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Abstract
The escalating threat of antibacterial resistance demands innovative ap-
proaches for the discovery of novel antibiotics. Identifying hit and lead com-
pounds with unique scaffolds during the early phases of drug development
remains a significant challenge. Although various generative models have
been proposed to create drug‐like molecules, their capacity to design wet‐lab‐
validated target‐specific compounds with novel scaffolds has been scarcely
validated. Herein, we propose TargetGen‐recurrent neural network (RNN), a
state‐of‐the‐art deep generative learning model designed to explore chemical
space and generate novel tailor‐made virtual compound libraries for specific
biological targets. By leveraging a combination of transfer learning,
temperature‐modulated sampling, and stringent chemical validation,
TargetGen‐RNN was trained on 5.7 million drug‐like compounds from the
ZINC database and fine‐tuned with 82 known Staphylococcus aureus DHFR
inhibitors, yielding 28,708 structurally diverse and chemically viable novel,
tailor‐made molecules. Virtual screening, including QSAR analysis, pharma-
cophore mapping, molecular docking, molecular dynamic simulations, and
multi‐criteria decision analysis against the generated tailor‐made compound
library, led to the discovery of a potent antibiotic compound (SAK‐2970) with a
novel scaffold with high predicted antibiotic activity, binding affinity, and
favorable ADMET profiles. SAK‐2970 demonstrated remarkable in vitro
bactericidal activity against S. aureus, strong biofilm inhibition and eradica-
tion capabilities, and exceptional efficacy against ciprofloxacin resistant S.
aureus. In a mouse model of drug‐resistant bacteremia, SAK‐2970 significantly
reduced bacterial load and improved survival rates with minimal systemic
toxicity, underscoring its biocompatibility and therapeutic potential. These
findings validate SAK‐2970 as a promising candidate for developing antibiotic
treatments targeting resistant bacterial infections and highlight TargetGen‐
RNN's powerful capability to generate hit compounds with novel scaffolds,
advancing the frontier of antibiotic discovery.
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1 | INTRODUCTION

Antimicrobial resistance (AMR) poses an escalating threat
to global health, with Staphylococcus aureus, particularly
methicillin‐resistant strains (MRSA), being at the fore-
front of this crisis. This versatile pathogen is responsible
for a spectrum of diseases ranging from minor skin in-
fections to life‐threatening systemic conditions such as
sepsis, endocarditis, and osteomyelitis.1–6 Its remarkable
adaptability and ability to acquire and disseminate resis-
tance determinants have rendered it a formidable adver-
sary in clinical settings.7 The World Health Organization
warns that if current trends persist, AMR could cause up
to 10 million deaths annually by 2050, underscoring the
urgent need for novel therapeutic strategies.8 Historically,
the treatment of S. aureus infections has relied on antibi-
otics, such as beta‐lactams, glycopeptides (e.g., vancomy-
cin), and lipopeptides4–6 (e.g., daptomycin). However, the
emergence of MRSA and vancomycin‐intermediate/
resistant S. aureus (VISA/VRSA) strains has significantly
compromised their efficacy.9,10 Compounding this chal-
lenge, S. aureus's ability to form biofilms and engage in
horizontal gene transfer exacerbates treatment difficulties,
leading to increased morbidity, mortality, and healthcare
costs.11,12 The diminishing effectiveness of existing anti-
biotics highlights the imperative for new agents with novel
mechanisms of action capable of circumventing tradi-
tional resistance pathways.13

Traditional antibiotic discovery methods, including
high‐throughput screening (HTS), structure‐based drug
design (SBDD), and fragment‐based drug discovery
(FBDD), have been instrumental but come with signifi-
cant limitations.14–16 HTS often yields low hit rates and
demands substantial financial and time investments.
Although SBDD and FBDD offer more focused ap-
proaches, they are constrained by the complexities of
accurately modeling protein‐ligand interactions in dy-
namic biological environments. Additionally, natural
product screening faces challenges, such as the frequent
rediscovery of known compounds and the synthetic
complexity of natural products.17 These obstacles neces-
sitate the development of advanced methodologies to
accelerate the discovery of effective antibiotics, particu-
larly against multidrug‐resistant (MDR) pathogens such
as MRSA.

Recent advancements in generative deep learning
(GDL) have revolutionized de novo molecular design

by enabling the creation of novel compounds throughdata‐
driven approaches that bypass the traditional limita-
tions.18,19 Deep neural networks functioning as generative
models eliminate the need for explicit design rules, thereby
overcoming the challenges inherent in conventional
techniques.20 Various architectures have been explored,
including variational autoencoders (VAEs),21 generative
adversarial networks (GANs),22 graph convolutional net-
works (GCNs),23 transformers,24 and recurrent neural
networks (RNNs),25 which have demonstrated exceptional
efficacy. By leveraging sequential molecular representa-
tions, such as SMILES strings, RNN‐based models capture
complex chemical syntax and semantics, facilitating the
generation of valid and diverse molecular structures.
However, many RNN‐based GDL models are goal‐
directed, optimizing molecules to satisfy predefined
objective functions.26 This focus can lead to compounds
that, despite scoring highly on computationalmetrics,may
lack practical applicability owing to unrealistic physico-
chemical properties or synthetic infeasibility.27,28

Furthermore, these models often lack experimental vali-
dation19 and tend to generate molecules that are structur-
ally similar to known active compounds, limiting the
exploration of novel chemical spaces. Although condi-
tional RNNs (cRNNs) enhance scaffold diversity through
latent‐space interpolation, they often lack precise target‐
specific optimization, restricting their ability to generate
molecules that are closely aligned with specific biological
targets.29 The validation processes for these models pri-
marily assess scaffold diversity, leaving room for
improvement in ensuring the biological relevance of the
generated compounds.

To surmount these limitations, we propose TargetGen‐
RNN, a GDL model based on a distribution‐learning RNN
that eliminates the need for explicit goal functions.
TargetGen‐RNN generates novel molecules by learning
the chemical distribution of both large‐source data and
specific target data of active compounds. Our model le-
verages transfer learning,30 early stopping, dropout regu-
larization, optimized hyperparameters, and temperature‐
scaled sampling to effectively mitigate overfitting (a crit-
ical consideration given the limited size of fine‐tuned data)
and enhance the diversity and novelty of the generated
compounds. We also integrated a comprehensive valida-
tion process utilizing RDKit for chemical plausibility and
Tanimoto similarity to assess novelty and uniqueness,
confirming that the generated molecules were valid and
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distinct from existing compounds. This integrative
approach of transfer learning, controlled generative pro-
cesses, and stringent validation empowers TargetGen‐
RNN to transcend prior constraints, there by providing a
potent tool for generating novel, biologically relevant
molecules while preserving the chemical diversity. We
then applied TargetGen‐RNN and de novo discovered
antibacterial scaffolds targeting drug‐resistant S. aureus,
yielding SAK‐2970, a novel molecule validated through
HTVS, in vitro, and in murine bacteremia models. The
success of TargetGen‐RNN in generating structurally
novel molecules with optimal pharmacokinetic profiles
underscores its potential to overcome the limitations of
traditional antibiotic discovery methods.

2 | MATERIALS AND METHODS

2.1 | Dataset preparation, TargetGen‐
RNN implementation, and de novo
molecule generation

A total of 5.7 million drug‐like compounds were
retrieved from the ZINC database,31 filtered by molecular
weight (300–425 Da) and logP (2–3.5), and pre‐processed
using RDKit. Additionally, 82 known S. aureus DHFR
inhibitors were collected from BindingDB.32 DHFR was
selected as the fine‐tuning target owing to the enzyme's
central role in S. aureus folate metabolism, involvement
in trimethoprim resistance, and the availability of in-
hibitors with experimentally validated Ki values.32–34

After standardization and deduplication, 5.6 million
molecules were retained as the source data and 82 as the
target data. TargetGen‐RNN was implemented and
trained to learn the structural features of the source
data in the SMILES format. The model architecture
comprised an embedding layer, an long short‐term
memory (LSTM) layer with 128 hidden units, and an
output layer. The training was performed using the
Adam optimizer for 30 epochs with early stopping.
Fine‐tuning was subsequently conducted on the target
data to guide the generation of DHFR‐specific inhibitors.
The fine‐tuned model generated novel SMILES. Chemi-
cal validity and uniqueness were ensured using the
RDKit. The compounds were filtered based on scaffold
novelty, drug‐likeness (Lipinski, Veber, and Ghose
rules), and physicochemical properties.35–37 A final set of
6672 compounds underwent further computational
screening (see Supplementary Sections S1.1–S1.5 for full
details).

