behavior 

[27]. Incongruently melting systems provide a direct 

reminder that phase equilibria can defeat simple ranking 

heuristics [28]. 

Third, translational evidence is uneven. The Biochanin-A 

example demonstrates that a plant-derived cocrystal can 

deliver downstream preclinical benefits in a defined 

formulation and experimental setting [7], but it does not 

establish class-wide therapeutic superiority or clinical 

effectiveness. The present framework consequently 

organizes decision evidence; it does not validate a 

universal algorithm, predict regulatory acceptance, or 

replace product-specific experimental development. 

A further limitation is that the framework does not specify 

universal acquisition functions, acceptance thresholds, or 

endpoint weights. Those quantities would require 

prospective, product-specific calibration against formation 

and performance outcomes. Until such validation exists, 

the framework should be used to structure evidence and 

experiment choice rather than to generate an autonomous 

development decision. 

CONCLUSION 

Co-former selection for plant-derived drug candidates 

should be organized around the product question rather 

than the crystallographic event alone. Molecular 
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complementarity and supramolecular interactions remain 

essential because they define plausible heteromolecular 

states, but they are only the beginning of the decision. 

Formation evidence must remain distinct from useful 

dissolution, stability, process robustness, acceptability, and 

uncertainty. 

The framework proposed here converts that distinction into 

a computational pharmaceutics architecture in which 

structural plausibility generates hypotheses, experimental 

evidence updates them, performance and stability remain 

parallel decision dimensions, and developability constrains 

the final ranking. It deliberately avoids universal weights, 

deterministic thresholds, and claims that a predicted co-

crystal is automatically a better drug product. 

Its practical implication is a change in what is optimized. 

The preferred co-former is not necessarily the partner most 

likely to crystallize, nor the one producing the largest 

isolated solubility increase. It is the partner for which the 

combined, condition-specific evidence justifies the next 

development decision while important failure modes 

remain visible. Prospective validation is required before 

this framework can be treated as a predictive selection 

system. 

Its value is therefore organizational and falsifiable: each 

stage exposes assumptions that can be challenged by the 

next measurement rather than hiding them inside one 

composite score. 
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