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Abstract

Natural products occupy structural and physicochemical space that is poorly represented by
optimization criteria developed for conventional small molecules. We developed SWAN-MPO, a
multi-parameter framework that integrates predicted target binding,
absorption/distribution/metabolism/excretion (ADME) properties, general safety, and disease-
context liabiliy for natural-product scaffold triage. Receptor-specific docking calibration and
bounded desirability transformations place heterogeneous evidence on a common decision scale

before cross-domain integration.

Applied to 59 Annona muricata compounds across nine oncology targets, SWAN-MPO
substantially changed candidate prioritization by favoring balanced cross-domain profiles.
External ChHEMBL benchmarking revealed why this matters: binding almost perfectly
distinguished active from inactive compounds (ROC-AUC 0.976) but was essentially
uninformative for separating favorable from serious-warning profiles among already-active
compounds (ROC-AUC 0.503), where ADME was more discriminative (ROC-AUC 0.620). On
the combined activity/status endpoint, the integrated formulation achieved ROC-AUC 0.909. In a
separate descriptor-compatible benchmark, SWAN-MPO significantly outperformed four

adapted multiparameter and drug-likeness comparators in global discrimination. These results



show that natural-product prioritization depends on integrating property domains that answer

different screening questions rather than optimizing any single signal.

Keywords: multi-parameter optimization; natural products; molecular docking;

cheminformatics; ADME; drug discovery

Introduction

Multi-parameter optimization (MPO) is widely used to balance competing objectives in drug
discovery, but many established frameworks were developed around physicochemical and
developability criteria characteristic of conventional small-molecule drug space. Natural
products occupy distinct structural and physicochemical space and can include larger, more
lipophilic, and more conformationally complex scaffolds than conventional screening
compounds [1,2]. These characteristics become particularly important when docking is
incorporated into prioritization because docking scoring functions can favor larger or more
interaction-rich ligands even when the same scaffold may have less favorable ADME,
developability, or safety characteristics [2,3,5]. The resulting challenge is not simply to consider
more properties, but to place conflicting binding and nonbinding evidence on a common decision

scale so that no domain dominates merely because of its numerical representation.

Structure-based virtual screening makes the binding side of this problem particularly important.
AutoDock Vina and related tools support rapid pose generation and affinity-oriented ranking
across receptor structures [4]. Empirical docking scores approximate binding but remain
sensitive to receptor conformation, desolvation, entropic effects, ligand size, and pocket
characteristics [4,5]. In multi-target screening, these scores also arise from distinct receptor

environments and therefore should not be treated as directly equivalent across heterogeneous



pockets. A framework that integrates binding across multiple receptor contexts consequently
requires an explicit strategy for receptor-specific calibration before binding is combined with
nonbinding evidence. Scaffolds that rank favorably under binding-only logic but move

downward after safety, ADME, and liability integration are referred to as affinity traps.

Alongside binding, scaffold triage requires complementary evidence about pharmacokinetic and
safety properties. SwissADME estimates physicochemical, pharmacokinetic, and drug-likeness
properties; ProTox 3.0 predicts toxicity across multiple endpoints [6,8]. These tools provide
complementary nonbinding evidence, but general-purpose predictions do not capture every
scaffold- or disease-context-specific concern relevant to natural-product evaluation. Separating
general safety from context-dependent liability allows those concerns to influence ranking

explicitly rather than being collapsed into a single toxicity assessment.

Traditional workflows treat docking, ADME, and toxicity as sequential filters, which can discard
viable scaffolds at arbitrary cutoffs or advance strong binders with cumulative nonbinding
liabilities. Multi-parameter optimization addresses this problem by combining competing drug-
discovery objectives into a single decision framework [9]. Desirability functions convert
variables with different units and scales into bounded, comparable terms before aggregation
[10,11]. Established approaches also illustrate the value of designing optimization frameworks
around defined decision problems: QED summarizes drug-likeness from molecular-property
desirabilities, CNS-MPO combines properties relevant to CNS drug development, and QEPPI
emphasizes chemical features associated with protein—protein interaction-targeting

compounds [11,35,37]. These approaches remain useful for their intended objectives. SWAN-
MPO addresses a different integration problem: how to combine receptor-specific binding with

ADME, general safety, and context-dependent liability when these evidence domains can



diverge strongly during natural-product scaffold evaluation. Its objective is balanced scaffold

triage across these domains rather than optimization of any single screening signal.

SWAN-MPO was therefore designed to make these conflicting evidence streams comparable
without treating them as interchangeable. Docking is summarized across 20 grid centers and
calibrated to target-specific references before panel aggregation, while binding, ADME, safety,
and context-dependent liability are independently transformed to bounded 0.01-1.00
desirabilities. Equal-weight geometric integration limits compensation across domains, making
severe nonbinding weaknesses consequential even when predicted binding is highly favorable.
General safety remains distinct from context-dependent liability, while node diagnostics expose
the target responsible for the binding contribution. The methodological contribution is the
specific integration architecture: receptor-specific calibration of median multi-grid binding,
panel-level node aggregation, explicit separation of general safety from context-dependent
liability, and compensation-limiting integration within a common bounded desirability

framework.

An Annona muricata natural-product library was selected as the driving deployment case
because compounds reported from this species combine anticancer interest with mechanism-
linked safety concerns, particularly mitochondrial Complex I inhibition and neurotoxicity [12—
14,30,31]. This chemical space therefore provided a demanding deployment case for the central
design problem: whether favorable docking signals could be integrated with ADME, safety, and
scaffold-relevant liability information without simply reproducing affinity-first rankings. The
computational library was restricted to compounds with traceable species attribution and usable

molecular structures.



SWAN-MPO was first evaluated in small internal panels to determine whether multi-domain
integration changed affinity-first rankings, then deployed across a 59-compound A.

muricata library and challenged by prespecified sensitivity analyses. External evaluation next
used a ChEMBL activity/status benchmark to test the integrated scoring formulation across
active favorable-status compounds and inactive or serious-warning compounds [38]. A
secondary analysis examined whether binding and nonbinding domains contributed differently to
distinguishing activity from inactivity and, among active compounds, favorable from serious-
warning profiles. A separate descriptor-compatible head-to-head benchmark compared the

SWAN-MPO formulation with adapted CNS-MPO, LE-QED, QED, and QEPPI approaches.