2.2 | QSAR and pharmacophore
screening

AQSARmodelwas built usingAutoQSAR (Schrödinger)38

with the target dataset to predict the antibacterial activity.
Ligand‐based and e‐pharmacophore hypotheses were
generated using PHASE, andhitswere prioritized based on
fitness andPhaseScreenScore (see Supplementary Sections
S1.6 and S1.7 for details).

2.3 | Molecular docking, MM‐GBSA, and
molecular dynamics simulations

Top‐ranking compounds were docked into the DHFR
active site (PDB ID: 4LAE)39 using the Glide XP.40,41

Following docking, 36 hits were further evaluated using a
Multi‐Criteria Decision Analysis (MCDA) framework.
The binding energies were estimated using MM‐GBSA
with the Prime module.42 Desmond (Schrödinger) was
used to perform 1000 ns molecular dynamics (MD) sim-
ulations for the selected ligand–DHFR complexes (see
Supplementary Sections S1.8–S1.11 for full details).43

2.4 | Chemical synthesis of SAK‐2970

SAK‐2970 was synthesized via a three‐step procedure;
please refer to Supplementary Section S1.12 for full details.

2.5 | Biological evaluation:
Antibacterial activity, resistance profiling,
in vivo efficacy and biocompatibility
analysis

SAK‐2970 was tested for DHFR inhibition, MIC/MBC
determination, time‐kill kinetics, biofilm inhibition, and
eradication. Biofilm viability was visualized using CLSM
and crystal violet staining techniques. Resistance devel-
opment was evaluated over 30 days of sub‐MIC exposure.
Toxicity and efficacy were assessed in SPF Kunming and
C57BL/6 mice, respectively. Bacterial loads were quanti-
fied post‐infection in the blood, liver, spleen, kidneys, and
lungs. Survival and organ indices were evaluated post‐
treatment. Hemocompatibility was assessed with hu-
man RBCs, and cytocompatibility across 293T, hMSC,
and 3T3 cells using MTT assays and fluorescence mi-
croscopy (see Supplementary Sections S1.13–S1.16 for full
details).
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2.6 | Statistical analysis

All results are reported as mean ± standard deviation
(SD). Statistical significance was determined using one‐
way and two‐way ANOVA (GraphPad Prism), with
p < 0.05 considered significant.

3 | RESULTS

3.1 | Establishment of the GDL model

The proposed GDL model is based on a sophisticated
adaptive TargetGen‐RNN architecture, wherein LSTM44

networks are employed to model the intricate sequential
dependencies intrinsic to SMILES representations. The
model integrates a temperature‐modulated sampling
mechanism coupled with transfer learning and fine‐
tuning to deliver unparalleled control over scaffold
diversification and target‐specific optimization. These
advancements confer TargetGen‐RNN with superior
generative capabilities, positioning it at the forefront of
target‐driven de novo drug discovery, particularly for the
generation of biologically relevant and structurally
diverse novel molecular entities. The architecture of the
proposed TargetGen‐RNN is illustrated schematically in
Figure 1.

During pre‐training, TargetGen‐RNN was exposed to
an extensive corpus of 5.6 million compounds (referred to
as source data) (ZINC15database)31 in the formof SMILES
strings, facilitating the model's internalization of a broad
and heterogeneous chemical space. The SMILES se-
quences were tokenized into individual components and
subsequentlymapped to integer indices using a predefined
token‐to‐index dictionary incorporating <SOS>, <EOS>,
and <PAD> tokens to ensure sequence uniformity. These
token indices were then processed by an embedding layer,
which transformed them into dense vector representa-
tions, thereby capturing intricate molecular relationships.
The LSTM layers were meticulously optimized using cat-
egorical cross‐entropy, allowing the model to capture both
the local and global dependencies within the molecular
structures. This exhaustive pre‐training phase endowed
TargetGen‐RNN with profound chemical comprehension,
priming it for efficient transfer learning and downstream
specialization in highly specific biochemical contexts.

One of the hallmark capabilities of TargetGen‐RNN
lies in its proficiency in fine‐tuning with remarkably
small target‐specific libraries, an area where traditional
models, such as cRNNs, falter owing to their dependence
on large data.29 By leveraging transfer learning,30 the
model retains vast chemical knowledge from the pre‐
training phase and dynamically adapts it to new

biological targets. For instance, fine‐tuning compact
target data (here, target data comprising 82 S. aureus
DHFR inhibitors acquired from BindingDB, Supplemen-
tary Table S1)32 allowed TargetGen‐RNN to internalize
critical pharmacophoric constraints, resulting in a model
adept at generating inhibitors that navigate the delicate
balance between novelty and biochemical efficacy, which
is a challenge for other models constrained by data
scarcity. It was interesting to note that TargetGen‐RNN
achieved high predictive accuracy (~0.90) and low
convergent loss (~0.30 to 0.40), reflecting efficient
learning and robust generalization (Supplementary
Figure S1).

3.2 | Tailor‐made generation of diverse
and novel scaffold library for S. aureus
DHFR

The aforementioned TargetGen‐RNN model was
employed to construct a tailored virtual compound li-
brary with a specific focus on targeting S. aureus DHFR.
The implementation of this model resulted in the gen-
eration of 28,708 unique molecules (generated data) with
redundancies, and compounds containing structural
alerts or reactive functional groups were preemptively
excluded. To characterize the chemical space relationship
between source data, target data, and newly generated
data, a UMAP plot45 was generated. As illustrated in
Figure 2A, the generated data (depicted in green) dis-
played a pronounced shift from the source data (blue)
toward the target data (orange) following the application
of transfer learning, thereby demonstrating the effec-
tiveness of the model in traversing the chemical space
from the source to the target domain.

An analysis of the relative scaffold diversity (i.e., the
ratio of unique scaffolds to the total number of scaffolds)46

revealed Murcko scaffold47 diversities of 99.85%, 83.81%,
and 89.47% for the source data, generated data, and target
data, respectively (Figure 2B). Remarkably, 99.99% and
83.83% of the scaffolds within the generated data were
distinct from those found in the target data and source
data, respectively, resulting in an overall novelty of 83.81%
(Figure 2B). Furthermore, our analysis of scaffold diversity
demonstrated that the generated data not only surpassed
both the target data and the source data in terms of di-
versity (Figure 2C,D and Supplementary Figure S2A) but
also explored a broader and more unique chemical space
than previously reported results.29 Regarding fingerprint
diversity,48 the generated data were also better than the
target data and closer to the source data for various types of
fingerprints, including ECFP_4, MACSS_4, and PubChem
_4 (Supplementary Figure S2B–G).
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F I GURE 1 Schematic representation of the TargetGen‐recurrent neural network model architecture and workflow. The model
leverages a large source of data of 5.6 million compounds from the ZINC 15 database for initial training, followed by fine‐tuning on a target
data of 82 Staphylococcus aureus DHFR inhibitors. SMILES strings were tokenized and passed through the model architecture, which
consisted of embedding, long short‐term memory, dropout, and dense layers. The trained model was then fine‐tuned with 82 smaller data,
and internal validation (not shown) further suggested functional adaptation with as few as 50 compounds (see Supporting Information S1:
Discussion). The temperature‐controlled sampling mechanism (τ = 1.0) enabled the generation of novel SMILES strings, which were
validated through a two‐tier process involving the RDKit for chemical validity and Tanimoto similarity for structural novelty. This model
generated 28,708 unique S. aureus DHFR inhibitors (generated data) with verified chemical structures.
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3.3 | Physicochemical properties:
Comparative insights and filtering
outcomes

Screening of different physiochemical properties was
performed to evaluate the similarity relationship between
the molecules in the generated data and the target data
based on them. Figure 3A and Supplementary Figure
S3A–D demonstrate that the molecules in the generated
data not only exhibited congruence with the active
compounds of the target data but also possessed
improved physicochemical properties, underscoring the
capacity of the model to produce chemically and phar-
macologically pertinent entities. To maintain scaffold
uniqueness within the generated data, compounds with
generic Murcko scaffolds or substructures identical to

those of known S. aureus DHFR inhibitors (target data)
were systematically excluded, thereby reducing the
number of molecules from 28,708 to 28,410.

