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Associate Professor of Microbiology, Institute of Exact Sciences and Technology; Graduate Program in 
Sciences, Technology and Health (PPGCTS), Federal University of Amazonas (UFAM), Itacoatiara, Brazil; 
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Abstract 

This technical note reports an exploratory, AI-assisted in silico proof of concept implementing a 
“signaling first, killing later” discovery paradigm: prioritizing compounds with high predicted 
affinity for bacterial quorum sensing (QS) pathways, then refining them for bactericidal potency. 
Using Claude Opus 4.6 (Anthropic), a custom SMILES-based descriptor calculator (170+ features) and 
a four-model ensemble (Random Forest, Gradient Boosting, SVM-RBF, Logistic Regression) were 
trained on 150 compounds (87 QS modulators, 63 negatives), achieving cross-validated AUC of 0.954 
± 0.024. Screening 218 ZINC15 CEBB tranche compounds identified 101 Tier 1 hits (46.3%), of which 
91.1% were nitroaromatic. Bioisosteric modifications rescued 9/15 analogs (60%) as PAINS-clean. An 
orthogonal antibiotic-likeness model (44 antibiotics vs. 49 non-antibiotics, AUC = 0.809) identified a 
diacetyl hexahydroxytriphenylene prodrug as dual-high (P_QS = 0.849, P_Abx = 0.876). Six iterative 
optimization cycles across two phases—structural alert reduction followed by scaffold 
simplification—produced the final lead M6-12 (SMILES: 
CNCc1c(F)cc(OC)c2c(OC)c3C(O)CNCC3c(O)c12), a partially saturated fluorinated piperidine-fused 
tricyclic scaffold. M6-12 achieved: dual-high ML convergence (P_QS = 0.928, P_Abx = 0.792, Joint = 
0.735, 4/4 ABX models >0.5), zero PAINS, zero Brenk alerts, zero violations across all five drug-
likeness filters, zero CYP inhibition (SwissADME 0/5, pkCSM 0/7), AMES-negative, high GI 
absorption, and “Very soluble” classification. RDKit validation confirmed: MW = 340.40, Crippen 
LogP = 0.48, TPSA = 82.98 Å², HBD = 4, HBA = 6, Fraction Csp3 = 0.647. ChEMBL similarity: 0% at 
95% threshold. Property-space MIC estimation: 2–32 μg/mL (Gram-positive), 1–11 μg/mL (Escherichia 
coli), 33–333 μg/mL (Pseudomonas aeruginosa), with 5/5 Richter rule compliance for Gram-negative 
penetration. A single pkCSM hepatotoxicity flag—contextualized by zero CYP inhibition, AMES-
negative status, and low lipophilicity—probably constitutes the principal limitation requiring in vitro 
resolution. The signaling-first approach may enrich for molecules operating within biologically 
relevant chemical spaces, potentially offering a reduction in attrition compared to conventional MIC-
first screening. All results require experimental validation. 

Keywords: antimicrobial resistance; antibiotic discovery; quorum sensing; machine learning; virtual 
screening; ZINC15; bioisosteric modification; lead optimization 
 

1. Introduction 

Antimicrobial resistance (AMR) constitutes one of the most pressing global health challenges, 
estimated to have been directly responsible for 1.27 million deaths in 2019 and associated with 4.95 
million deaths globally (Murray et al., 2022). Existing discovery pipelines are predominantly 
optimized for a single endpoint: growth inhibition at the minimum inhibitory concentration (MIC) 
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(Brown & Wright, 2016; Payne et al., 2007). However, a substantial body of evidence demonstrates 
that many antibiotics elicit structured, pathway-specific transcriptional responses at concentrations 
below the MIC—including modulation of quorum sensing (QS), biofilm formation, virulence factor 
expression, and horizontal gene transfer (Andersson & Hughes, 2014; Goh et al., 2002; Fajardo & 
Martínez, 2008; Skindersoe et al., 2008). This observation motivates a conceptual inversion termed 
herein the “signaling first, killing later” paradigm: by prioritizing compounds with high predicted 
affinity for bacterial communication pathways, this approach enriches for molecules that operate 
within biologically relevant chemical spaces—subsequently refining them for bactericidal potency 
while maintaining a favorable safety profile. 

The application of machine learning (ML) and artificial intelligence (AI) to antibiotic discovery 
has accelerated dramatically. The landmark identification of halicin through deep neural network 
screening demonstrated that ML can discover structurally novel antibiotics with mechanisms distinct 
from existing drugs (Stokes et al., 2020). Subsequent work has expanded to graph neural networks 
for Gram-negative-specific discovery (Wong et al., 2024) and large-scale generative AI campaigns 
(van Tilborg et al., 2024; Liu et al., 2024; Cesaro et al., 2023). These approaches predominantly train 
on MIC data or growth inhibition endpoints—a “killing first” strategy. The present study contributes 
a methodologically distinct variant: training on QS modulation as a proxy for sub-inhibitory 
signaling activity, then using an orthogonal antibiotic-likeness model to identify compounds 
occupying the intersection of both chemical spaces. To the authors’ knowledge, this “signaling-first” 
approach to ML-guided antibiotic discovery has not been previously reported. 

A distinguishing methodological feature is the integration of AI-generated ML predictions with 
iterative validation through established chemoinformatics platforms—SwissADME, 
SwissTargetPrediction, pkCSM, ChEMBL, Aggregator Advisor, and RDKit—forming a hybrid 
framework (AI-generated hypotheses + classical tool validation) where each computational 
prediction is independently challenged before proceeding. 

Scope and Limitations 

This work was conducted through iterative prompting of Claude Opus 4.6 (Anthropic, February 
2026). The author’s primary expertise is in microbiology; the custom descriptor calculator, ML 
pipeline, and bioisosteric logic were developed through prompt-driven interaction, guided by the 
author’s domain knowledge of antimicrobial pharmacology. To mitigate risks inherent to AI-
generated code, all key outputs were subjected to independent validation using gold-standard tools: 
the final candidate M6-12 was validated through RDKit (Landrum, 2016), SwissADME, pkCSM, and 
ChEMBL. Results should be interpreted as a proof of concept: (a) the custom descriptor calculator 
has not been systematically benchmarked against RDKit or CDK, although post-hoc RDKit validation 
confirmed concordant molecular properties (Table 2); (b) AI-generated code may contain undetected 
errors; (c) all ML models and cross-validation procedures use fixed random seeds (random_state=42), 
ensuring reproducible results given identical inputs; and (d) no experimental validation has been 
performed, due to technical and financial constraints. 