Methods

Study design and analytical scope

SWAN-MPO was evaluated as a computational framework for multi-domain scaffold
prioritization. Extended methods and results are provided in Online Resource 1, with the

corresponding machine-readable supplementary tables provided in Online Resource 2.

Computational workflow and reproducibility

SWAN-MPO was implemented as a deterministic file-based workflow spanning input
processing, docking, descriptor transformation, score integration, sensitivity analysis,

benchmarking, and manuscript reproduction.

R was used for internal component construction, selected statistical analyses, manifest
generation, and figure generation, while Python was used for structure processing, docking

execution, SWAN-MPO scoring, robustness analyses, and external benchmarking. The audited



SWAN-MPO command-line environment used Python 3.13.5 with NumPy 2.3.5 and NetworkX
3.6.1; structure processing used RDKit 2026.03.2 and Open Babel 3.1.0, and docking used
AutoDock Vina 1.2.7. Complete environment specifications and pinned dependencies are

provided with the archived software release.

Before external analyses were interpreted, the locked implementation was required to reproduce
all 20 internal panel-compound scores and internal ranks. The locked scoring implementation has
SHA-256: 97799¢91123803de3b9a477aea3bbctb061f1bld9abebdecfdadcd1b53714454;
independent reproduction matched all 20 internal panel-compound scores to within 1 x 1072, The
published target-calibration resource is separately preserved at SHA-256:
€7584110c0f970bb54ddf39cfdacbb6cb061bc6a3d2bd795e2d5f119efc7287¢. The (swan-mpo
reproduce-manuscript workflow) recomputes all 531 target-level and 177 panel-level frozen
scoring outputs from packaged canonical upstream predictor inputs and verifies them against
expected outputs at 1 x 107! tolerance. Archived SwissADME, ProTox, and candidate-library

docking outputs serve as canonical upstream inputs to this deterministic reproduction workflow.
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Fig. 1 SWAN-MPO methodological architecture, public implementation, and evaluation
framework.

(a) Core target-calibrated multi-domain scoring architecture. (b) Public command-line
implementation and reproducibility workflow. (c) Evaluation components used in this study

Target selection and PDB mapping

Target proteins were selected to represent proliferative signaling, apoptotic regulation, hormone
biology, and mitochondrial vulnerability across the three cancer-oriented panels. The colorectal
cancer panel comprised the mechanistic target of rapamycin (mTOR; PDB: 4JSP), epidermal
growth factor receptor (EGFR; EGF-bound extracellular domain, PDB: 11VO), and
mitochondrial Complex I (PDB: 5LNK). The prostate cancer panel comprised mTOR (PDB:
4JSP), Sa-reductase type 2 (SAR2; PDB: 3V3N), the androgen receptor (AR; PDB: 2AMA), B-
cell lymphoma 2 (Bcl-2; PDB: 4LVT), and EGFR (PDB: 11VO). The RCC panel comprised
mTOR (PDB: 4JSP), phosphoinositide 3-kinase alpha (PI3Ka; PDB: 60AC), protein kinase B
(AKT1; PDB: 3MVH), Bcl-2 (PDB: 4LVT), and Caspase-3 (PDB: 1QX3). Panel membership,
PDB structures, binding-site definitions, native-ligand availability, and calibration classifications

are provided in Supplementary Table S5.

The target panels were designed as mechanistically motivated scaffold-stress systems
representing proliferative signaling, hormone response, apoptotic regulation, and mitochondrial
vulnerability across the three cancer-oriented contexts [32,33,40,41]. Mitochondrial Complex I
was included because its inhibition is associated with annonaceous acetogenins, with its docking

outputs retained for within-target comparative interpretation [13,14,30,31].

Molecular docking and structure preparation
Molecular docking was performed using AutoDock Vina v1.2.7 with the Vina scoring function

[4,42]. All primary docking calculations used rigid receptors. Configuration files and logs



recorded receptor and ligand PDBQT files, grid definitions, exhaustiveness, CPU settings, and

output poses for each run.

Receptors and ligands were prepared through documented PDBQT-generation workflows.
Protein receptors were prepared as rigid Vina-compatible PDBQT files using receptor-specific
atom typing, hydrogen handling, and macromolecular charge assignment. For the expanded 59-
compound library, one initial three-dimensional conformer per ligand was generated from
curated SMILES using RDKit with explicit hydrogen addition and ETKDGv3 embedding with
random seed 2026. Random-coordinate embedding was used as a fallback when required,
followed by UFF geometry optimization for up to 1,000 iterations and Open Babel conversion to
PDBQT with Gasteiger partial charges. Native crystallographic ligands used for redocking
retained their crystallographic coordinates and were converted through PDB and MOL2 formats
before PDBQT generation. Native-ligand redocking established receptor-specific reference-
calibration status for the binding layer. Full preparation and redocking details are provided in

Supplementary Methods S3.

The internal docking matrix comprised 15, 40, and 35 ligand—target pairs in the colorectal,
prostate, and RCC panels, respectively, with each pair evaluated across 20 grid centers, yielding
1,800 completed Vina jobs. All Vina jobs used a 40.0 A cubic search box, grid spacing of 0.375
A, exhaustiveness of 12, nine output modes, and a fixed random seed of 2026. Each individual
Vina process used one CPU thread, with the deployment runner executing up to two jobs
concurrently. The same docking protocol was applied to the expanded 59-compound A. muricata
library across nine unique targets, yielding 531 complete ligand-target blocks and 10,620 Vina
jobs. Runtime metadata were preserved for 8,961 of the 10,620 expanded-screen docking jobs,

totaling 584.14 serial CPU-hours, with a median runtime of 204.92 s/job and mean runtime of



234.67 s/job. Runtime metadata were unavailable for the remaining 1,659 recovered jobs, so no
full-deployment runtime was extrapolated. Targets shared across disease panels were docked
once per ligand and the resulting target-level summaries were reused in each applicable panel to
avoid redundant receptor-ligand calculations. The 20 target-specific grid centers were
prespecified before expanded-library deployment and inherited from the locked internal docking
protocol; the same coordinate set was applied consistently to every ligand evaluated against a

given target. Complete coordinates are reported in Supplementary Table S5.