Figure 3B highlights the structural refinement of the
generated molecules following the application of strin-
gent drug‐likeness and medicinal chemistry filters,
including Lipinski's Rule, Veber's rule, Ghose's rule, QED
score, PAINS, and Brenk alerts.35–37,49 This stringent
filtration reduced the generated data, narrowing the pool
of molecules from 28,410 to 6672 high‐quality hits. The
TMAPs visualizations demonstrated that the filtered
generated molecule library preserved significant chemi-
cal diversity across parameters, such as MW, LogP, TPSA,
and NAR, affirming the model's ability to generate
compounds that conform to classical drug‐likeness
criteria while maintaining structural novelty. The

F I GURE 2 Comprehensive analysis of scaffold diversity, novelty, and chemical space transformation in the generated data compared
with the source data and target data. (A) UMAP plot illustrating distinct clustering of chemical spaces: source data (blue), target data
(orange), and generated data (green). The pronounced shift of the generated molecules toward the target data highlights the potential of the
generative deep learning model in guiding chemical space exploration and optimizing scaffold design. (B) Venn diagram showing the
generic Murcko scaffold overlap between the source data, target data, and generated data. This diagram emphasizes the novel scaffold
generation capability of the TargetGen‐recurrent neural network model, with a significant portion of scaffolds unique to the generated data,
demonstrating its potential for expanding the chemical space for drug discovery. (C) Cumulative scaffold frequency plots and (D) Lorenz
curve for the distribution of compounds over generic Murcko scaffolds in the source data, target data, and generated data. Both plots
indicate the superior scaffold diversity achieved in the generated data and showcasing the model's ability to generate a broader array of
scaffolds, contributing to enhanced structural diversity, which is crucial for identifying novel drug‐like compounds.
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F I GURE 3 Comparative analysis of physicochemical properties between the target and generated data and post‐filtering visualization.
(A) Histograms and Kernel Density Estimation (KDE) plots comparing key physicochemical properties, including molecular weight (MW),
quantitative estimate of drug‐likeness (QED), water‐octanol partition coefficient (LogP), and number of rotatable bonds across the target
data and generated data. The plots revealed enhanced diversity and favorable distribution of properties in the generated data, closely
aligning with the desired physiochemical profile of the target data. (B) Visualization of five key physicochemical properties of the generated
molecules after applying filters based on Lipinski's Rule, Veber's rule, Ghose's rule, QED score, SA score, PAINS, and Brenk alerts. TMAPs
highlight the structural diversity and compliance with drug‐likeness rules within the filtered compound library.
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retention of diversity post‐filtering is particularly critical,
as it indicates that the generated molecules not only
adhere to essential medicinal chemistry principles but
also maintain a variety of scaffolds necessary to mitigate
the risk of attrition during drug development. The pre-
cisely modulated TPSA values suggest an optimized
hydrogen bonding potential, thereby enhancing target
specificity while reducing off‐target effects. Moreover, the
range of NAR values indicates the generation of aromatic
systems that are conducive to π–π stacking interactions,
which are crucial for stabilizing the drug‐target
complexes.

This analysis underscores the advanced capability of
the model to generate a compound library that achieves
an optimal balance between chemical innovation and
adherence to medicinal chemistry. The generated data
stands as a promising resource for the identification of
novel scaffolds with the potential for high efficacy,
favorable pharmacokinetics, and reduced toxicity,
thereby providing a solid foundation for subsequent lead
optimization and preclinical development.

3.4 | Antibiotic activity profiling of
generated compounds

To evaluate the antibiotic potential of the generated
compounds, a series of QSAR models were developed
using the AutoQSAR module in the Schrödinger Maestro
suite.38 Ten models were initially constructed, and the
key performance metrics are summarized in Supple-
mentary Table S2. Among the 10 models constructed,
mlr_33 demonstrated superior performance, as evidenced
by an R2 value of 0.9378 and a low RMSE of 0.2303,
underscoring its predictive accuracy and robustness. The
model's Q2 value of 0.9398 further confirmed its reli-
ability through rigorous cross‐validation.

The performance of the model mlr_33 was compre-
hensively analyzed using several key plots (Figure 4A–C).
The observed versus predicted activity scatter plot
revealed a strong correlation between the observed and
predicted values across both the training and test data,
with data points clustering tightly along the y = x line.
This close alignment indicates the precision of the model
in predicting the antibiotic activity with a minimal risk of
overfitting or underfitting. The residual plot displayed a
symmetric distribution of residuals around zero, sug-
gesting that the prediction errors were random and un-
biased, further validating the model reliability across a
diverse set of compounds. The QQ plot of the residuals
indicated that they followed an approximately normal
distribution with only minor deviations at the extrem-
ities. These slight deviations, indicative of a few outliers,

did not significantly compromise the model's overall ac-
curacy and predictive capability.

Subsequent QSAR analysis of the 6639 generated
compounds using Model mlr_33 provided a detailed
assessment of their predicted antibiotic activity, which
was visualized through a UMAP plot and a prediction
score distribution graph. In the UMAP plot (Figure 4D),
the compounds were clustered based on their predicted
pIC50 values and categorized into five distinct groups.
Compounds with high predicted activity (pIC50 values of
12–15) are represented by red dots, whereas those with
moderate activity levels (pIC50 values between 9–11.99
and 6–8.99) are denoted by blue and green dots, respec-
tively. Compounds with lower predicted activity (pIC50

values between 3 and 5.99 and below 3) are indicated by
yellow and brown dots. The cumulative distribution of
the predicted pIC50 scores (Figure 4E) revealed that 52.3%
of the generated compounds, equating to 3472 hit com-
pounds, exceeded the average pIC50 threshold of 7.37, as
highlighted by the red line. Compounds that surpass this
threshold are expected to exhibit significant antibiotic
activity, with a subset achieving pIC50 scores of 12 or
higher, suggesting a strong potential for potent antibiotic
effects. These results highlight the antibiotic potential of
the generated compounds, with 52.3% surpassing the
average pIC50 threshold, positioning them as strong
candidates for further experimental validation against
MDR S. aureus.

3.5 | Pharmacophore‐based virtual
screening

Building upon the AutoQSAR analysis, we employed two
complementary pharmacophore‐based virtual screening
strategies: ligand‐based and receptor‐based approaches.
In ligand‐based pharmacophore screening, we con-
structed an exhaustive pharmacophore model derived
from the target data of 82 known DHFR inhibitors, which
yielded 14 unique pharmacophore hypotheses (Supple-
mentary Table S3). Of these, four hypotheses (designated
DDRRR_1 to DDRRR_4) comprised five features: two
hydrogen bond donors (D) and three aromatic ring sys-
tems (R), whereas the remaining 10 hypotheses (DDRR_1
to DDRR_10) contained four features: two hydrogen
bond donors and two aromatic ring systems. Hypothesis
DDRRR_1 (Figure 4F) emerged as the top performer, as
evidenced by its superior Phase Hypo Score, underscoring
its efficacy in identifying potent hits during virtual
screening.50 Furthermore, the enrichment plot of
DDRRR_1 (Figure 4G) substantiates its robustness,
demonstrating its ability to rapidly retrieve nearly 100%
of the active compounds within the top‐ranked subset of
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screened data. This indicates that DDRRR_1 is a highly
reliable and efficient model for virtual screening, thus
serving as a valuable tool for prioritizing potential drug

candidates. Subsequently, the generated data of 3472 hit
compounds were screened and filtered for compounds
matching at least four features of the pharmacophore

F I GURE 4 Comprehensive analysis of the predictive performance of the QSAR model and antibiotic activity profiling of the generated
compounds. (A) Scatter plot of the predicted versus observed activity for the training and test sets using the mlr_33 model. (B) Residual plot
showing residuals symmetrically distributed around zero, confirming the model's reliability. (C) QQ plot indicating that the residuals
generally followed a normal distribution with minimal outliers. (D) UMAP clustering of compounds by predicted pIC50 values, highlighting
groups with high (pIC50 12–15), moderate (pIC50 9–11.99, 6–8.99), and low (pIC50 3–5.99, <3) predicted antibiotic activity. (E) Cumulative
distribution of predicted pIC50 scores, with 52.3% of compounds exceeding the pIC50 threshold of 7.37, suggesting outstanding antibiotic
potential. (F) Ligand‐based pharmacophore hypothesis: the figure illustrates the top pharmacophore hypothesis, DDRRR_1, comprising
two hydrogen bond donors (D4 and D5) and three aromatic ring systems (R9, R12, and R13). (G) Enrichment plot of the pharmacophore
hypothesis DDRRR_1. The plot shows the percentage of actives found as a function of the percent screen for the top pharmacophore
hypothesis, DDRRR_1.
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model with a fitness and PhaseScreenScore ≥1.5, thereby
narrowing the hit pool to 553 compounds. Additionally,
the superimposition of the top 20 hits onto the DDRRR_1
hypothesis (Supplementary Figure S4) highlights the
critical interactions delineated by the pharmacophore
features, further validating their potential as potent
inhibitors.