2. Methods 

2.1. AI-Assisted Workflow 

All computational analyses were performed through iterative prompting of Claude Opus 4.6 
(Anthropic) in February 2026. The AI system generated Python code for descriptor calculation, ML 
training, screening, and bioisosteric analysis, executed within the AI’s sandboxed Linux environment 
(Ubuntu 24, Python 3.12, scikit-learn 1.6). Post-hoc external validation was performed using publicly 
available tools (SwissADME, SwissTargetPrediction, pkCSM, Aggregator Advisor), database 
searches (ChEMBL, PubChem), and the open-source cheminformatics library RDKit 2025.9.5 
(Landrum, 2016). 
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2.2. Custom SMILES Descriptor Calculator 

A custom descriptor calculator was implemented in Python, computing 170+ molecular features 
directly from SMILES strings (see Appendix A for detailed implementation). Features included: 
functional group counts (~40 features via regex-based SMARTS-like pattern matching for OH, NH₂, 
COOH, NO₂, halogens, ethers, esters, amides, nitriles, sulfonamides, and other pharmacophoric 
groups), ring analysis (~12 features including aromatic/aliphatic ring counts, ring sizes, fused ring 
detection, and heteroatom-in-ring counts), atom counts (~15 features), topological features (~10 
features: rotatable bonds via single-bond counting, HBD via OH+NH counting, HBA via N+O 
counting, estimated TPSA via fragment summation, estimated MW via atomic weight summation, 
estimated LogP via Wildman-Crippen fragment approach), QS-relevant pharmacophore motifs (~15 
features covering lactone, furanone, phenolic hydroxyl, quinolone-like, and AHL-like substructures), 
and Morgan-like hash features (128 environment-based hashes emulating circular fingerprints at 
radius 2). Limitation: this calculator constitutes the principal technical limitation. It has not been 
systematically benchmarked against RDKit, CDK, or Mordred. Post-hoc RDKit validation of M6-12 
confirmed concordant properties (Table 2), but this does not validate performance across the full 
training set. 

2.3. Training Sets and Ensemble ML Models 

The QS training set comprised 150 compounds: 87 positive-class examples (known QS 
modulators compiled from the literature, including N-acyl-homoserine lactone [AHL] analogs, 
halogenated furanone inhibitors from Delisea pulchra [Hentzer et al., 2002], phenolic QS modulators, 
PQS-system quinolone analogs, and dietary polyphenols with demonstrated anti-QS activity 
[Vandeputte et al., 2010], as identified in comprehensive reviews [Desai & Mitchell, 2015; Kalia, 2013]) 
and 63 negatives (structurally diverse compounds without reported QS activity, including simple 
aliphatics, cardiovascular and CNS drugs, amino acid derivatives, vitamins, and herbicides). A four-
model ensemble was trained using scikit-learn (Pedregosa et al., 2011): Random Forest (500 trees), 
Gradient Boosting (200 estimators, max_depth=4, learning_rate=0.05), SVM-RBF (probability=True), 
and Logistic Regression (max_iter=1000), all with balanced class weights and 5-fold stratified cross-
validation. Critically, all four models are classical (non-deep-learning) classifiers, deliberately chosen 
because they are well-suited to small-to-moderate training sets (n = 150 and 93) and provide 
interpretable outputs; deep neural networks, by contrast, typically require thousands to tens of 
thousands of training examples to avoid overfitting (Stokes et al., 2020; van Tilborg et al., 2024). Cross-
validated AUC: RF = 0.964 ± 0.015, GBM = 0.945 ± 0.024, SVM = 0.963 ± 0.022, LR = 0.944 ± 0.035. 
Consensus probability P(consensus) = arithmetic mean of individual predictions. 

An orthogonal antibiotic-likeness model was trained on 44 marketed antibiotics (representing 
≥14 structural classes: β-lactams, fluoroquinolones, macrolides, tetracyclines, aminoglycosides, 
sulfonamides, oxazolidinones, glycopeptides, polymyxins, nitroimidazoles, rifamycins, 
chloramphenicol, nitrofurans, and lincosamides) vs. 49 non-antibiotic drugs, using the identical 
architecture (AUC: RF = 0.856, GBM = 0.743, SVM = 0.833, LR = 0.804). This model learns an 
“antibiotic-like” chemical space—structural and physicochemical similarity to known antibiotics—
rather than predicting biological activity per se (O’Shea & Moser, 2008; see Discussion 4.7). 

2.4. Bioisosteric Modifications 

Fifteen bioisosteric modifications were applied using established replacements (Patani & 
LaVoie, 1996; Meanwell, 2011). The NO₂→CN substitution exploited the nitrile’s ability to maintain 
similar electronic and hydrogen-bond acceptor properties while eliminating the well-documented 
mutagenic liability of nitroaromatic compounds in the Ames test (Purser et al., 2008). 
Catechol→OMe/OAc substitutions addressed PAINS liabilities (Baell & Holloway, 2010). 

2.5. External In Silico Validation 
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Drug-likeness: SwissADME (Daina et al., 2017). Target prediction: SwissTargetPrediction 
(Gfeller et al., 2014). ADMET: pkCSM (Pires et al., 2015). Novelty: ChEMBL similarity search (Gaulton 
et al., 2017). Aggregation: Aggregator Advisor (McGovern et al., 2003). Post-hoc property validation: 
RDKit 2025.9.5 (Landrum, 2016). 

2.6. Iterative Lead Optimization 

Six optimization cycles in two phases. Phase I (Cycles 1–4): structural alert reduction on the fully 
aromatic triphenylene scaffold. Phase II (Cycles 5–6): scaffold simplification via partial saturation—
an approach supported by the “Escape from Flatland” principle (Lovering et al., 2009; Ritchie & 
Macdonald, 2009). The piperidine-NH insertion was motivated by the role of basic secondary amines 
in bacterial membrane accumulation (Richter et al., 2017; Mugumbate & Overington, 2015) and by 
recent demonstrations that nitrogen atom insertion can fundamentally alter pharmacological profiles 
(Reisenbauer et al., 2022). Fluorine addition exploits enhanced metabolic stability and membrane 
permeation (Hagmann, 2008; Purser et al., 2008). 

2.7. Property-Space MIC Estimation 

Physicochemical properties of M6-12 were compared against 19 antibiotics with known MIC 
values. Normalized Euclidean distances and inverse-distance-weighted average MICs were 
computed from the five nearest neighbors. Richter compound accumulation rules were assessed 
(Richter et al., 2017). This provides order-of-magnitude estimates only. 

3. Results 

3.1. Model Performance and Screening 

The QS ensemble achieved mean AUC of 0.954. Of 218 screened compounds, 101 (46.3%) were 
Tier 1, with 91.1% containing nitroaromatic groups. Bioisosteric modification rescued 9/15 analogs 
(60%) as Tier 1 + PAINS-clean + low Ames (Supplementary Table S1). 