Grid-center aggregation and target-calibrated binding
For ligand /, target ¢, and grid center g, the raw Vina docking energy was denoted AGyq. To
reduce dependence on any single grid-center configuration, each complete ligand-target pair was

summarized across 20 grid centers. The primary binding layer used the median docking energy:
El,t = mediangﬂ,...,cl,t(AGl,t,g)

Where G, = 20 for complete target ligand pairs. The best value, mean, standard deviation,
quartiles, and interquartile range of the grid-center energies were also retained for auditability
described in Supplementary Methods S4 and reported in Supplementary Table S7. Only the
median grid-center energy entered the primary target-calibrated binding calculation; the best-grid

and other distributional summaries were retained as diagnostics and for sensitivity analysis.

As raw Vina energies are receptor-context dependent, median docking energies were
transformed using target-specific calibration before cross-target aggregation. The protocol
converted each ligand’s median docking energy into bounded desirability relative to a

prespecified target-specific reference energy denoted by AGrer,:
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| (. -G,
dgindingt,t = CliPg g 4.9 |MIN| 1, —AG ety

Median docking energies equal to or more favorable than the reference energy were capped at a

desirability of 1.00, and all resulting values were bounded between 0.01 and 1.00.

The AGeer; hierarchy used the top-ranked redocked pose when its heavy-atom RMSD from the
crystallographic reference pose was <2.0 A; when the top-ranked pose failed this criterion but
another generated mode achieved RMSD <2.0 A, the energy of that recovered native-like mode
was used instead. Calibration outcomes were classified as strict top-pose validation, generated-
mode recovery, or comparative-only. Four targets—Bcl-2, AR, PI3Ko, and AKT1—met strict
top-pose validation; mTOR and 5SAR2 met generated-mode recovery; and EGFR, Caspase-3, and
mitochondrial Complex I were classified as comparative-only. Targets without an accepted
reference calibration—EGFR, Caspase-3, and mitochondrial Complex [—were retained because
they represented prespecified panel biology and provided within-target comparative information,
but they were excluded from primary BestNode aggregation to avoid combining uncalibrated
energies across receptor pockets. For mTOR and 5AR2, a native-like generated mode satisfying
the <2.0 A RMSD criterion was recovered despite not being selected as the top-ranked Vina
mode; the energy of that recovered mode was therefore used as the target-specific reference.
Complete redocking RMSD values, reference-energy sources, and calibration classifications are

reported in Supplementary Table S6.

BestNode aggregation and node diagnostics

For each ligand / in disease panel p, the primary panel-level binding term was BestNode:

dBinding,BestNode,l,p = maXtETp dBinding,l,t
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BestNode was the highest binding desirability among targets supported by either strict top-pose
redocking or validated generated-mode recovery. Under the published calibration, mTOR was
therefore the only reference-calibrated target eligible for primary BestNode aggregation in the
colorectal panel, while the prostate and RCC panels contained multiple eligible calibrated
targets. Accordingly, the colorectal BestNode binding term represents calibrated support from a
single eligible node. The selected target, second-best target, best-to-second desirability ratio, and
isolated-node flag were retained as diagnostics of dependence on a dominant binding node
alongside the primary SWAN-MPO score. Two sensitivity analyses, Top2Node—which
combined the two strongest eligible targets—and Breadth—which summarized binding across all

eligible targets—are detailed in Supplementary Methods S6.

ADME descriptor generation

SwissADME-derived pharmacokinetic and drug-likeness descriptors were treated as ligand-level
properties shared across disease panels [6]. The locked ADME domain comprised nine inputs:
molecular weight, Consensus Log P, topological polar surface area (TPSA), rotatable-bond
count, hydrogen-bond acceptors, hydrogen-bond donors, PAINS alerts, predicted gastrointestinal

absorption, and synthetic accessibility.

Molecular weight, consensus logP, and hydrogen-bond donor and acceptor counts were included
because molecular size, lipophilicity, and hydrogen-bonding capacity are established
determinants of solubility and passive permeability in oral drug-like chemical space [43]. TPSA
and rotatable-bond count captured molecular polarity and flexibility, both of which influence
intestinal permeation and oral bioavailability [44]. Predicted gastrointestinal absorption, PAINS

alerts, and synthetic accessibility provided complementary estimates of absorption potential,
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assay-interference risk, and practical synthetic tractability, respectively [6,7,45—46]. PAINS

status was treated as a graded screening alert over a hard compound-exclusion rule.

Each input was transformed into a bounded desirability value and aggregated by geometric mean

to form the ligand-level ADME desirability:

dADME,l = GM(dMW,l) dlogP,l) dTPSA,l) dRotB,l' dHBA,l' dHBD,l! dPAlNS,l! dGI,lr dSA,l)

The resulting ADME domain score entered the final SWAN-MPO calculation. Internal
component scores are reported in Supplementary Tables S8, while transformation directions,

ranges, bounds, and rationales are reported in Supplementary Table S23.

ProTox-based safety descriptor generation

ProTox 3.0 predictions were treated as ligand-level inputs shared across disease panels [8]. The
primary ProTox-based safety domain incorporated predicted median lethal dose (LD50), toxicity
class, hepatotoxicity, neurotoxicity, nephrotoxicity, respiratory toxicity, and cardiotoxicity.
Predicted LD50 and toxicity class captured acute systemic hazard, while hepatotoxicity and
nephrotoxicity represented target-organ injury and neurotoxicity, cardiotoxicity, and respiratory

toxicity covered vital-system liabilities emphasized in nonclinical safety assessment [8].