To further refine the selection and identify robust and
highly active hits among the 553 compounds, receptor‐
based pharmacophore screening was conducted. A
comprehensive pharmacophore model was constructed
based on the co‐crystal structure of the DHFR–ligand
complex (Figure 5A), which encapsulated all critical in-
teractions between DHFR and its ligands. This pharma-
cophore model (designated DDDRRR) included six
features: three hydrogen bond donors (D3, D4, and D6)
and three aromatic rings (R13–R15) (Figure 5B). Com-
pounds that satisfied the stringent criterion of matching
at least five pharmacophore features, coupled with a
fitness and PhaseScreenScore threshold of ≥1.5, were
meticulously selected, as illustrated in Figure 5C. This
rigorous screening process culminated in the identifica-
tion of 74 highly potent compounds. The superimposition
of the top 20 hits onto the DDDRRR hypothesis is pre-
sented in Supplementary Figure S5. Notably, these com-
pounds exhibited robust interaction profiles with DHFR,
while preserving the scaffold and fingerprint diversity
(Figure 5D) inherent in the original generated data. The
clustering of these high‐fitness compounds within a
narrow range of PhaseScreenScore underscores the pre-
cision of the screening process, reinforcing the potential
of these hits as exceptional druggable candidates for
subsequent experimental validation.

3.6 | Molecular docking and MCDA
analysis

Molecular docking was performed to prioritize the 74 hit
compounds identified in a previous pharmacophore‐
based virtual screening. Figure 6A presents the docking
scores (kcal/mol) epitomized on the t‐SNE plot via a
color‐coded gradient, where blue hues correspond to
more favorable binding interactions (lower docking
scores), whereas red hues signify less favorable in-
teractions (higher docking scores). Notably, 36 com-
pounds exhibited docking scores > −7.270 kcal/mol
(average docking score). The chemical structures of these
compounds and their docking scores are presented in
Supplementary Figure S6. Moreover, the results showed
that the reference ligand (1VM) demonstrated a docking
score of −8.098 kcal/mol, and nine compounds surpassed
this benchmark, indicating a stronger binding affinity for

the DHFR active site. The three compounds (SAK‐2970,
SAK‐2257, and SAK‐5557) with the highest docking
scores are shown as docked complexes in Figure 6B–D.

The implementation of MCDA subsequently refined
and prioritized the 36 compounds identified as potential
therapeutic agents. MCDA ranked the seven best com-
pounds (SAK‐2970, SAK‐3702, SAK‐4367, SAK‐6129,
SAK‐4409, SAK‐2038, and SAK‐1893) (Figure 6E) based
on an integrated assessment of pharmacokinetic param-
eters, physicochemical properties, pIC50 values, docking
scores, and ADMET profiles. These compounds demon-
strated MCDA scores ranging from 0.46–0.58. The most
promising compounds exhibited an optimal balance be-
tween high binding affinity and potent biological activity,
suggesting significant therapeutic potential. Notably,
none of the most promising compounds demonstrated a
significant level of inhibition of the hERG channel, thus
mitigating the potential for cardiotoxicity. Furthermore,
these compounds demonstrated favorable bioavailability
(Fub_human) and high SA, facilitating their development
and scalable synthesis. Their compliance with the QED
further corroborates their potential for medicinal chem-
istry optimization. However, each of the remaining 29
compounds exhibited unfavorable properties in one or
more parameters, thereby reducing their suitability as
potential therapeutic candidates.

3.7 | MM‐GBSA and MD simulation
analysis

To further evaluate the stability of DHFR‐docked com-
plexes with SAK‐2970, SAK‐4367, SAK‐4409, SAK‐3702,
SAK‐6129, SAK‐1893, and SAK‐2038, their ΔGBind values
were calculated. Notably, all complexes demonstrated
negative ΔGBind values, indicating the formation of robust
and stable DHFR‐compound binding (Supplementary
Table S4). These findings corroborate that the com-
pounds establish energetically favorable interactions with
the DHFR active site, highlighting their potential for
stable and sustained binding.

MD simulations over 1000 ns were subsequently per-
formed to evaluate the stability and binding dynamics of
the DHFR complexes with the six generated compounds
relative to the reference ligand (Figure 7A–E; Supple-
mentary Figures S7–S9A–F; Supplementary Table S5). The
protein backbone RMSD indicated that all complexes were
equilibrated within 800 ns. The SAK‐2970 complex
exhibited fluctuations nearly identical to those of the
reference ligand (≈1.4–1.6 Å), whereas SAK‐4409 and
SAK‐2038 remained close to the reference range. In
contrast, SAK‐3702 showed the largest deviation
(2.15 ± 0.28 Å), suggesting weaker protein stabilization.
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The protein‐RMSF analysis showed that the reference
ligand complex had the lowest overall flexibility, with
SAK‐2970 closelymatching this profile. SAK‐3702 induced
elevated fluctuations in several regions, whereas the other
candidates exhibited intermediate behaviors.

Interaction analysis (Figure 7C; Supplementary Fig-
ures S7 and S9E,F) revealed that the SAK‐2970, SAK‐
2038, SAK‐1893, and reference ligands formed multiple
direct and water‐mediated hydrogen bonds as well as π–π
stacking interactions, contributing to strong stabilization.
In contrast, SAK‐3702, SAK‐4367, and SAK‐4409 engaged
in fewer stabilizing Ligand RMSD values further
emphasized these differences (Figure 7D; Supplementary
Figure S9C, Supplementary Table S5): the reference
ligand (0.73 ± 0.06 Å) was closely matched by SAK‐2970
(0.72 ± 0.04 Å), while SAK‐2038 showed moderate

deviations (1.51 ± 0.54 Å). By contrast, SAK‐1893
exceeded 5 Å, reflecting weak or transient binding.
SAK‐3702, SAK‐4367, and SAK‐4409 also displayed high
RMSD values (4.31–4.61 Å), suggesting substantial ligand
mobility and reduced binding stability.

Ligand RMSF analysis (Supplementary Figure S8)
confirmed minimal fluctuations for SAK‐2970 and SAK‐
4367, modest variation for SAK‐2038, and pronounced
flexibility for SAK‐1893, SAK‐3702, and SAK‐4409.
Furthermore, rGyr values were stable across all systems
(Supplementary Table S5), with the reference ligand at
4.13 Å and all generated complexes slightly more compact
(≈3.40–3.98Å), although this compaction did not offset the
higher ligand mobility observed in the weaker binders.
Collectively, these analyses demonstrated that SAK‐2970
most closely reproduces the reference ligand‐binding

F I GURE 5 (A) Co‐crystal structure of the DHFR‐ligand complex. (B) The receptor‐based pharmacophore hypothesis comprised six
features: three hydrogen bond donors (D3, D4, and D6) and three aromatic rings (R13–R15). (C) 3D scatter plot of fitness versus phase
screen score: This 3D scatter plot offers a comparative analysis of the fitness and PhaseScreenScore of the 74 hit compounds against various
pharmacophore metrics, including the number of matched sites, alignment score, vector score, and volume score. The distribution and
clustering of points reveal compounds with optimal alignment and fitness, which are critical for prioritizing the most promising candidates.
(D) Heatmap of pairwise Tanimoto similarities: The heatmap visualizes the pairwise Tanimoto similarities among the 74 hit compounds
using a color gradient from blue to red to indicate increasing similarity. The diagonal represents perfect self‐similarity, whereas the overall
color distribution highlights the structural diversity preserved within the hit compounds, as inherent in the original generated data.
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F I GURE 6 (A) t‐SNE visualization of molecular fingerprints. The t‐SNE plot shows the molecular diversity of the generated data.
Color‐coded by docking scores, it highlights regions of interest where higher binding affinities (in warmer colors) cluster, indicating more
promising docking results. (B) Compound (SAK‐2970) binds to the critical residues ALA8 and ILE15 of DHFR through hydrogen bonds.
(C) Compound (SAK‐2257) bound to residues ASP28, LEU6, and PHE93 through multiple H‐bonds. (D) Compound (SAK‐5557) bound to
the active sites through hydrogen bonds with ASP28, LEU6, and PHE9. (E) The compounds (SAK‐2970, SAK‐3702, SAK‐4367, SAK‐6129,
SAK‐4409, SAK‐2038, and SAK‐1893) were ranked according to their MCDA scores (0.586, 0.504, 0.489, 0.480, 0.474, 0.468, and 0.460), with
higher scores indicating more promising therapeutic drug candidates.
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F I GURE 7 Molecular dynamics simulation results for the generated compound–DHFR complexes. (A) RMSD of the Cα backbone of
DHFR bound to the generated compounds. (B) Cα backbone RMSF of DHFR bound to the generated compounds. (C) Ligand‐protein
contacts. (D) RMSD of generated compounds bound to DHFR. (E) Radius of gyration of the generated compounds bound to DHFR.
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profile across all MD metrics, SAK‐2038 exhibits inter-
mediate stability, and the remaining compounds are
destabilized by high ligand fluctuations despite reasonable
protein‐level stability.