3.2. External Validation of the Initial Lead 

The diacetyl hexahydroxytriphenylene scored dual-high (P_QS = 0.849, P_Abx = 0.876). 
SwissADME confirmed zero Lipinski violations. SwissTargetPrediction returned P ≤0.10 for all 
human targets. ChEMBL: 0% similarity. Aggregator Advisor: non-aggregator (95%). The 
hexahydroxytriphenylene core is known in materials science—COFs and discotic liquid crystals 
(Feng et al., 2009; Wöhrle et al., 2016)—but its derivatives have not been characterized as 
antimicrobial agents. 

3.3. Iterative Lead Optimization (Table 1) 

Table 1. Summary of iterative lead optimization across six modification cycles, from hexahydroxytriphenylene 
parent to the final candidate M6-12, showing ML scores, physicochemical properties, and structural alert 
profiles. 

Compound Description P(QS) P(Abx) MW LogP HBD Lip. PAINS Brenk SA Issue 

Parent 6×OH 0.969 0.813 274 1.60 6 1 0 2 1.44 Catechol+HBD 

Lead 4×OAc 0.849 0.876 442 2.72 2 0 0 2 2.66 High TPSA 

Mod 4c CH₂NH₂+3OMe 0.990 0.234 329 2.41 3 0 0 1† 1.98 PAH+AMES+ 

Mod 5 NHMe+sat.ring 0.964 0.227 ~305 — — — — 0‡ — Low P_Abx 

M6-12 NHMe+F+pip.NH 0.928 0.792 340 0.48* 4 0 0 0 4.50 ✓ Final 

† Irreducible PAH. ‡ PAH eliminated. * RDKit Crippen LogP; SwissADME = 0.63. 
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Phase I (Cycles 1–4). Sequential resolution of catechol PAINS, aniline Brenk, and Lipinski HBD 
violations. Mod 4c reduced Brenk from 3 to 1—the irreducible PAH alert—but carried AMES-positive 
and CYP inhibition (CYP1A2, CYP2C19), likely driven by the fully aromatic polycyclic scaffold. 

Phase II (Cycles 5–6). Scaffold simplification: partial saturation of one aromatic ring (Mod 5) 
eliminated the PAH Brenk alert but P_Abx remained 0.227. Systematic screening of 24 single/dual-
atom variations identified two synergistic modifications: (a) NH insertion into the saturated ring 
(cyclohexane → piperidine; P_Abx 0.227 → 0.660); (b) fluorine addition ortho to benzylamine (P_Abx 
→ 0.792). The combination yielded M6-12. 

 

Figure 1. M6-12 generated via RDKit. C₁₇H₂₅FN₂O₄, MW = 340.3950. SMILES: 
CNCc1c(F)cc(OC)c2c(OC)c3C(O)CNCC3c(O)c12. Validated properties: LogP = 0.4847 (Crippen), TPSA = 82.98 
Å², HBD = 4, HBA = 6 (Lipinski), Fraction Csp3 = 0.6471, Rotatable bonds = 4. 

3.4. Comprehensive Profile of M6-12 

3.4.1. ML scoring 

P(QS) = 0.928 (RF=0.860, GBM=0.999, SVM=0.833, LR=1.000). P(Abx) = 0.792 (RF=0.714, 
GBM=0.990, SVM=0.600, LR=0.865). All 4 ABX models >0.5—unanimous consensus. Joint = 0.735 (3.2× 
over Mod 4c). 

3.4.2. SwissADME 

MW=340.39, LogP=0.63 (consensus), TPSA=82.98, HBD=4, HBA=7, RotBonds=4, Csp3=0.65. Zero 
violations (Lipinski/Ghose/Veber/Egan/Muegge). PAINS=0, Brenk=0, Leadlikeness=0. GI=High, 
BBB=No. CYP=0/5. ESOL=Very soluble (14.4 mg/mL). SA=4.50. 

3.4.3. RDKit Cross-Validation (Table 2) 

Independent validation using RDKit 2025.9.5 confirmed molecular properties. 

Table 2. Cross-platform concordance of M6-12 molecular properties across the custom descriptor calculator, 
SwissADME, and RDKit 2025.9.5. 

Property Custom Desc. SwissADME RDKit Concordance 

MW (Da) 340.4 340.39 340.3950 ✔ 

LogP — 0.63 (cons.) 0.4847 (Crippen) ≈¹ 

TPSA (Å²) — 82.98 82.98 ✔ 
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HBD 4 4 4 ✔ 

HBA 7 7 6² ≈² 

Fraction Csp3 0.65 0.65 0.6471 ✔ 

Rotatable bonds 4 4 4 ✔ 

¹ LogP discrepancy (0.48 vs. 0.63) reflects different algorithms (Crippen vs. consensus of 5 methods); both indicate a 
hydrophilic molecule (LogP < 1). ² HBA discrepancy: RDKit uses strict Lipinski counting (N+O atoms = 6); SwissADME 
uses a broader definition that may include fluorine as weak HBA (= 7). Both are methodologically valid. 

3.4.4. pkCSM ADMET 

Intestinal absorption: 69.6%. VDss: 1.352 (high). Fraction unbound: 0.687 (68.7%). BBB: non-
penetrant. CYP: 0/7 (non-inhibitor, non-substrate)—concordant with SwissADME. AMES: No (Mod 
4c was Yes). hERG I: No. hERG II: Yes (weak). Hepatotoxicity: Yes (see Discussion 4.3). Full table: 
Supplementary S4. 

3.4.5. ChEMBL 

0% similarity at 95% Tanimoto threshold. M6-12 is a novel chemical entity. 

3.5. Property-Space MIC Estimation 

Nearest neighbors: ampicillin (d=0.53), chloramphenicol (d=0.55), amoxicillin (d=0.64), 
trimethoprim (d=0.64). Weighted MIC estimates: S. aureus ≈ 1.5 µg/mL (range 0.5–5), E. coli ≈ 3.5 
µg/mL (range 1–11), P. aeruginosa ≈ 105 µg/mL (range 33–333). M6-12 satisfies 5/5 Richter rules 
(MW≤350, LogP≤2, amine, low globularity, amphiphilic). These carry ≥1 log unit uncertainty. Per the 
signaling-first hypothesis, M6-12 may show sub-MIC bioactivity (QS modulation, biofilm disruption) 
at 4–16× below the direct MIC (Supplementary S7). 