For retained confidence-coded organ-toxicity predictions (¢ € [0.5,1.0]), predicted inactive
classes received desirability (c), whereas predicted active classes received (1-c). Predicted LD50
values were transformed logarithmically between 50 and 5,000 mg/kg, and toxicity classes 1-6
were mapped linearly, with higher LD50 values and higher toxicity classes receiving greater

desirability. All transformed safety values were bounded between 0.01 and 1.00:
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] i 10g10(LD50;) —10g14(50)
LD50,1 Po.o1,1 log14(5000) — log,,(50)

_ ToxClass; — 1
dToxClass,l = Cllp0.01,1 [f]

Acute and organ level safety were first aggregated separately:
dacute]l = GM(dLDSO,l'dTOXClass,l)

dOrgan,l = GM(dHepato,lr dNeuro,lr dNephro,l' dRespi,lr dCardio,l)

The final ligand-level safety desirability was:

dSafety,l = GM(dAcute,l' dOrgan,l)

Geometric-mean integration followed established desirability-based multi-parameter
optimization practice [10,11]. The two-stage structure assigned equal group-level influence to
acute and organ-level safety, preventing the five organ endpoints from outweighing the two
acute-toxicity measures because they were more numerous. Internal safety component scores and
endpoint-level desirabilities are reported in Supplementary Table S8; exact transformations and

missing-value rules are provided in the supplementary parameter table.

Panel-specific liability descriptor generation

The liability domain captured context-specific risks distinct from the general safety domain. For
these non-CNS cancer panels, predicted blood-brain barrier permeability was evaluated together
with neurotoxicity to capture the specific concern created when predicted central exposure

coincided with neurological liability.
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Complex I activity was penalized only in panels in which it was not an intended docking target.
It was therefore not penalized in the colorectal panel, avoiding treatment of the same mechanistic
signal as both favorable target engagement and an adverse liability. In the prostate and RCC
panels, predicted Complex I activity was treated as an off-panel mitochondrial liability
[13,14,30,31]. Accordingly, the colorectal liability term combined BBB permeability and
neurotoxicity, whereas the prostate and RCC liability terms combined BBB permeability,

neurotoxicity, and Complex I activity.

Panel-specific liability desirabilities were defined as:

GM(dggg,1, ANeuroyl)s p = Colorectal,

Liability,l,p {GM(dBBB,l: dCompleXI,l' dNeuro,l)' D E {Prostate, RCC}

BBB permeability and Complex I predictions used the same confidence-aware transformation as
the categorical organ-toxicity endpoints, with active predictions receiving lower desirability and

inactive predictions receiving higher desirability according to the reported confidence.

Desirability transformations and geometric aggregation

All desirability values were bounded using:
clip(0.01,1.00)(x) = min(max(x, 0.01),1.00)

The lower bound of 0.01 prevented zero-valued collapse and undefined logarithms during

geometric aggregation while preserving strong penalties for unfavorable properties.

For descriptors where higher values were more favorable, the monotonic increasing desirability

function was:
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0.01, x<1L,
x—1L
dinc(x; L, U) =40.01 + 0.99 (m) L<x<U,
1.00, x=U.

Here, L and U are the predefined lower and upper reference bounds.

For descriptors where lower values were more favorable, the monotonic decreasing desirability

function was:

1.00, x <L,
x—1L
ddec(x;L, U) =41.00-0.99 (m), L<x<U,
0.01, x=U.

For descriptors with an optimal interval, the windowed desirability function was:

(0.01, xX<L,
x—1L
0.01+0.99<m), L<x<A,
dyin(x;L,A,B,U) =1 1.00, A< x<B,
x—B
1.00—0.99(U_B>, B<x<U,
\ 0.01, x=U.

The interval [A,B] defined the preferred range, while desirability declined linearly toward 0.01
across the tolerated range [L,U]. Binary alerts received higher desirability when absent and lower
desirability when present, according to the prespecified mapping. The exact direction, preferred
interval, tolerated range, and categorical mapping used for each descriptor are reported in
Supplementary Table S23.

The equal-weight geometric mean used for SWAN-MPO aggregation was:
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GM(d,, ...,dy) = exp [(%) Zk: ln(dl-)]
i=1

As all transformed desirabilities were bounded above zero, the geometric mean remained defined

and limited compensation for low-performing terms [10,11].

Primary SWAN-MPO score

The primary integrated score was SWAN-BestNode:

1
SWAN BestNode,L,p — (dSafety,l,p X dADME,l,p X dBinding,BestNode,l,p X dLiability,l,p)4

Safety, ADME, BestNode binding, and panel-specific liability received equal weights. Equal

domain weighting was prespecified and held fixed across deployment, with alternative weight

structures evaluated through Monte Carlo perturbation.

Internal ranking and affinity-trap analysis

Internal panel rankings were compared across binding-only, QED-only, QED/ADME-style, and
SWAN-BestNode scoring. An affinity trap was defined as a compound that ranked highly by
BestNode binding but declined after safety, ADME, and liability integration. Comparisons used
binding-only rank, component desirabilities, final SWAN rank, and descriptive Kendall’s 1,

given the small panel sizes.

Expanded Annona muricata screening

After model lock, the same workflow was applied to 59 unique A. muricata natural products

retained after species verification, structure reconciliation, and exact SMILES deduplication. The
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compound manifest and docking-deployment matrix are reported in Supplementary Tables S2

and S3, respectively.

Sensitivity Analyses

Robustness analyses evaluated alternative binding aggregation (Top2Node and Breadth), ligand-
efficiency adjustment, strict-pass-only target restriction, Monte Carlo domain-weight
perturbation, and best-grid versus median-grid aggregation while holding the primary scoring
architecture fixed. Methods are provided in Supplementary Methods S4 and S6—S9; outputs are

reported in Supplementary Tables S7, S9, and S17-S19.