3.8 | Synthesis of SAK‐2970: A potent
antibiotic compound

SAK‐2970 was chemically synthesized according to the
scheme presented in Figure 8A. The general procedure is
as follows (for details, please see Supplementary Infor-
mation S1): commercially available (1) was reacted with
thionyl chloride (2) to give intermediate (3), which was
aminated and reacted with methylamine to afford inter-
mediate (4). Intermediate (4) was reacted with 4‐bromo‐1‐
cyclopropyl‐2‐methyl‐1H‐imidazole (5) via the Buchwald–
Hartwig amination reaction to produce compound SAK‐
2970.

3.9 | Antibacterial performance of SAK‐
2970

The synthesized compound SAK‐2970 was evaluated for
its biological performance. Initially, its inhibitory activity
against DHFR was examined using a previously reported
protocol.51 The results demonstrated that SAK‐2970
exhibited potent inhibitory activity against DHFR, with
an IC50 of 2.379 nM (Figure 8B). In contrast, metho-
trexate showed significantly lower inhibition, with an
IC50 of 0.12 μM, which is in close agreement with re-
ported results.52 Subsequently, the antibacterial efficacy
of SAK‐2970 was evaluated by determining its MIC and
MBC against S. aureus. The results demonstrated that
SAK‐2970 not only effectively inhibited the growth of S.
aureus but also exhibited significant bacteriostatic activ-
ity, with an MIC/MBC value of 13.48 ± 2.71 μg/mL
(Figure 8C). Bacterial growth inhibition was also assessed
by measuring the optical density at 600 nm, revealing
that SAK‐2970 exhibited potent and markedly superior
bactericidal activity compared to the standard drug cip-
rofloxacin (Figure 8D).

To elucidate the temporal dynamics of bacterial
eradication, we evaluated the time‐dependent bacteri-
cidal activity of SAK‐2970. At the MIC/MBC dose, SAK‐
2970 demonstrated a rapid, time‐dependent bactericidal
effect against S. aureus, eradicating over 60% of the bac-
terial population within 8 h, thus surpassing the efficacy
of ciprofloxacin (Figure 8E). The inhibition of bacterial
growth increased proportionally over time, with no
visible growth of S. aureus observed in the media after
24 h of treatment with SAK‐2970 (Figure 8F). In contrast,

ciprofloxacin exhibited markedly lower inhibitory activity
(Supplementary Figure S10A). This effect was further
corroborated by plating the inoculum on LB agar plates,
where an approximately 92% reduction in the CFUs of S.
aureus was observed after 8 h of incubation with SAK‐
2970, culminating in >99.998% inhibition after 24 h of
treatment. Conversely, ciprofloxacin exhibited a signifi-
cantly lower bactericidal potential than SAK‐2970
(Figure 8G). Similarly, live/dead staining further sub-
stantiated that after a 24‐h incubation with SAK‐2970, S.
aureus exhibited a markedly higher proportion of dead
cells, as indicated by red fluorescence, when compared to
ciprofloxacin treatment (Figure 8H).

3.10 | Antibiofilm efficacy

Bacterial biofilms constitute intricate ecosystems,
composed of diverse bacterial colonies that aggregate into
dense clusters and exhibit significant resistance to antibi-
otics and chemical agents. This resilience leads to persis-
tent bacterial infections, which present substantial
challenges in healthcare, medical, and industrial contexts.
Individuals with underlying chronic conditions that
compromise the epidermal barrier are particularly sus-
ceptible to tissue‐associated biofilm infections.53 There-
fore, the antibiofilmefficacy of SAK‐2970wasmeticulously
evaluated against S. aureus following a 24 h incubation
period, in comparison to ciprofloxacin. The results showed
that SAK‐2970, at½MIC and 1MIC, exhibited exceptional
antibiofilm activity by inhibiting biofilm formation by
>65% and >90%, respectively, relative to ciprofloxacin
administered at equivalent dosages (Figure 9A,B). This
pronounced inhibitory effect was further substantiated by
crystal violet staining (Figure 9C). To further substantiate
the antibiofilm efficacy of SAK‐2970, confocal laser scan-
ning microscopy (CLSM) was used to examine S. aureus
biofilm formation at the MIC of SAK‐2970 and ciproflox-
acin. These results unequivocally demonstrate that SAK‐
2970 profoundly inhibited the formation of S. aureus bio-
films. Although ciprofloxacin also exhibited an inhibitory
effect, its efficacy was markedly inferior to that of SAK‐
2970 (Figure 9D). These findings are in concordance with
the assessments of optical density, percentage of biofilm
inhibition, and crystal violet staining, thereby reinforcing
the superior antibiofilm performance of SAK‐2970.

To further validate the antibiofilm performance, bio-
film eradication was quantified by measuring the optical
density following incubation of preformed S. aureus
biofilms with SAK‐2970 and ciprofloxacin at concentra-
tions of 2 × MIC. As shown in Figure 9E,F, SAK‐2970
exhibited outstanding antibiofilm activity, achieving
>85% biofilm eradication. In contrast, ciprofloxacin also
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F I GURE 8 (A) Schematic illustration of the synthetic pathway for SAK‐2970. (B) Dose‐response curve depicting the inhibitory activity
of SAK‐2970 against DHFR. (C) Dose‐dependent antibacterial efficacy of SAK‐2970 against Staphylococcus aureus, demonstrating MIC and
MBC. (D) Comparative analysis of bacterial growth inhibition of S. aureus by SAK‐2970 and ciprofloxacin versus the control, as represented
by optical density measurements (**p < 0.01; ****p < 0.0001). (E) Temporal bactericidal dynamics of SAK‐2970 and ciprofloxacin,
illustrating time‐dependent bacterial reduction (ns = p > 0.5, **p < 0.005, and ***p < 0.0005). (F) Representative colony images of S. aureus
treated with SAK‐2970 and the control over time. (G) Quantitative assessment of the antibacterial performance of SAK‐2970 relative to the
control and ciprofloxacin, expressed as a reduction in Log10 CFU/mL across different time intervals. (H) Live/dead fluorescent staining of
S. aureus using SYTO9/PI, highlighting viability following treatment with SAK‐2970 and ciprofloxacin (ns = p > 0.05; ****p < 0.0001) (scale
bar = 20 μm). Data are expressed as mean ± SD of three independent experiments.
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demonstrated biofilm‐eradicating effects (>41%); howev-
er, its efficacy was markedly inferior to that of SAK‐2970.
Given that the destabilization of cell membrane integrity
exerts detrimental effects on the bacterial population
within biofilms,53 the impact of SAK‐2970 on the cell
membranes of biofilm‐associated S. aureus was further

investigated using CLSM in conjunction with SYTO9/PI
dyes. As depicted in Figure 9G, CLSM images revealed
that the control biofilms comprised thick, uniformly
distributed green fluorescent clusters, indicating viable S.
aureus with intact cell membranes. In stark contrast,
SAK‐2970‐treated biofilms exhibited extensive red

F I GURE 9 Antibiofilm efficacy of SAK‐2970 against Staphylococcus aureus compared with ciprofloxacin. Inhibition of S. aureus
biofilm formation by SAK‐2970 at various sub‐inhibitory MICs compared to ciprofloxacin, assessed by (A) optical density measurements,
(B) biofilm inhibition percentage, (C) crystal violet staining assay, and (D) confocal laser scanning microscopy (CLSM). Evaluation of
biofilm eradication by SAK‐2970 at 2 × MIC against S. aureus relative to ciprofloxacin at the same concentration, as demonstrated by
(E) OD measurements, (F) biofilm eradication percentage, and (G) three‐dimensional CLSM live/dead imaging (scale bar = 5 μm). Data are
expressed as the mean ± SD of three independent experiments (ns = p > 0.05, **p < 0.005, and ****p < 0.0001).
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fluorescence, indicating complete bacterial cell death
across all biofilm layers. Conversely, ciprofloxacin‐treated
biofilms displayed a mixture of green and red fluores-
cence, reflecting the presence of both viable and non‐
viable cells, thereby demonstrating comparatively modest
antibiofilm efficacy, as previously reported.54 These
findings substantiate that SAK‐2970 exhibits exceptional
antibiofilm efficacy against S. aureus, markedly out-
performing ciprofloxacin in both biofilm inhibition and
eradication. This underscores its potential as a superior
therapeutic agent for persistent biofilm‐associated
infections.