4. Discussion 

4.1. The “Signaling First, Killing Later” Paradigm 

The central conceptual contribution is the “signaling first, killing later” discovery paradigm. 
Conventional antibiotic screening selects for growth inhibition (the “killing first” approach), which 
enriches for membrane-active, DNA-damaging, or broadly cytotoxic compounds that frequently 
carry host toxicity and PAINS liabilities. By inverting this logic—first selecting for QS modulation, 
then filtering for antibiotic-like features—the present approach creates a biological pre-filter that 
enriches for molecules with genuine target affinity rather than nonspecific toxicity. This inversion is 
grounded in the well-established evolutionary hypothesis that many antibiotics originally evolved 
as signaling molecules in microbial ecosystems, with growth inhibition representing a secondary, 
concentration-dependent function (Davies & Davies, 2010; Linares et al., 2006; Sengupta et al., 2013). 
Preliminary in silico evidence further supports this premise, suggesting that bacterial signaling 
molecules occupy a drug-like pharmacokinetic space (Abegg, 2026). 

Two empirical precedents illustrate this dual-function logic. Tropodithietic acid (TDA), 
produced by the marine bacterium Phaeobacter inhibens, shapes global gene regulation at sub-
inhibitory concentrations while acting as a potent antibiotic at higher exposure—a molecule that is 
simultaneously a signal and a weapon depending on concentration (Beyersmann et al., 2017; 
Henriksen et al., 2022). Similarly, sub-inhibitory aminoglycosides induce biofilm formation in P. 
aeruginosa and E. coli through specific signaling pathways rather than generic stress (Hoffman et al., 
2005), demonstrating that established antibiotic classes modulate structured regulatory programs at 
low concentrations. These examples support the premise that the signaling–inhibition axis is not 
exceptional but rather a recurrent feature of bioactive small molecules. 
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The “signaling first” approach exploits this duality with at least four advantages: (a) QS 
modulators interact with specific bacterial receptors (LuxR-type, LasR, RhlR, AgrC), ensuring 
biological relevance; (b) molecules that modulate signaling are more likely to be drug-like (low 
toxicity, good selectivity) because they operate through specific protein-ligand interactions rather 
than brute-force membrane disruption; (c) the QS modulation itself may provide additional 
therapeutic value through anti-virulence and anti-biofilm effects, potentially reducing resistance 
selection pressure (Kalia, 2013); and (d) the evolutionary precedent—that many current antibiotics 
retain measurable signaling activity at sub-MIC—implies that the signaling-like and antibiotic-like 
chemical spaces are not disjoint but overlapping, making the intersection a rational target for 
enrichment. The M6-12 Joint Score of 0.735 (P_QS × P_Abx) quantifies this dual functionality: a 
molecule predicted to both modulate bacterial communication and occupy antibiotic-like chemical 
space. 

4.2. Comparison with Existing AI-Driven Antibiotic Discovery Approaches 

Several features distinguish this work from existing approaches. Stokes et al. (2020) trained 
directly on growth inhibition data from E. coli (>2000 compounds); Wong et al. (2024) used >39,000 
compounds with measured activity against Acinetobacter baumannii. These approaches require large 
experimental datasets because deep neural networks have high-dimensional parameter spaces that 
demand large sample sizes to converge reliably. By contrast, the present study operates with 
intentionally small training sets (150 and 93 compounds) using exclusively classical ML classifiers 
(RF, GBM, SVM, LR)—algorithms whose sample-size requirements are fundamentally lower than 
those of deep learning architectures. Random Forests and Gradient Boosting machines perform well 
with as few as 50–200 labeled examples when features are well-engineered and class weights are 
balanced (Fernández-Delgado et al., 2014), as is the case here. The high cross-validated AUCs (0.94–
0.96 for QS; 0.74–0.86 for ABX) across all four models, with low variance across folds, argue against 
overfitting despite the modest sample sizes. This demonstrates that meaningful chemical space 
navigation is achievable without deep learning or large-scale MIC data, provided that the training 
objective is carefully chosen. The QS-first approach effectively uses biological function (signaling 
modulation) as a selectivity filter before assessing drug-likeness, whereas conventional approaches 
assess drug-likeness (or activity) directly. To the authors’ knowledge, this signaling-first paradigm 
has not been reported in the AI-driven antibiotic discovery literature, which has primarily focused 
on MIC-first or growth-inhibition-first approaches (Liu et al., 2024; Cesaro et al., 2023). 

4.3. Contextualizing the pkCSM Hepatotoxicity Prediction 

The pkCSM hepatotoxicity prediction (“Yes”) constitutes the principal toxicological limitation 
of M6-12. This prediction warrants investigation but must be interpreted within the known 
limitations of computational hepatotoxicity models (Mulliner et al., 2016; Cavasotto & Scardino, 
2022). The pkCSM model is a binary classifier trained on DILI datasets that provides categorical 
output without probability or severity (Pires et al., 2015). Several factors attenuate clinical concern: 
M6-12 shows zero CYP inhibition across both platforms, reducing reactive metabolite risk—a 
primary DILI mechanism (Guengerich, 2011); the low lipophilicity (RDKit LogP = 0.48) reduces 
hepatocyte accumulation, since DILI correlates strongly with LogP > 3 (Chen et al., 2014); the high 
fraction unbound (0.687) limits tissue retention; and the AMES-negative status argues against 
genotoxic metabolites. For context, approved antibiotics including ciprofloxacin, amoxicillin, 
metronidazole, and isoniazid receive the same flag. However, this prediction prevents M6-12 from 
being considered toxicologically clean in silico, and in vitro hepatocyte viability assays (e.g., HepG2, 
HepaRG) may represent the highest-priority experimental validation. The hepatotoxicity risk may 
additionally be mitigated pharmacokinetically: parenteral administration avoids first-pass hepatic 
metabolism, and if M6-12 demonstrates high potency (low MIC), minimal effective doses would limit 
hepatic exposure (Suk et al., 2016). 
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4.4. Scaffold Simplification and the Piperidine Pharmacophore 

The Phase II scaffold simplification simultaneously resolved three irreducible liabilities (PAH 
Brenk, AMES, CYP inhibition) by increasing Fraction Csp3 from ~0.22 to 0.647—consistent with the 
“Escape from Flatland” principle (Lovering et al., 2009). The NH insertion into the saturated ring—
conceptually related to the nitrogen atom insertion strategy recently demonstrated for late-stage 
pharmaceutical diversification (Reisenbauer et al., 2022)—was the single most productive 
modification, boosting P_Abx from 0.227 to 0.660. The piperidine ring is the most prevalent N-
heterocycle in FDA-approved drugs (Vitaku et al., 2014). Its secondary amine provides a protonatable 
nitrogen at physiological pH (estimated pKa ~8.5), facilitating pH-dependent bacterial accumulation 
analogous to fluoroquinolones. M6-12 contains two protonatable amines (benzylamine NHMe and 
piperidine NH), satisfying the Richter requirement for Gram-negative penetration (Richter et al., 
2017). 