ChEMBL activity/status external benchmark

For external evaluation, a ChEMBL activity/status benchmark was constructed independently
from the production candidate-library workflow. Bioactivity records for SAR2, AKTI1, AR,
Caspase-3, EGFR, PI3Ka, and mTOR were harmonized across IC50, Ki, and Kd measurements
reported in nanomolar units [38]. Parent—target records were classified as active when qualifying
potency was <1,000 nM and as weak/inactive when no active evidence was present and
qualifying potency was >10,000 nM; intermediate records and parent—target groups with
discordant activity assignments were excluded. Molecule records were resolved to the ChEMBL
parent level before clinical status was assigned. Favorable status required a maximum clinical
phase of 4 without a parent-level Black Box Warning or Withdrawn annotation, whereas either

warning defined serious-warning status.

Three benchmark groups were defined: active favorable-status compounds (A), active serious-
warning compounds (B), and weak/inactive favorable-status compounds (C). The primary

endpoint distinguished group A from the combined B+C class, directly testing whether the
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integrated scoring formulation separated compounds combining activity and favorable status
from compounds failing either the activity or favorable-status criterion. The final primary
benchmark comprised 190 parent—target records, including 46 group-A, 25 group-B, and 119

group-C records.

Measured median potency was converted to pActivity as 9 — logio(nM) and transformed to a
bounded 0.01-1.00 binding desirability over the 4.0-9.0 activity range. The benchmark-
compatible integrated score combined binding desirability, an RDKit-derived ADME
desirability, and a structure-derived liability desirability by equal-weight geometric mean. The
ADME desirability summarized transformed molecular weight, logP, TPSA, hydrogen-bond
donor and acceptor counts, and rotatable-bond count, whereas the structure-derived liability
desirability summarized extreme lipophilicity, extreme molecular size, extreme flexibility,

fraction sp3, aromatic-ring burden, and structural-alert desirability.

Performance was evaluated using ROC-AUC, PR-AUC, BEDROC a = 20 [34], and tie-aware
enrichment factors at 1% and 5%. Pairwise ROC-AUC differences were evaluated using 2,000

bootstrap replicates clustered by ChEMBL parent molecule with random seed 2026.

Domain-contribution analysis

A secondary post hoc analysis examined whether the relative contributions of binding and
nonbinding information differed across screening decisions. Activity discrimination was
evaluated by comparing active favorable-status compounds with weak/inactive favorable-status
compounds (A vs C), while status discrimination among active compounds compared active

favorable-status with active serious-warning compounds (A vs B). Binding-only, ADME-only,
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structure-derived liability, reduced-domain combinations, the integrated benchmark formulation,

and QED were evaluated where applicable.

Since group C was substantially larger than group B, an additional sensitivity analysis assigned
equal total negative-class weight to groups B and C before recomputing A-versus-B+C
discrimination. Group-A records together received unit total weight, while groups B and C each
contributed one-half of the total negative weight. Pairwise ROC-AUC differences in the domain-
contribution analyses were evaluated using 5,000 parent-molecule-clustered bootstrap replicates

with random seed 2026.

Descriptor-compatible MPO comparator benchmark

A shared-descriptor benchmark compared the descriptor-compatible SWAN-MPO formulation
with adapted MPO and drug-likeness approaches under a common input space. Comparators
comprised a CNS-MPO-inspired oncology formulation, an LE-QED composite formulation,
RDKit QED, and a QEPPI-inspired property-window formulation [11,35-37]. The adapted
labels distinguish these implementations from exact reproductions of the original frameworks in

their published application settings.

For comparator calculations requiring a pChEMBL-derived potency term, the 327 active records
without a comparable pPChEMBL value were deterministically assigned a value of 6.0.
Performance was evaluated using ROC-AUC, area under the precision-recall curve (PR-AUC),
Boltzmann-enhanced discrimination of receiver operating characteristic (BEDROC; a = 20) [34],
and tie-aware enrichment factors (EF) at 1% and 5%. Comparator metrics, pairwise comparisons,

and compound-level scores are reported in Supplementary Table S14.
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Exact score ties were handled independently of input row order. When an EF@1% or EF@5%
cutoff intersected an exact-score tie block, the expected number of favorable records was

calculated from the favorable fraction within that tied block.

Code availability
The SWAN-MPO source code, documented command-line implementation, and reproducibility
workflows are publicly available at https://github.com/saanviisenthilkumar/swan-mpo. SWAN-

MPO v1.3.2 is permanently archived at Zenodo: https://doi.org/10.5281/zenodo.21988306.

Results
Internal discovery-panel rankings
Within the internal colorectal, prostate, and RCC panels, SWAN-MPO produced a ranking

structure distinct from binding-only, QED-only, and QED/ADME-style scoring.

Muricatacin served as one example of this rank shift, ranking third by BestNode binding in
colorectal, eighth in prostate, and seventh in RCC. After SWAN-BestNode integration however,
it ranked first in colorectal cancer (0.733), first in prostate cancer (0.659), and second in RCC
(0.683). As mTOR was the only reference-calibrated target eligible for colorectal BestNode
aggregation, the colorectal result represents single-node calibrated binding integrated with the
non-binding domains. Under QED-only and QED/ADME-style scoring, Muricatacin ranked

#4/#4 in colorectal, #3/#3 in prostate, and #4/#4 in RCC.

The internal panels served as illustrative mechanism checks, showing how multi-domain

integration reordered individual compounds before evaluation across the expanded library.

Hllustrative affinity-trap rank shifts
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In the colorectal panel, Annomuricin C ranked first by BestNode binding (1.000), but fell to third
after full SWAN-BestNode integration (0.652). By comparison, Muricatacin had lower binding

desirability (0.820) but a higher integrated score (0.733).