3.11 | Safety and biocompatibility
assessment

For the meticulous evaluation of novel pharmacological
agents, establishing hemocompatibility and cytocompati-
bility is imperative to ascertain their clinical viability. The
safety and biocompatibility assessment of SAK‐2970
compared with ciprofloxacin revealed promising results
for SAK‐2970's tolerability profile. In the acute toxicity
evaluation (Figure 10A), SAK‐2970 maintained a stable
body weight in mice over 14 days at a high dose (1500 mg/
kg), with significantly less weight loss than ciprofloxacin
(****p < 0.0001). Organ‐specific indices further under-
scored SAK‐2970's biocompatibility; the spleen index
(Figure 10B) showed no significant difference (p > 0.281)
between the PBS‐ and SAK‐2970‐treated groups, in
contrast to the notable reduction observed in the cipro-
floxacin group (**p= 0.001). Similarly, in the thymus index
(Figure 10C), SAK‐2970 showed no adverse effects,
whereas ciprofloxacin treatment led to marked thymic
atrophy (****p < 0.0001). Hematological profiles
indicated a stable WBC count in SAK‐2970‐treated mice
(Figure 10D), with significant reductions observed only in
the ciprofloxacin group (****p < 0.0001), and RBC counts
(Figure 10E) remained unaffected by SAK‐2970 compared
to ciprofloxacin (***p = 0.0002). Collectively, these find-
ings suggest that SAK‐2970 demonstrates superior safety
and biocompatibility with minimal systemic toxicity
and reduced hematological perturbations compared to
ciprofloxacin.

To further assess the biocompatibility of SAK‐2970, a
hemolysis assay was performed. As illustrated in
Figure 10F,G, exposure of RBCs to SAK‐2970 yielded a
hemolysis percentage of 3.90 ± 0.10%, which was mark-
edly lower than that induced by ciprofloxacin. This
minimal hemolytic effect demonstrates SAK‐2970’s
benign interaction with RBC membranes, indicating its
low cytotoxic profile. Moreover, a similar hemolysis
percentage for ciprofloxacin has also been reported

previously.55 In stark contrast, RBCs exposed to Triton X‐
100, the positive control, exhibited complete rupture,
resulting in an intensely red solution characteristic of
significant hemolysis. These findings align with the in-
ternational hemocompatibility standards for pharma-
ceutical excipients, which stipulate that hemolysis
values <10% are indicative of non‐hemolytic substances,
whereas values >25% indicate high hemolytic potential.56

Thus, SAK‐2970 fulfills the stringent criteria for hemo-
compatibility, underscoring its promise as a safe thera-
peutic candidate.

The cytocompatibility of SAK‐2970 was rigorously
assessed in three normal cell lines: 293T human embry-
onic kidney cells, human mesenchymal stem cells
(hMSCs), and NIH/3T3 mouse fibroblasts. As shown in
Figure 10H, SAK‐2970 maintained a cell viability above
83% at its MIC across all tested cell lines, a result com-
parable to that of ciprofloxacin, with no statistically sig-
nificant differences (p > 0.05). It is well known that a
sample with cell survival viability >75% was considered
to be non‐cytotoxic.57 These findings substantiate the fact
that SAK‐2970 does not impart appreciable toxicity to
cellular proliferation. To further validate these results,
comprehensive analyses were conducted using CLSM for
293T cells and optical microscopy for hMSCs and 3T3
cells, as depicted in Figure 10I–K, respectively. CLSM
analysis showed that SAK‐2970‐ and ciprofloxacin‐
treated cells maintained a morphology similar to that of
the control cells, with minimal PI staining, indicating
intact membrane integrity. Similarly, optical microscopy
images showed that both hMSCs and 3T3 cells treated
with SAK‐2970 retained their characteristic spindle‐
shaped morphology and demonstrated normal cellular
architecture, comparable to that of the control cells and
those treated with ciprofloxacin. These observations un-
derscore the excellent cytocompatibility of SAK‐2970,
with no discernible cytotoxic effects relative to cipro-
floxacin, highlighting its suitability as a biocompatible
therapeutic agent.

3.12 | In vivo antibacterial performance

To further evaluate the in vivo therapeutic efficacy of
SAK‐2970, a murine sepsis model was established by
intraperitoneal injection of S. aureus to investigate the
pharmacological effects of the compound on bacterial
infection. The results demonstrated that SAK‐2970
exhibited remarkable bactericidal activity and provided
a significant survival advantage over ciprofloxacin.
Quantitative analysis of bacterial burden across major
organs demonstrated significant reductions in CFUs
within the blood, liver, spleen, kidneys (Figure 11A–D),
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F I GURE 1 0 Safety and biocompatibility evaluation of SAK‐2970 compared to ciprofloxacin. (A) Acute toxicity evaluation, depicted by
mouse body weight changes after administration of 1500 mg/kg dose of SAK‐2970 and ciprofloxacin (n = 6) for 14 days, with statistical
significance indicated: ***p = 0.0001 (control vs. SAK‐2970); *p = 0.0328 (control vs. ciprofloxacin); ****p < 0.0001 (SAK‐2970 vs.
ciprofloxacin). (B) Spleen index. Spleen index (mg/g) = spleen weight (mg)/body weight of the mice (G). Statistical analysis: ns = p > 0.280
(PBS vs. SAK‐2970); **p = 0.001 (PBS vs. ciprofloxacin); *p = 0.015 (SAK‐2970 vs. ciprofloxacin) (n = 6). (C) Thymus index. Thymus index
(mg/g) = thymus weight (mg)/body weight of the mice (G). Statistics: ns = p > 0.19 (PBS vs. SAK‐2970); ****p < 0.0001 (PBS vs. ciprofloxacin
and SAK‐2970 vs. ciprofloxacin) (n = 6). (D) Count of white blood cells (WBCs). Statistical analysis: ns = p > 0.980 (PBS vs. SAK‐2970);
****p< 0.0001 (PBS vs. ciprofloxacin and SAK‐2970 vs. ciprofloxacin) (n= 6). (E) Count of red blood cells (RBCs). Statistics: ns= p> 0.08 (PBS
vs. SAK‐2970); ***p = 0.0002 (PBS vs. ciprofloxacin); **p = 0.004 (SAK‐2970 vs. ciprofloxacin) (n = 6). (F) Hemolysis assay depiction,
distinguishing hemolytic activity with visual clarity. (G) Quantitative hemolysis analysis, presenting the hemolytic percentages of SAK‐2970
and ciprofloxacin relative to PBS (negative control) and Triton X‐100 (positive control), underscoring the superior hemocompatibility of SAK‐
2970 (*p = 0.026, ***p = 0.0003, and ****p < 0.0001). (H) Cytocompatibility assessment of SAK‐2970 on normal cell lines (293T, hMSCs, and
3T3), with cell viability (%) comparable to ciprofloxacin, confirming high cellular compatibility (ns = p > 0.05, and ****p < 0.0001). (I) CLSM
images of 293T cells treated with SAK‐2970 and ciprofloxacin, revealing preserved nuclear integrity andmembrane stability. (J and K) Optical
microscopy images of hMSCs and 3T3 cells, respectively, following treatment, illustrating consistency of cell morphology with the control,
indicative of SAK‐2970’s favorable cytocompatibility. Data are expressed as mean ± SD of three independent experiments.
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F I GURE 1 1 Legend on next page.
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and lungs (Supplementary Figure S10B) of SAK‐2970‐
treated mice. This substantial bacterial clearance was
validated by statistically significant differences, attesting
the SAK‐2970's robust efficacy in controlling systemic
infections. Additionally, as demonstrated in the survival
analysis (Figure 11E), SAK‐2970 administration yielded a
notable survival benefit, with survival rates >70%
compared to 50% with ciprofloxacin. Taken together,
these results highlight the potential of SAK‐2970 as a
potent and clinically applicable agent for managing se-
vere S. aureus‐induced infections, presenting an innova-
tive strategy to combat antimicrobial resistance and
improve therapeutic outcomes in sepsis treatment.