4.5. Why M6-12 Passes Both ML Models: A Structural Analysis 

The simultaneous high performance of M6-12 in both the QS and ABX models (Joint = 0.735) 
merits structural interpretation. The QS model likely recognizes: (a) the phenolic hydroxyl groups 
(present in many natural QS modulators including flavonoids); (b) the methoxy-substituted aromatic 
system (resembling furanone and AHL pharmacophores); and (c) the partially saturated ring system 
(shared with several QS inhibitors in the training set). The ABX model likely recognizes: (a) the 
piperidine nitrogen (present in numerous antibiotics including fluoroquinolones, macrolides, and 
lincosamides); (b) the fluorine atom (present in fluoroquinolones, the most prescribed antibiotic 
class); (c) the molecular weight (~340 Da) and LogP (<1) falling squarely within the antibiotic 
physicochemical space defined by O’Shea & Moser (2008); and (d) the amphoteric character (basic 
amines + phenolic OHs), which is characteristic of many antibiotics. 

Thus, M6-12 occupies a unique intersection of two typically non-overlapping chemical spaces: 
QS modulator-like features (phenolics, methoxy-aromatics) and antibiotic-like features (piperidine, 
fluorine, low MW/LogP). The scaffold simplification was key: it preserved the QS-relevant 
aromatic/phenolic motifs while introducing the antibiotic-relevant piperidine and fluorine 
pharmacophores. 

4.6. Cross-Platform Concordance 

The RDKit validation (Table 2) shows excellent concordance for discrete properties (MW, HBD, 
Csp3, rotatable bonds) and expected variance for algorithm-dependent properties (LogP: 0.48 vs. 
0.63; HBA: 6 vs. 7). The LogP discrepancy reflects Crippen’s atom-type additive method (RDKit) 
versus a consensus of five algorithms (SwissADME); both indicate a hydrophilic molecule. The HBA 
discrepancy reflects different counting rules: RDKit uses strict Lipinski counting (N+O atoms = 6), 
while SwissADME may include fluorine as a weak hydrogen-bond acceptor (= 7). These inter-
platform variations reinforce that in silico predictions are probabilistic estimates; quantitative 
concordance across platforms strengthens confidence in qualitative conclusions. 

4.7. Interpretive Limitations of the Antibiotic-Likeness Model 

The orthogonal ABX model learns a chemical space signature, not biological activity. A high 
P(Abx) indicates structural similarity to the antibiotic training set—a meaningful result given the 
well-established relationship between physicochemical properties and antibacterial activity (O’Shea 
& Moser, 2008)—but should not be interpreted as probability of being an active antibiotic. 
Experimental MIC determination seems to be the only path to confirm activity. 

5. Limitations 

(1) AI-assisted methodology; all ML models use fixed random seeds (random_state=42) ensuring 
deterministic reproducibility, but outputs depend on the specific training sets and descriptor 
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implementations used. (2) The custom descriptor calculator constitutes the principal technical 
limitation: it has not been systematically benchmarked against RDKit or CDK across the full training 
set; post-hoc RDKit validation of M6-12 confirmed concordant properties (Table 2), but this single-
compound concordance does not validate the feature extractor globally. (3) Small training sets (150 
and 93 compounds); although these sizes are adequate for the classical ML classifiers employed (RF, 
GBM, SVM, LR) with balanced class weights and stratified cross-validation, they would be 
insufficient for deep learning architectures. Overfitting risk is mitigated but not eliminated. (4) ABX 
model learns chemical space similarity, not biological activity. (5) Single ZINC15 tranche (218 
compounds). (6) pkCSM hepatotoxicity = principal toxicological limitation. (7) hERG II weak 
inhibitor flag. (8) P-gp substrate. (9) SA=4.50 (moderate complexity). (10) MIC estimates carry ≥1 log 
unit uncertainty. (11) No experimental validation performed. 

6. Conclusions 

This proof of concept demonstrates a “signaling first, killing later” paradigm for AI-assisted 
antibiotic discovery: (1) ML ensembles discriminate QS modulators from inactive compounds (AUC 
= 0.954); (2) bioisosteric modification preserves 90–102% of QS activity while eliminating 
toxicophores; (3) six optimization cycles produced M6-12 with zero PAINS, zero Brenk, zero CYP, 
AMES-negative, and dual-high convergence (P_QS = 0.928, P_Abx = 0.792, 4/4 ABX >0.5); (4) scaffold 
simplification simultaneously resolved PAH, AMES, and CYP liabilities; (5) RDKit confirmed 
molecular properties; (6) ChEMBL 0% similarity confirms novelty; (7) 5/5 Richter rule compliance 
supports Gram-negative potential; (8) a single hepatotoxicity flag requires in vitro resolution; (9) the 
signaling-first paradigm may offer advantages over MIC-first approaches by enriching for 
biologically relevant chemical space with reduced host toxicity. The optimized lead SMILES 
(CNCc1c(F)cc(OC)c2c(OC)c3C(O)CNCC3c(O)c12) is presented for wet-lab validation. 
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Abbreviations 

ADMET, Absorption/distribution/metabolism/excretion/toxicity; AHL, Acyl-homoserine lactone; AI, Artificial 
intelligence; AMR, Antimicrobial resistance; AUC, Area under the curve; BBB, Blood-brain barrier; CDK, 
Chemistry Development Kit; CEBB, ZINC15 tranche code; CNS, Central nervous system; COF, Covalent Organic 
Framework; CYP450, Cytochrome P450; DILI, Drug-induced liver injury; FDA, U.S. Food and Drug 
Administration; GBM, Gradient Boosting Machine; GI, Gastrointestinal; HBA, H-bond acceptors; HBD, H-bond 
donors; hERG, Human Ether-à-go-go-Related Gene; LogP, Octanol-water partition coefficient; LR, Logistic 
Regression; MIC, Minimum inhibitory concentration; ML, Machine learning; MW, Molecular weight; NCE, New 
Chemical Entity; PAH, Polycyclic aromatic hydrocarbon; PAINS, Pan-assay interference compounds; P-gp, P-
glycoprotein; PQS, Pseudomonas quinolone signal; QS, Quorum sensing; RF, Random Forest; SA, Synthetic 
Accessibility; SMILES, Simplified Molecular Input Line Entry System; SVM, Support Vector Machine; TDA, 
Tropodithietic acid; TPSA, Topological polar surface area; VDss, Volume of distribution at steady state. 

Appendix A. ML Pipeline Code 

Complete executable Python code for the ML pipeline used in this study. This code implements 
the custom SMILES descriptor calculator (170+ features), four-model ensemble training with 
stratified cross-validation, and consensus prediction functions. Executed in Python 3.12 with scikit-
learn 1.6, NumPy, and standard libraries. 