A similar rank reversal appeared in prostate cancer where Annopentocin A ranked first by
BestNode binding but eighth of eight after SWAN-BestNode integration because its favorable
binding was accompanied by lower non-binding desirabilities. These internal-panel rank shifts

are illustrated in Fig. 2.
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Fig. 2 Illustrative affinity-trap rank shifts across disease panels

(a—c) Final SWAN-BestNode scores for colorectal, prostate, and renal cell carcinoma (RCC)
discovery panels. Muricatacin is highlighted as a high-ranked scaffold, with Annomuricin C and
Annopentocin A shown as affinity-trap examples. (d—f) Binding-only and final SWAN-
BestNode ranks are compared, illustrating downward reprioritization after safety, ADME, and
liability information were incorporated
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The expanded-library analysis next tested whether this reordering persisted across a larger

candidate set.

Expanded Annona muricata screening results

Application of the SWAN-MPO workflow to 59 unique 4. muricata natural products produced
177 panel-specific rankings across the colorectal, prostate, and RCC panels. The internal
discovery panels and expanded deployment were scored from separate analysis-specific docking
matrices; consequently, compounds present in both analyses can have slightly different

calibrated binding and integrated SWAN-MPO values.

The expanded candidate pool illustrated similar rank reversals to the internal screening.
Muricatacin, for example, ranked 47th by BestNode binding in all three panels but ranked first
by SWAN-BestNode in colorectal cancer (0.734) and second in both prostate cancer and RCC
(0.661 in each panel). This illustrates that high integrated placement did not require high
binding-only rank. Library-wide rank reordering in the expanded deployment is summarized in

Fig. 3.
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Fig. 3 Expanded 59-compound screening reveals framework-wide rank reordering.

(a—c) Binding-only rank is compared with SWAN-BestNode rank across colorectal, prostate, and
RCC panels; compounds shifting by at least 10 positions are distinguished by direction. (d—f)
Distributions of absolute rank movement summarize overall reordering, with annotations
reporting median movement and the proportions shifting by at least 10 and 20 positions

We next tested whether these results persisted under alternative binding, calibration, and

weighting assumptions.

Robustness and sensitivity analyses

Robustness analyses evaluated ligand-efficiency adjustment, strict-pass-only target restriction,
alternative binding aggregation, domain-weight perturbation, and best-grid versus median-grid

aggregation.

Ligand-efficiency adjustment retained substantial full-library agreement with the primary

rankings. Kendall’s 1, was 0.813 in colorectal cancer and 0.804 in both prostate cancer and RCC,
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with all three associations statistically significant. Substantial full-library ranking structure was

therefore retained after adjustment for ligand size.

Restriction to targets that passed strict top-pose redocking also preserved strong full-library
agreement in the two estimable panels. Kendall’s 1, was 0.871 in prostate cancer and 0.898 in
RCC. Prostate and RCC rankings remained highly concordant when calibration was restricted to
strict top-pose targets. The colorectal panel contained no strict-top-pose-eligible target and was

therefore not estimable under this sensitivity.

Alternative binding aggregation using Top2Node and Breadth and Monte Carlo domain-weight
perturbation further supported broad ranking stability while identifying greater sensitivity for
selected compounds and the colorectal configuration. For Muricatacin specifically, replacing
best-grid with median-grid aggregation did not change its internal binding rank in any of the

three panels.

Full methods and outputs are reported in Supplementary Methods S4 and S6-S9 and

Supplementary Results S2 and S4-S7.

These analyses tested robustness within the deployment library. ChEMBL-derived benchmarks

next evaluated the scoring architecture externally.

External ChREMBL activity/status benchmark

The primary ChEMBL activity/status benchmark comprised 46 active favorable-status records
and 144 records failing either the activity or serious-warning criterion. The integrated benchmark
formulation achieved a ROC-AUC of 0.909, with PR-AUC of 0.680 and BEDROC o = 20 of

0.677. EF@1% and EF@5% were 2.07 and 2.89, respectively. These results showed strong
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global discrimination of records combining activity with favorable clinical status from records

with inactivity or serious-warning status.

Domain contributions across screening decisions

Domain-level ROC-AUC values across the three screening contrasts are summarized in Table 1.

Table 1. Domain contributions across ChEMBL screening decisions

Score formulation A vs C: activity | A vs B: warning- Class-balanced A vs
ROC-AUC status ROC-AUC B+C weighted ROC-
AUC
Binding only 0.976 0.503 0.740
ADME only 0.503 0.620 0.562
Structure-derived liability 0.567 0.560 0.564
Binding + ADME 0.969 0.612 0.790
Integrated three-domain 0.973 0.605 0.789
QED 0.553 0.502 0.527

A vs C compared active favorable-status with weak/inactive favorable-status records. A vs B
compared active favorable-status with active serious-warning records. The balanced sensitivity
assigned equal total negative-class weight to groups B and C.

The relative contribution of each domain depended strongly on the screening decision. For active
favorable-status versus weak/inactive favorable-status compounds, binding alone achieved ROC-
AUC 0.976, while the integrated formulation achieved 0.973, indicating that activity

discrimination was already dominated by the potency-derived binding signal.

Among active compounds, however, binding no longer distinguished favorable from serious-
warning status (ROC-AUC 0.503). ADME provided greater discrimination in this comparison

(ROC-AUC 0.620), while the integrated formulation achieved 0.605. Thus, once activity was
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established, nonbinding developability information contributed more strongly to separation of

favorable and serious-warning profiles.

The class-balanced sensitivity produced the same overall pattern. Binding alone achieved ROC-
AUC 0.740, whereas binding plus ADME increased discrimination to 0.790 and the full three-
domain formulation achieved 0.789; QED achieved 0.527. Together, these analyses showed that
binding and nonbinding domains contributed complementary information across different

screening decisions.

Descriptor-compatible MPO comparator analysis

The descriptor-compatible benchmark next compared the SWAN formulation with comparator
scoring schemes derived from existing MPO, ligand-efficiency, and drug-likeness concepts
(Table 2).

In this descriptor-compatible comparison, the SWAN formulation achieved the highest ROC-
AUC at 0.606, compared with 0.543 for the CNS-MPO-inspired oncology proxy, 0.563 for the

LE—QED composite proxy, 0.518 for QED, and 0.514 for the QEPPI-inspired proxy.