3.13 | In vitro/in vivo efficacy of SAK‐
2970 against resistant S. aureus

Antimicrobial resistance remains a pivotal concern
affecting the clinical deployment of antimicrobial agents.
To evaluate the potential for the development of resis-
tance against SAK‐2970, an in vitro study was carried out
in which S. aureus was continuously exposed to sub‐
inhibitory concentrations of SAK‐2970 over a span of 30
consecutive days (Figure 11F). Remarkably, the pro-
pensity for resistance emergence was significantly lower
for SAK‐2970 than for the positive control, ciprofloxacin
(Figure 11G). Moreover, a similar rapid escalation in
ciprofloxacin resistance in S. aureus has also been re-
ported previously.58 Subsequently, the inhibitory efficacy
of SAK‐2970 was assessed against S. aureus strains that
had developed resistance to ciprofloxacin. The findings
revealed that SAK‐2970 exerted a substantially enhanced
inhibitory effect on ciprofloxacin‐resistant S. aureus
(Figure 11H). These results collectively suggest that SAK‐
2970 offers superior advantages in circumventing bacte-
rial resistance mechanisms, highlighting its potential as a

robust antimicrobial candidate with a diminished likeli-
hood of resistance development.

To rigorously assess the in vivo antibacterial efficacy of
SAK‐2970 against resistant strains, we developed a mouse
sepsis model infected with ciprofloxacin‐resistant S.
aureus (Figure 11I). Remarkably, survival analysis
revealed that the survival rate of mice treated with 60 mg/
kg SAK‐2970 reached ~60% within 96 h post‐infection,
whereas the ciprofloxacin‐treated group demonstrated a
reduced survival rate of 20% under equivalent conditions
(Figure 11J). These findings underscore the significant in
vivo efficacy of SAK‐2970 in combating drug‐resistant
bacteria, thereby offering a notable survival advantage.
Further corroborating these results, bacterial load quan-
tification 24 h post‐SAK‐2970 treatment revealed amarked
reduction in CFUs across the liver, spleen, kidneys, and
blood (Figure 11K–N), aswell as the lungs (Supplementary
Figure S10C), thereby affirming the compound's potent
inhibitory action against ciprofloxacin‐resistant S. aureus
invasion. Collectively, these findings suggest that SAK‐
2970 holds promising therapeutic potential in mitigating
the severity of infections caused by ciprofloxacin‐resistant
S. aureus.

4 | DISCUSSION

This study introduces a significant advancement in
generative antibiotic discovery through the development
of TargetGen‐RNN, a GDL model designed to generate
synthetically accessible, structurally novel, and biologi-
cally active small molecules under data‐limited
conditions. In contrast to distribution‐agnostic or rigidly
goal‐conditioned generative paradigms, TargetGen‐RNN
integrates probabilistic latent space learning with
temperature‐scaled sampling59 andminimal target‐guided
fine‐tuning. The temperature control mechanism enables

F I GURE 1 1 (A–D) Bacterial load quantification in the blood, liver, spleen, and kidneys of Staphylococcus aureus bacteremia‐infected
mouse model post‐treatment, showing superior clearance efficacy of SAK‐2970 over ciprofloxacin, with significance levels: **p = 0.0013,
****p < 0.0001 (blood); ****p < 0.0001 (liver); **p = 0.0025, ****p < 0.0001 (spleen) and **p = 0.0060, ****p < 0.0001 (kidneys) (n = 6).
(E) Survival curves of the S. aureus bacteremia‐infected mouse model (n = 8) treated with SAK‐2970 and ciprofloxacin via oral gavage,
demonstrating enhanced survival with SAK‐2970 treatment. (F) Schematic representation of the S. aureus resistance development assay
under sequential subculturing with sub‐inhibitory doses of SAK‐2970 and ciprofloxacin. Created with BioRender.com (https://crea-
tivecommons.org/licenses/by‐nc‐nd/4.0/deed.en). (G) Comparative assessment of resistance progression in S. aureus exposed to SAK‐2970
versus ciprofloxacin over 30 days, indicating slower resistance development with SAK‐2970. (H) Dose‐dependent inhibition of
ciprofloxacin‐resistant S. aureus by SAK‐2970, underscoring its potent efficacy at the tested concentrations. (I) Schematic representation of
the study model for anti‐S. aureus, illustrating the infection and treatment protocols. Created with BioRender.com (https://crea-
tivecommons.org/licenses/by‐nc‐nd/4.0/deed.en). (J) Survival curves of mouse model infected with ciprofloxacin‐resistant S. aureus
(n = 10) and treated via oral gavage with SAK‐2970 or ciprofloxacin, showing a pronounced survival benefit with SAK‐2970. (K–N)
Bacterial burden quantification in blood, liver, spleen, and kidneys in the ciprofloxacin‐resistant S. aureus bacteremia mouse model,
highlighting SAK‐2970's superior efficacy in bacterial clearance, with significance levels: ****p < 0.0001 (blood); ***p = 0.0001,
****p < 0.0001 (liver); ns = p > 0.50, ****p < 0.0001 (spleen), and ****p < 0.0001 (kidneys) (n = 6).
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dynamic modulation of generative entropy, facilitating
broad exploration of chemical space at elevated tempera-
tures and structurally focused outputs under more con-
strained conditions.59,60 This adaptive sampling strategy
surpasses static methods employed by conventional
generative architectures, including VAEs,21 GANs,22 and
cRNNs,29 thereby enabling simultaneous scaffold innova-
tion and pharmacophoric specificity. To ensure the reli-
ability and quality of generated compounds, a two‐tier
validation framework was implemented. Chemical cor-
rectness was verified using RDKit, which enforced stan-
dardized valency and bonding constraints across all
SMILES representations. Structural noveltywas quantified
using Tanimoto similarity analysis relative to both the
pretraining and fine‐tuning datasets. This dual‐layer vali-
dation confirmed that the 28,708 molecules generated by
TargetGen‐RNN were not only chemically viable but also
structurally distinct, populating underexplored regions of
chemical space beyond the model's prior exposure.

Performance benchmarking further demonstrated the
superiority of TargetGen‐RNN over a reference cRNN
model,29 achieving a higher final predictive accuracy
(~0.90 vs. ~0.85) and reduced convergence loss (~0.30–0.40
vs. ~0.45) (Supplementary Figure S1). To further contex-
tualize the performance, the model was benchmarked
against additional state‐of‐the‐art GLD models using
established evaluation metrics. As summarized in Table 1,
TargetGen‐RNN consistently outperformed the compara-
tors, generating chemically valid, unique, and novel
molecules with enhanced scaffold diversity and pharma-
cophoric relevance. Notably, the model yielded a novelty
score of 0.999, filter pass rate of 99.8%, andhighuniqueness
across sample sizes, indicating low output redundancy.
Internal diversity scores (InDiv1: 0.891; InDiv2: 0.889) re-
flected broad yet chemically coherent sampling of the
latent space. Although the direct retraining of all

comparator models under identical conditions would
provide strict head‐to‐head validation, the benchmarking
approach employed here is consistent with accepted
practices and offers a robust comparative framework.

Scaffold‐level analyses further supported the extrap-
olative capacity of the model. The Bemis–Murcko
enumeration and Tanimoto distance metrics revealed a
marked topological divergence between the training and
fine‐tuning data. This scaffold innovation emerged not
from random dispersion but from a chemically structured
pharmacophore‐aware generative process. The resulting
compounds exhibited favorable drug‐like properties,
elevated QED scores, acceptable synthetic accessibility,
and a low incidence of PAINS or structural alerts.
Quantitatively, TargetGen‐RNN achieved a scaffold di-
versity of 83.81% and a target‐novelty score of 99.99%,
outperforming the benchmarks reported for the existing
GDL model.29 Collectively, these findings establish
TargetGen‐RNN as a high‐fidelity, generalizable platform
for scaffold innovation and biologically relevant com-
pound generation in sparse data environments. The
model's integrated architecture, rigorous validation
pipeline, and favorable performance metrics underscore
its translational potential for de novo drug discovery.