#!/usr/bin/env python3 

""" 

ML Pipeline for “Signaling First, Killing Later” Antibiotic Discovery Author: Maxwel Adriano Abegg 

Environment: Python 3.12, scikit-learn 1.6, NumPy """ 

  

import re 

import hashlib 

import numpy as np 

from sklearn.ensemble import RandomForestClassifier, GradientBoostingClassifier  

from sklearn.svm import SVC  

from sklearn.linear_model import LogisticRegression  

from sklearn.model_selection import StratifiedKFold, cross_val_score  

from sklearn.preprocessing import StandardScaler  

from sklearn.pipeline import Pipeline  

  

# ================================================================ 

# SECTION A.1: CUSTOM SMILES DESCRIPTOR CALCULATOR (170+ features)  

# ================================================================ 

  

# A.1a. Functional Group Patterns (~40 features) FUNCTIONAL_GROUP_PATTERNS = { 'hydroxyl': 

r'[^O]O[^C=]|\(O\)', 'methoxy': r'OC[^(=)]', 'amine_primary': r'[^C]N[^(C+)]', 'amine_secondary': 

r'CN[^(C+)]', 'amine_tertiary': r'CN\(C\)C', 'carboxyl': r'C\(=O\)O[^C]', 'nitro': 

r'\[N\+\]\(=O\)\[O-\]', 'nitrile': r'C#N', 'fluorine': r'F', 'chlorine': r'Cl', 'bromine': r'Br', 

'iodine': r'I', 'ester': r'C\(=O\)OC', 'amide': r'C\(=O\)N', 'sulfonamide': r'S\(=O\)\(=O\)N', 

'sulfone': r'S\(=O\)\(=O\)[^N]', 'sulfoxide': r'S\(=O\)[^(=O)]', 'ketone': r'CC\(=O\)C', 

'aldehyde': r'C\(=O\)[^CNOS]', 'thiol': r'[^=]S[^(=)]', 'ether': r'COC', 'phenol': r'c.*O[^C=]', 

'aniline': r'c.*N[^(=)]', 'phosphate': r'P\(=O\)', 'lactam': r'C1.*C\(=O\)N.*1', 'lactone': 
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r'C1.*C\(=O\)O.*1', 'urea': r'NC\(=O\)N', 'carbamate': r'OC\(=O\)N', 'guanidine': r'NC\(=N\)N', 

'imide': r'C\(=O\)NC\(=O\)', 'hydrazine': r'NN', 'azo': r'N=N', 'isocyanate': r'N=C=O', 'azide': 

r'\[N-\]=\[N\+\]=N', 'epoxide': r'C1OC1', 'peroxide': r'OO', 'acyl_chloride': r'C\(=O\)Cl', 

'anhydride': r'C\(=O\)OC\(=O\)', 'enol': r'C=CO', 'vinyl': r'C=C[^=]', } # A.1e. QS-Relevant 

Pharmacophore Motifs (~15 features) QS_MOTIF_PATTERNS = { 'lactone_ring': r'C1.*C\(=O\)O.*1', 

'furanone': r'c1cc\(=O\)o1', 'phenolic_OH': r'c.*O[^C]', 'ahl_chain': r'CC\(=O\)N.*CCCC', 

'ahl_short': r'CC\(=O\)N.*CC', 'quinolone_like': r'c1.*C\(=O\).*c.*N.*1', 'thiolactone': 

r'C1.*C\(=O\)S.*1', 'indole': r'c1ccc2\[nH\]ccc2c1', 'catechol': r'c1cc\(O\)c\(O\)cc1', 

'diketopiperazine': r'C1NC\(=O\)CNC1=O', 'hydroxamic_acid': r'C\(=O\)NO', 'butyrolactone': 

r'C1CCC\(=O\)O1', 'homoserine_like': r'OC.*C\(=O\)N', 'fimbrolide_like': r'C=C1OC\(=O\)', 

'pqs_like': r'c1.*\[nH\].*c\(=O\).*1', } # Atomic weights for MW calculation ATOMIC_WEIGHTS = { 'C': 

12.011, 'N': 14.007, 'O': 15.999, 'H': 1.008, 'F': 18.998, 'Cl': 35.453, 'Br': 79.904, 'S': 32.065, 

'P': 30.974, 'I': 126.904, 'Na': 22.990, 'K': 39.098, 'Si': 28.086, } # Wildman-Crippen LogP fragment 

contributions (simplified) CRIPPEN_FRAGMENTS = { 'C_aromatic': 0.1441, 'C_aliphatic': 0.1441, 

'N_amine': -0.7567, 'N_aromatic': -0.3239, 'O_hydroxyl': -0.3567, 'O_ether': -0.2893, 'F': 0.4118, 

'Cl': 0.6895, 'Br': 0.8813, 'S': 0.6237, 'H_polar': -0.2677, 'H_nonpolar': 0.1230, } # TPSA fragment 

contributions (Ertl et al., 2000) TPSA_FRAGMENTS = { 'OH': 20.23, 'NH': 26.02, 'NH2': 26.02, 

'O_ether': 9.23, 'O_carbonyl': 17.07, 'N_amine': 26.02, 'N_aromatic': 12.89, 'N_amide': 25.46, 

'S_thiol': 25.30, 'P_phosphate': 34.14, }  

  

def parse_atoms_from_smiles(smiles): """ 

Parse SMILES string to extract atom list with indices.""" 

 atoms = [] i = 0 while i < len(smiles): if smiles[i] == '[': j = smiles.index(']', i) 

atoms.append(smiles[i:j+1]) i = j + 1 elif smiles[i].isalpha(): if i + 1 < len(smiles) and 

smiles[i+1].islower() and smiles[i+1] != 'c': atoms.append(smiles[i:i+2]) i += 2 else: 

atoms.append(smiles[i]) i += 1 else: i += 1 return atoms  

  

def count_atoms(smiles): """ 

Count heavy atoms from SMILES string.""" 

 counts = {'C': 0, 'N': 0, 'O': 0, 'F': 0, 'S': 0, 'Cl': 0, 'Br': 0, 'P': 0, 'I': 0, 'Si': 0} atoms 

= parse_atoms_from_smiles(smiles) for atom in atoms: clean = atom.strip('[]+-0123456789@Hh') upper 

= clean.upper() if upper in counts: counts[upper] += 1 elif clean.lower() in ['c', 'n', 'o', 's']: 

counts[clean.upper()] += 1 return counts  

  

def estimate_hydrogens(atom_counts, smiles): """ 

Estimate hydrogen count using valence rules.""" 

 c, n, o, f, s, cl, br = (atom_counts.get(x, 0) for x in ['C', 'N', 'O', 'F', 'S', 'Cl', 'Br']) 

double_bonds = smiles.count('=') triple_bonds = smiles.count('#') ring_closures = 

len(set(re.findall(r'(?<!%)([1-9])', smiles))) h = (2 * c + 2) + n - f - cl - br - (2 * double_bonds) 

- (4 * triple_bonds) - (2 * ring_closures) return max(0, h)  