Table 2. Performance of descriptor-compatible MPO and drug-likeness implementations in
the broad ChEMBL active—synthetic-profile benchmark.

Framework ROC-AUC BEDROC a =20 EF@1% EF@5%
Descriptor-compatible 0.606 0.170 0.00 0.40
SWAN-MPO formulation

CNS-MPO-inspired 0.543 0.335 1.72 1.42
oncology proxy

LE—QED composite proxy | 0.563 0.330 0.91 1.20
QED (RDK:it) 0.518 0.161 1.09 0.55

QEPPI-inspired proxy 0.514 0.510 2.55 2.33
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DeLong analysis [39] showed that SWAN-MPO formulation achieved a significantly higher

ROC-AUC than each comparator: CNS-MPO-inspired oncology proxy (AAUC = 0.0625, p =

7.04 x 10"'%), LE-QED composite proxy (AAUC = 0.0425, p = 4.66 x 10°), QED (AAUC =

0.0879, p = 1.30 x 10°'%), and QEPPI-inspired proxy (AAUC = 0.0918, p =9.78 x 10°1%).

Complete statistics are reported in Supplementary Table S14.

Early-enrichment behavior differed from global ROC-AUC performance. The QEPPI-inspired

formulation led BEDROC, EF@1%, and EF@5%, while the CNS-MPO-inspired formulation

also exceeded the descriptor-compatible SWAN-MPO formulation on these early-ranking

metrics. The benchmark therefore distinguished two ranking behaviors: SWAN-MPO provided

the strongest global class separation, whereas comparator formulations concentrated active

records more strongly at the extreme top of the ranked list.
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Fig. 4 External ChEMBL benchmarking and domain-contribution analysis.

(a) Primary activity/status benchmark performance. (b) Domain-level discrimination for A vs C
activity status and A vs B warning status among active compounds. (¢) Class-balanced A vs B+C
sensitivity analysis. (d) Descriptor-compatible MPO comparison by global ROC-AUC; SWAN-
MPO exceeded each comparator by DeLong analysis (p < 0.001)

Discussion

SWAN-MPO reframes screening as multi-domain scaffold triage

Affinity-centered virtual screening can prioritize compounds with favorable docking scores even
when their safety, ADME, or scaffold-liability profiles are less favorable. This limitation
becomes more pronounced when heterogeneous inputs are combined without placing them on a

comparable scale. SWAN-MPO was therefore designed to integrate these signals within a

common desirability framework while limiting the influence of any single favorable domain.

Unlike generic drug-likeness scores or descriptor-only MPO approaches, SWAN-MPO combines
target-calibrated median multi-grid docking, panel-level node aggregation, general safety, and
panel-specific liability within one auditable architecture. Its methodological contribution
therefore lies in the calibration, separation, and diagnostic integration of these evidence layers

rather than in geometric averaging alone.

Reproducibility was treated as part of the methodology rather than as a separate release step. The
scoring implementation and published target-calibration resource are independently hash-
verifiable, and the manuscript-reproduction workflow recomputes all 177 panel-level and 531
target-level outputs against frozen expected results at 1 x 107! tolerance. This architecture
enables third-party audit of the scoring path without requiring independent reimplementation of

the framework.
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SWAN-MPO complements established MPO approaches by addressing a different decision
problem: integration of receptor-specific binding with ADME, general safety, and context-
dependent liability during natural-product scaffold triage. Its added value is the prespecified
architecture linking target-calibrated multi-grid docking to panel-level node diagnostics and
distinct nonbinding evidence domains while retaining an auditable path from upstream inputs to

final scaffold ranks.

Across the internal panels and expanded library, SWAN-MPO produced rankings distinct from
affinity-only and generic property-based approaches. Muricatacin is used throughout as an
illustrative worked example; framework-level conclusions are based on library-wide rank
reordering, sensitivity analyses, and external benchmark results rather than on the ranking of this

single scaffold.

Cross-domain integration reshapes affinity-first rankings

The internal panels illustrated affinity traps as a rank-based phenomenon in which compounds

favored by binding alone moved downward after safety, ADME, and liability integration.

Annomuricin C and Annopentocin A illustrated this behavior in the internal panels. Both ranked
favorably by binding but moved downward after the non-binding domains were incorporated.
As the four domains enter the same bounded geometric mean, low desirability in one domain
reduces the final score even when another domain is favorable. The framework therefore
preserves binding information without allowing affinity alone to determine the final ordering.
This is especially relevant for acetogenins and other flexible, lipophilic natural products where

favorable docking scores may partly reflect extensive hydrophobic contact surfaces.
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Target calibration supports receptor-aware binding integration

Docking scores are sensitive to receptor conformation, search-space definition, and scoring-
function limitations [4,5]. SWAN-MPO therefore uses docking as a calibrated comparative
signal, with median aggregation across grid centers reducing dependence on a single favorable
search region and target-specific desirability mapping accounting for receptor-specific score

ranges.

Calibration coverage varied across targets, with mTOR representing the only reference-
calibrated target eligible for primary BestNode aggregation in the colorectal panel. This target-
level classification makes calibration confidence explicit and prevents comparative-only receptor

scores from entering the primary cross-target aggregation.

BestNode identity and related node diagnostics made dependence on a dominant target auditable

while preserving the primary scoring formulation.

Sensitivity analyses support ranking stability across alternative assumptions

The sensitivity analyses showed substantial rank concordance under ligand-efficiency
adjustment, strict-top-pose calibration restriction where estimable, alternative binding
aggregation, and domain-weight perturbation. Full-library concordance remained high after
ligand-efficiency correction and strict-pass restriction, supporting the stability of the primary
ranking architecture under alternative binding assumptions. The analyses also identified greater
model sensitivity in the colorectal configuration and for selected compounds, providing
compound- and panel-level information about ranking uncertainty. Complete definitions, rank
shifts, concordance statistics, and Monte Carlo stability outputs are reported in Supplementary

Methods S4 and S6-S9 and Supplementary Tables S17-S19.
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External benchmarking reveals complementary domain contributions

The ChEMBL activity/status benchmark provided external evidence that the integrated scoring
formulation can distinguish compounds combining activity with favorable status from
compounds failing either the activity or serious-warning criterion. The resulting ROC-AUC of

0.909 demonstrated strong global discrimination in this external benchmark.