From the generative ensemble, SAK‐2970 emerged as a
lead scaffold with compelling biophysical and pharmaco-
logical attributes. MD simulations revealed that SAK‐2970
adopts a dynamically stable and pharmacophorically
optimized binding mode to DHFR, marked by minimal
RMSD fluctuations, low atomic flexibility, and persistent
hydrogen bonding and π–π stacking. This interaction
profile closely mirrors that of the reference ligand, sug-
gesting that TargetGen‐RNN effectively captures and re-
produces high‐affinity binding patterns, even when
trained on limited target‐specific data. The observed ri-
gidity and interaction density indicate a sterically and

TABLE 1 Comparative performance metrics of reported models (AAE,61 CharRNN,25 VAE,21,62 ORGAN,63 DNMG,64 cRNN29) and
TargetGen‐RNN (our model) across multiple sample sizes of the generated molecules.

Different models

Comparative performance metrics of models for molecule generation

Valid Unique@1k Unique@10k Unique@total Novelty Filters
InDiv1
(1k)

InDiv2
(10k)

InDiv3
(total)

AAE 0.957 1 0.997 NA 0.918 0.994 0.853 0.85 NA

CharRNN 0.996 1 0.996 NA 0.773 0.995 0.855 0.841 NA

VAE 0.941 1 0.998 NA 0.897 0.992 0.852 0.842 NA

ORGAN 0.734 0.987 0.93 NA 1 0.995 0.66 0.644 NA

DNMG 0.999 1 0.998 NA 0.936 0.996 0.856 0.85 NA

cRNN 1 1 1 NA 0.997 NA NA NA NA

TargetGen‐RNN (our
model)

1 1 1 1 0.999 0.998 0.891 0.889 0.889

Abbreviations: cRNN, conditional RNN; RNN, recurrent neural network; VAE, variational autoencoder.
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energetically favorable fit within the DHFR active site,
reinforcing the suitability of SAK‐2970 as a lead scaffold. In
contrast, compounds such as SAK‐1893 and SAK‐3702
exhibited elevated ligand RMSDs and fewer stabilizing
contacts, which is consistent with suboptimal orientation
or transient binding. These differences likely reflect
scaffold‐specific conformational dynamics rather than
instability, underscoring the limitations of static docking
and the importance of dynamic validation. Compared to
prior MD studies on S. aureus targets, such as the YsxC–
ligand complexes reported by Kumari et al., which
showed protein and ligand RMSDs of 2.9–3.7 Å and up to
1.0 Å, respectively,65 the SAK‐2970–DHFR complex
maintained tighter conformational control. These findings
highlight the critical role of long‐timescale MD simula-
tions in refining generative design outputs and prioritizing
candidates with sustained binding and translational
relevance.66,67

Moreover, the MM/GBSA binding free energy analysis
highlighted the dominant van derWaals (ΔGBindvdW) and
Coulombic (ΔGBindCoulomb) contributions, reflecting a
favorable enthalpic profile (Supplementary Table S4).
Lipophilic interactions (ΔGBindLipo) also supported com-
plex stabilization. In contrast, desolvation penalties
(ΔGBindSolvGB) exhibited positive values, partially off-
setting the net binding affinity, although they remained
within energetically compensable thresholds. Covalent
interactions (ΔGBindCovalent) were minimal, with slightly
positive or near‐neutral contributions across most com-
plexes. Collectively, these findings indicate that DHFR–
ligand complex stability is primarily driven by non-
covalent interactions, with van derWaals and electrostatic
forces serving as the predominant forces.

Empirical microbiological assays substantiated the in
silico findings. SAK‐2970 exhibited potent bactericidal
activity against both drug‐sensitive and ciprofloxacin‐
resistant S. aureus strains, with sub‐micromolar MIC and
MBC values and rapid concentration‐dependent killing
kinetics. SAK‐2970 demonstrated potent DHFR inhibition
(IC50 = 2.379 nM), substantially exceeding the activity of
previously reported leads such as compound CTh7
(IC50 = 150 nM).68 In contrast, compound 6 achieved the
highest DHFR inhibition in its study (IC50 = 3.731 μg/mL),
surpassing trimethoprim's effectiveness by approximately
threefold.69 Given that SAK‐2970 displayed greater po-
tency than compound 6, it is also inferred to outperform
trimethoprim in enzymatic inhibition. SAK‐2970 further
demonstrated pronounced antibiofilm efficacy, achieving
>90% inhibition at sub‐MIC levels and >85% biofilm
eradication at 2×MICconcentrations. Notably, its efficacy
extended to biofilm‐embedded and resistance‐induced
phenotypes, suggesting a mechanism of action that is
resilient to conventional resistance pathways. Safety and
pharmacokinetic assessments further reinforced the

translational viability of this compound. SAK‐2970
exhibited negligible hemolytic activity and minimal cyto-
toxicity inmammalian cell lines, whereas in silicoADMET
profiling indicated high oral bioavailability, metabolic
stability, and absence of hERG liability. In vivo validation
using murine systemic infection models demonstrated
significant bacterial clearance across primary organs and
superior survival rates relative to ciprofloxacin in both
wild‐type and resistant bacterial infection cohorts.

Although this study establishes the efficacy of
TargetGen‐RNN in generating DHFR‐targeting antibac-
terial agents, several strategic directions remain to fully
realize its translational scope. The deliberate focus on a
single, clinically validated enzyme enabled a rigorous
assessment of the model's generative precision; however,
TargetGen‐RNN application to a broader repertoire of
bacterial proteins, particularly those exhibiting diverse
topologies or resistance phenotypes, will be essential to
assess its scalability across distinct ligand‐binding land-
scapes. While acute in vivo models have confirmed both
therapeutic activity and safety, rigorous pharmacokinetic
and toxicological characterization in chronic and immu-
nocompromised settings remains critical for advancing
clinical translation. Importantly, the modular architec-
ture of TargetGen‐RNN facilitates its generalization to
other clinically relevant bacterial targets, including gram‐
negative pathogens such as Pseudomonas aeruginosa and
Klebsiella pneumoniae. This adaptation requires domain‐
specific retraining/fine‐tuning using appropriate ligand
datasets. Given their underrepresentation in current
antimicrobial pipelines, these extensions offer high
translational value. Beyond infectious diseases, domain‐
specific fine‐tuning, such as with kinase inhibitors or
modulators of protein–protein interactions, could enable
the rational design of novel chemotypes in oncology and
other complex indications. Collectively, these trajectories
underscore the potential of structure‐informed generative
modeling to accelerate lead discovery across mechanis-
tically diverse and clinically urgent target classes.

5 | CONCLUSION

In conclusion, this study unequivocally demonstrated the
potential of TargetGen‐RNN as a transformative tool for
discovering novel antibiotics targeting drug‐resistant S.
aureus. By employing advanced deep generative learning
with target‐specific fine‐tuning, the model efficiently
navigates the chemical space to yield novel, diverse, and
biologically relevant compounds. In‐depth analysis and
screening of the generated compounds revealed candi-
dates with significant antibacterial efficacy, particularly
SAK‐2970, which emerged as a superlative candidate,
validated by its formidable antibacterial and anti‐biofilm
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efficacies in vitro, including bactericidal activity
against ciprofloxacin‐resistant strains. In vivo analyses
further substantiated SAK‐2970's therapeutic potential,
evidencing a significant reduction in bacterial burden and
increased survival rates in amousemodel of drug‐resistant
bacteremia, with minimal systemic toxicity, highlighting
its biocompatibility and therapeutic potential. The success
of TargetGen‐RNN in producing structurally novel mole-
cules aligned with desired pharmacokinetic profiles vali-
dates its value in overcoming the limitations associated
with traditional antibiotic discovery. These findings not
only suggest SAK‐2970 as a viable candidate for combating
antimicrobial resistance but also exemplify a trans-
formative paradigm in de novo antibiotic design. Future
research endeavors may further amplify the applicability
of TargetGen‐RNN across disparate pathogens and resis-
tance mechanisms, thereby propelling its utility in the
development of next‐generation therapeutics.
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