  

def estimate_mw(atom_counts, h_count): """ 

Estimate molecular weight from atom counts.""" 

 mw = sum(atom_counts.get(a, 0) * ATOMIC_WEIGHTS.get(a, 0) for a in atom_counts) mw += h_count * 
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ATOMIC_WEIGHTS['H'] return mw  

  

def estimate_logp(atom_counts, smiles, h_count): """ 

Estimate LogP via simplified Wildman-Crippen fragments.""" 

 logp = 0.0 aromatic_c = sum(1 for ch in smiles if ch == 'c') aliphatic_c = atom_counts.get('C', 0) 

- aromatic_c logp += aromatic_c * CRIPPEN_FRAGMENTS['C_aromatic'] logp += aliphatic_c * 

CRIPPEN_FRAGMENTS['C_aliphatic'] logp += atom_counts.get('N', 0) * CRIPPEN_FRAGMENTS['N_amine'] logp 

+= atom_counts.get('O', 0) * CRIPPEN_FRAGMENTS['O_hydroxyl'] logp += atom_counts.get('F', 0) * 

CRIPPEN_FRAGMENTS['F'] logp += atom_counts.get('Cl', 0) * CRIPPEN_FRAGMENTS['Cl'] logp += 

atom_counts.get('Br', 0) * CRIPPEN_FRAGMENTS['Br'] logp += atom_counts.get('S', 0) * 

CRIPPEN_FRAGMENTS['S'] polar_h = (len(re.findall(r'O[^=]', smiles)) + len(re.findall(r'N[^=]', 

smiles))) nonpolar_h = max(0, h_count - polar_h) logp += polar_h * CRIPPEN_FRAGMENTS['H_polar'] logp 

+= nonpolar_h * CRIPPEN_FRAGMENTS['H_nonpolar'] return logp  

  

def estimate_tpsa(smiles): """ 

Estimate TPSA from fragment contributions.""" 

 tpsa = 0.0 tpsa += len(re.findall(r'[^O]O[^C=]|\(O\)', smiles)) * TPSA_FRAGMENTS['OH'] tpsa += 

len(re.findall(r'[^C]N[^(C+)]', smiles)) * TPSA_FRAGMENTS['NH2'] tpsa += 

len(re.findall(r'CN[^(C+)]', smiles)) * TPSA_FRAGMENTS['NH'] tpsa += len(re.findall(r'COC', smiles)) 

* TPSA_FRAGMENTS['O_ether'] tpsa += len(re.findall(r'C\(=O\)', smiles)) * 

TPSA_FRAGMENTS['O_carbonyl'] tpsa += len(re.findall(r'S[^(=)]', smiles)) * 

TPSA_FRAGMENTS.get('S_thiol', 0) return tpsa  

  

def count_hbd(smiles): """ 

Count hydrogen bond donors (OH + NH groups).""" 

 oh = len(re.findall(r'[^O]O[^C=]|\(O\)', smiles)) nh = len(re.findall(r'N[^(=)]', smiles)) return 

oh + nh  

  

def count_hba(smiles): """ 

Count hydrogen bond acceptors (N + O atoms).""" 

 atoms = count_atoms(smiles) return atoms.get('N', 0) + atoms.get('O', 0)  

  

def count_rotatable_bonds(smiles): """ 

Estimate rotatable bonds from SMILES.""" 

 clean = re.sub(r'\[.*?\]', 'X', smiles) clean = re.sub(r'[0-9]', '', clean) singles = clean.count('-

') + len(re.findall(r'[A-Za-z][A-Za-z]', clean)) ring_bonds = len(set(re.findall(r'(?<!%)([1-9])', 

smiles))) double_bonds = smiles.count('=') triple_bonds = smiles.count('#') return max(0, singles 

- ring_bonds - double_bonds - triple_bonds)  

  

def compute_ring_features(smiles): """ 

Compute ring-related features.""" 

 features = [] ring_digits = set(re.findall(r'(?<!%)([1-9])', smiles)) total_rings = 

len(ring_digits) features.append(total_rings) aromatic_atoms = sum(1 for c in smiles if c.islower() 

and c.isalpha() and c not in 'lrn') features.append(min(aromatic_atoms // 4, total_rings)) # est. 
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aromatic rings features.append(max(0, total_rings - features[-1])) # aliphatic rings hetero_in_ring 

= sum(1 for c in smiles if c in 'nos') features.append(hetero_in_ring) has_fused = 1 if total_rings 

> 1 and any( smiles.count(str(d)) > 2 for d in range(1, 10)) else 0 features.append(has_fused) 

ring_sizes = [] for d in ring_digits: positions = [i for i, c in enumerate(smiles) if c == d] if 

len(positions) >= 2: ring_sizes.append(positions[-1] - positions [0]) 

features.append(min(ring_sizes) if ring_sizes else 0) features.append(max(ring_sizes) if ring_sizes 

else 0) features.append(np.mean(ring_sizes) if ring_sizes else 0) features.append(len(ring_sizes)) 

features.append(1 if any(s <= 5 for s in ring_sizes) else 0) features.append(1 if any(s >= 8 for s 

in ring_sizes) else 0) features.append(1 if any(s == 6 for s in ring_sizes) else 0) return features 

# 12 features  

  

def compute_morgan_hash(smiles, nbits=128, radius=2): """ 

Compute Morgan-like hash fingerprint from SMILES.""" 

 bits = [0] * nbits atoms = parse_atoms_from_smiles(smiles) for i, atom in enumerate(atoms): for r 

in range(radius + 1): start = max(0, i - r) end = min(len(atoms), i + r + 1) env = 

''.join(atoms[start:end]) hash_val = int(hashlib.md5(env.encode()).hexdigest(), 16) % nbits 

bits[hash_val] = 1 return bits  

  

def compute_descriptors(smiles): """ 

  

 Compute 170+ molecular descriptors from a SMILES string. Returns a numpy array of features. """ 

  

 features = [] # A.1a. Functional Group Counts (~40 features) for name, pattern in 

FUNCTIONAL_GROUP_PATTERNS.items(): try: features.append(len(re.findall(pattern, smiles))) except 

re.error: features.append(0) # A.1b. Ring Analysis (~12 features) ring_feats = 

compute_ring_features(smiles) features.extend(ring_feats) # A.1c. Atom Counts (~15 features) 

atom_counts = count_atoms(smiles) for elem in ['C', 'N', 'O', 'F', 'S', 'Cl', 'Br', 'P', 'I']: 

features.append(atom_counts.get(elem, 0)) heavy = sum(atom_counts.values()) features.append(heavy) 

h_count = estimate_hydrogens(atom_counts, smiles) features.append(h_count) features.append(heavy + 

h_count) # total atoms features.append(atom_counts.get('C', 0) / max(heavy, 1)) # carbon fraction 

features.append(atom_counts.get('N', 0) / max(heavy, 1)) # nitrogen fraction 

features.append(atom_counts.get('O', 0) / max(heavy, 1)) # oxygen fraction # A.1d. Topological 