The domain-contribution analysis clarified why multi-domain integration is useful. Binding
strongly separated active from inactive compounds, whereas among compounds with established
activity, ADME became more informative for distinguishing favorable from serious-warning
profiles. No individual domain therefore dominated across both screening decisions. By
integrating these complementary signals, the SWAN-MPO formulation achieved strong
discrimination on the primary combined activity/status endpoint (ROC-AUC 0.909), in which

compounds could be deprioritized for either insufficient activity or serious-warning status.

In the descriptor-compatible head-to-head benchmark, the SWAN-MPO formulation achieved
the strongest global ROC-AUC, whereas selected adapted comparators performed better on
early-enrichment metrics [11,35-37]. This difference is consistent with SWAN-MPQ's objective
of balanced scaffold triage across competing domains rather than optimization of a single

ranking signal.

Practical scope and generalizability

The practical value of SWAN-MPO is moving natural-product scaffold triage beyond affinity- or
property-dominated prioritization toward transparent multi-domain comparison. Structurally
complex natural products can appear favorable by docking or generic physicochemical criteria

while carrying less favorable ADME, safety, or context-dependent liability profiles [2,3].
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SWAN-MPO provides an auditable framework for evaluating these competing signals on a
common decision scale before candidates are advanced to higher-cost experimental investigation

[2.8].

Operationally, application of SWAN-MPO to a new compound library requires candidate
docking outputs, ADME and toxicity predictions, and a prespecified panel-liability
configuration. Extension to new targets additionally requires target-specific reference calibration
before those targets can enter primary BestNode aggregation. The framework therefore separates
reusable scoring logic from analysis-specific upstream prediction and target-calibration steps,
allowing unavailable or lower-confidence inputs to remain explicit rather than being hidden

within the final score.

Together, these findings support SWAN-MPO as a transparent computational framework
designed for natural-product scaffold triage in oncology, with an architecture that can be
configured for other compound and target-panel settings requiring analogous binding, safety,

ADME, and liability integration.

Limitations

The docking layer retains the limitations of rigid-receptor Vina scoring and simplified ligand
preparation, including incomplete treatment of receptor flexibility, induced fit, solvent effects,
desolvation, and binding entropy. One initial ETKDGvV3 conformer was generated per
compound, with subsequent torsional exploration delegated to Vina rather than an independent
multi-conformer ensemble. Median aggregation across 20 inherited target-specific grid centers

reduces dependence on a single search-center placement but does not address these structural
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limitations; prioritized scaffold—target pairs therefore require higher-fidelity structural refinement

before mechanistic interpretation.

The target panels were mechanistically motivated scaffold-stress systems rather than
comprehensive models of colorectal, prostate, or renal cell carcinoma biology. Calibration
confidence also varied by target, and the colorectal primary BestNode depended on a single
eligible calibrated node. These constraints limit disease-specific and multi-target mechanistic

interpretation even where ranking behavior is reproducible.

SwissADME and ProTox 3.0 were developed from broader chemical datasets that may
incompletely represent annonaceous acetogenins and other structurally specialized natural
products. The endpoint confidence values returned by ProTox were incorporated into scoring,
but they do not constitute a formal applicability-domain assessment for this scaffold class.
SWAN-MPO therefore inherits uncertainty from its input predictors, and favorable automated
ADME or toxicity desirabilities should be treated as screening estimates requiring experimental

confirmation.

The ChEMBL activity/status benchmark evaluated the benchmark-compatible integrated scoring
formulation using measured activity together with ADME and structure-derived liability
descriptors. It therefore provides external evidence for the ranking formulation under the
available ChEMBL activity/status data, while the production candidate-library workflow

additionally incorporates target-calibrated docking and the full SWAN-MPO predictor inputs.

The expanded 59-compound A. muricata deployment was species restricted. Although the

architecture is configurable to other compound libraries, target panels, and liability definitions,
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broader transferability across natural-product classes and other chemical spaces remains to be

evaluated empirically.

Future evaluation should include biochemical target-engagement assays, cellular activity studies,
toxicity and pharmacokinetic testing, and flexible-residue docking or molecular-dynamics

refinement for experimentally justified scaffold—target pairs.

Conclusion

SWAN-MPO addresses natural-product scaffold triage as a target-calibrated multi-domain
integration problem. It moves prioritization beyond affinity- or property-dominated ranking by
integrating receptor-calibrated median multi-grid docking with ADME, general safety, and
context-dependent liability on a common bounded desirability scale. This architecture is
particularly relevant to structurally complex natural products, where favorable docking or
physicochemical signals can coexist with less favorable developability, safety, or scaffold-

specific liability profiles.

Across the internal panels and expanded 59-compound 4. muricata deployment, SWAN-MPO
substantially reordered affinity-first rankings while retaining broad stability under ligand-
efficiency adjustment, alternative binding aggregation, calibration restriction, and domain-weight

perturbation. The resulting rankings therefore reflected cross-domain balance.

In the external ChEMBL activity/status benchmark, the integrated scoring formulation achieved
ROC-AUC 0.909 in distinguishing active favorable-status compounds from inactive or serious-
warning compounds. Domain-level analysis showed that binding dominated activity
discrimination whereas ADME was more informative among active compounds differing in

warning status, while their integration achieved strong overall discrimination when both failure
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modes were considered together. The descriptor-compatible head-to-head benchmark further
showed significantly higher global ROC-AUC for the SWAN-MPO formulation than adapted
CNS-MPO, LE-QED, QED, and QEPPI formulations. Together with its hash-verifiable scoring
implementation, target-calibration resource, and deterministic reproduction workflow, these
results support SWAN-MPO as a reproducible framework for balanced multi-domain natural-

product scaffold triage.
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