Features (~10 features) mw = estimate_mw(atom_counts, h_count) logp = estimate_logp(atom_counts, 

smiles, h_count) tpsa = estimate_tpsa(smiles) hbd = count_hbd(smiles) hba = count_hba(smiles) 

rotbonds = count_rotatable_bonds(smiles) features.extend([mw, logp, tpsa, hbd, hba, rotbonds]) 

features.append(mw / max(heavy, 1)) # MW per heavy atom features.append(hbd + hba) # total H-bond 

capacity aromatic_c = sum(1 for c in smiles if c == 'c') sp3_c = max(0, atom_counts.get('C', 0) - 

aromatic_c) fsp3 = sp3_c / max(atom_counts.get('C', 0), 1) features.append(fsp3) # Fraction Csp3 

features.append(len(smiles)) # SMILES string length # A.1e. QS-Relevant Pharmacophore Motifs (~15 

features) for name, pattern in QS_MOTIF_PATTERNS.items(): try: features.append(1 if 

re.search(pattern, smiles) else 0) except re.error: features.append(0) # A.1f. Morgan-like Hash 

Features (128 features) morgan_bits = compute_morgan_hash(smiles, nbits=128, radius=2) 

features.extend(morgan_bits) return np.array(features, dtype=np.float64)  
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# ================================================================ 

# SECTION A.2: TRAINING AND ENSEMBLE  

# ================================================================ 

  

def build_ensemble(): """ 

Build four-model ensemble with balanced class weights.""" 

 models = { 'RF-500': RandomForestClassifier( n_estimators=500, class_weight='balanced', 

random_state=42, n_jobs=-1 ), 'GBM-200': GradientBoostingClassifier( n_estimators=200, max_depth=4, 

learning_rate=0.05, random_state=42 ), 'SVM-RBF': Pipeline([ ('scaler', StandardScaler()), ('svm', 

SVC( kernel='rbf', class_weight='balanced', probability=True, random_state=42 )) ]), 'LogReg': 

Pipeline([ ('scaler', StandardScaler()), ('lr', LogisticRegression( class_weight='balanced', 

max_iter=1000, random_state=42 )) ]), } return models  

  

def cross_validate_ensemble(models, X, y, n_splits=5): """ 

Run stratified cross-validation for each model.""" 

 cv = StratifiedKFold(n_splits=n_splits, shuffle=True, random_state=42) results = {} for name, model 

in models.items(): scores = cross_val_score(model, X, y, cv=cv, scoring='roc_auc') results[name] = 

{'mean': scores.mean(), 'std': scores.std(), 'folds': scores} print(f"{name}: AUC = 

{scores.mean():.3f} +/- {scores.std():.3f}") return results  

  

def train_ensemble(models, X, y): """ 

Train all models on the full training set.""" 

 trained = {} for name, model in models.items(): model.fit(X, y) trained[name] = model return trained  

  

def predict_consensus(trained_models, X): """ 

  

 Consensus prediction: arithmetic mean of individual probabilities. Returns per-sample consensus 

P(positive class). """ 

  

 probs = [] for name, model in trained_models.items(): probs.append(model.predict_proba(X)[:, 1]) 

return np.mean(probs, axis=0)  

  

def predict_individual(trained_models, X): """ 

Return dict of individual model predictions.""" 

 return {name: model.predict_proba(X)[:, 1] for name, model in trained_models.items()}  

  

# ================================================================ 

# SECTION A.3: SCREENING AND TRIAGE  

# ================================================================ 

  

def screen_compounds(smiles_list, trained_qs_models, trained_abx_models, qs_threshold=0.5, 

abx_threshold=0.5): """ 

  

 Screen a list of SMILES against both QS and ABX ensembles. Returns tiered results with individual 
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and consensus scores. """ 

  

 results = [] for smi in smiles_list: desc = compute_descriptors(smi).reshape(1, -1) p_qs = 

predict_consensus(trained_qs_models, desc)[0] p_abx = predict_consensus(trained_abx_models, 

desc)[0] joint = p_qs * p_abx qs_indiv = predict_individual(trained_qs_models, desc) abx_indiv = 

predict_individual(trained_abx_models, desc) abx_over_05 = sum(1 for v in abx_indiv.values() if v 

[0] > 0.5) tier = 1 if p_qs >= qs_threshold else 2 results.append({ 'smiles': smi, 'P_QS': round(p_qs, 

4), 'P_Abx': round(p_abx, 4), 'Joint': round(joint, 4), 'ABX_over_05': f"{abx_over_05}/4", 'Tier': 

tier, 'QS_individual': {k: round(v [0], 4) for k, v in qs_indiv.items()}, 'ABX_individual': {k: 

round(v [0], 4) for k, v in abx_indiv.items()}, }) return sorted(results, key=lambda x: -x['Joint'])  

  

# ================================================================ 

# SECTION A.4: EXAMPLE USAGE # ================================================================ if 

__name__ == '__main__': # --- Example: QS training set structure --- # qs_positives: 87 known QS 

modulators (AHL analogs, furanone inhibitors, # phenolic modulators, PQS quinolone analogs, dietary 

polyphenols) # qs_negatives: 63 non-QS compounds (aliphatics, cardiovascular/CNS drugs, # amino 

acids, vitamins, herbicides) # X_qs = np.array([compute_descriptors(smi) for smi in all_qs_smiles]) 

# y_qs = np.array([1]*87 + [0]*63) # --- Example: ABX training set structure --- # abx_positives: 

44 marketed antibiotics (14+ structural classes) # abx_negatives: 49 non-antibiotic drugs # X_abx 

= np.array([compute_descriptors(smi) for smi in all_abx_smiles]) # y_abx = np.array([1]*44 + [0]*49) 

# --- Build and validate --- # qs_models = build_ensemble() # qs_cv = 

cross_validate_ensemble(qs_models, X_qs, y_qs) # trained_qs = train_ensemble(qs_models, X_qs, y_qs) 

# abx_models = build_ensemble() # abx_cv = cross_validate_ensemble(abx_models, X_abx, y_abx) # 

trained_abx = train_ensemble(abx_models, X_abx, y_abx) # --- Screen M6-12 --- m6_12 = 

'CNCc1c(F)cc(OC)c2c(OC)c3C(O)CNCC3c(O)c12' # results = screen_compounds([m6_12], trained_qs, 

trained_abx) # print(results) # --- Validate descriptor computation --- desc = 

compute_descriptors(m6_12) print(f"M6-12 descriptor vector: {len(desc)} features") print(f"Feature 

vector computed successfully.") 
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