a' frontiers ‘ Frontiers in Drug Discovery

’ @ Check for updates

OPEN ACCESS

EDITED BY
Alan Talevi,
National University of La Plata, Argentina

REVIEWED BY
Antonio Romo-Mancillas,

Autonomous University of Queretaro, Mexico
Daniela Alejandra Gonzalez,

Northeastern University, United States

*CORRESPONDENCE

Edgar Lopez-Lopez,
elopez.lopez@cinvestav.mx,
edgar.lopez.593@hotmail.com

RECEIVED 13 October 2025
REVISED 21 November 2025
ACCEPTED 25 November 2025
PUBLISHED 10 December 2025

CITATION
Lopez-Lopez E, Pardo-Novoa JC,
Barrientos-Salcedo C, Vichi-Ramirez MM and
Cerda-Garcia-Rojas CM (2025) A network-
based protocol to prioritize compounds for
biological testing: discovery of Anti-
Staphylococcus aureus cacalol derivatives.
Front. Drug Discov. 5:1724392.

doi: 10.3389/fddsv.2025.1724392

COPYRIGHT
© 2025 Lopez-Lopez, Pardo-Novoa,
Barrientos-Salcedo, Vichi-Ramirez and Cerda-
Garcia-Rojas. This is an open-access article
distributed under the terms of the Creative
Commons Attribution License (CC BY). The use,
distribution or reproduction in other forums is
permitted, provided the original author(s) and
the copyright owner(s) are credited and that the
original publication in this journal is cited, in
accordance with accepted academic practice.
No use, distribution or reproduction is
permitted which does not comply with these
terms.

Frontiers in Drug Discovery

TvpE Original Research
PUBLISHED 10 December 2025
po1 10.3389/fddsv.2025.1724392

A network-based protocol to
prioritize compounds for
biological testing: discovery of
Anti-Staphylococcus aureus
cacalol derivatives

Edgar Lépez-Lopez™, Julio C. Pardo-Novoa?,
Carolina Barrientos-Salcedo?, Micheel M. Vichi-Ramirez? and
Carlos M. Cerda-Garcia-Rojas*

'Department of Chemistry and Graduate Program in Pharmacology, Center for Research and Advanced
Studies of the National Polytechnic Institute, Mexico City, Mexico, 2Laboratorio de Quimica Médica y
Quimiogenodmica, Facultad de Bioanalisis Campus Veracruz, Universidad Veracruzana, Veracruz, Mexico

The integration of computational tools into early drug discovery has facilitated
the rational prioritization of biocactive compounds. In this study, we present a
general semi-automated, network-based protocol designed to guide the
biological testing of in-house compounds by leveraging chemical similarity
and reported bioactivity data. As a proof of concept, we constructed a
curated database of 127,134 compounds with documented activity against
Staphylococcus aureus strains. We used this resource to map a biologically
relevant chemical space that includes cacalol derivatives, which allowed the
identification of two in-house cacalol analogues with predicted anti-S. aureus
activity. These compounds were selected based on pairwise similarity analysis
using the ECFP4 fingerprint and the Tanimoto coefficient as the molecular
descriptor and similarity metric, respectively. The selected compounds were
subsequently validated in vitro using disk diffusion and resazurin-based
microdilution assays, confirming consistent antibacterial activity (20 mM;
7-10 mm of inhibition zones and 1-2 fold reduction in metabolism activity,
respectively). This study aims to bridge the gap between in silico and wet-lab
approaches, enhancing rapid and intelligent screening to prioritize the biological
evaluation of in-house compounds.

KEYWORDS

antibacterial activity, chemoinformatics, computer-aided drug design, network-based
chemical space, virtual screening, structure-property associations

1 Introduction

Computer-aided drug design (CADD) has become a widely adopted strategy for the
rational development of compounds with improved efficiency, safety, and cost-
effectiveness. Nowadays, many in silico models have emerged as adaptable tools to
support the semi-automation of drug design and development campaigns (Talevi and
Bellera, 2024; Medina-Franco and Lopez-Lopez, 2024). Chemoinformatics methodologies
have proven to be a valuable option for integrating multidisciplinary data to address
common research questions, thereby helping to bridge knowledge gaps between different
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yet related fields, such as chemistry, biology, and biomedical sciences
(e.g., pharmacology and natural products chemistry) (Almeida et al.,
2025; Szwarc et al., 2025).

In this regard, network-based drug design is a well-
established strategy that leverages available data by using
decode establish
example, the prediction of compound

structural similarity to and complex
associations. For
bioactivity is based on their structural similarity to previously
reported active or inactive compounds (Boezio et al., 2017; Yu
et al., 2023). These network-based approaches allow researchers
to navigate large chemical spaces and integrate biological data,
phenotypic profiles, or disease targets to prioritize candidate
molecules with greater biological relevance (Barabdsi et al,
2011; Lee et al., 2023). For example, chemical space networks
are construct based on structural similarity relationships, where
compounds were connected according to their pairwise similarity
values, enabling the visualization of clusters of structurally
related molecules and the identification of representative
analogues with potential biological activity (Vigil-Vasquez and
Schiiller, 2022).

Staphylococcus aureus, a major cause of hospital- and
community-acquired infections, poses a significant global health
threat due to the emergence of multidrug-resistant strains (Steinig
et al,, 2022). Moreover, S. aureus infections represent the leading
cause of death from bacteremia worldwide, with a case fatality rate
ranging from 15% to 30% and an estimated 300,000 deaths annually
(Tong et al, 2025). This makes the identification of novel
antimicrobial agents with new mechanisms of action an
urgent priority.

Natural products, and particularly those derived from plants,
have long served as a rich source of structurally diverse and
2024;

cacalol, a

biologically active molecules (Gomez-Garcia et al,
Chandrasekhar et al, 2025). these,
sesquiterpene alcohol isolated from the Mexican medicinal plants

Among

of the genus Psacalium, has shown promising antimicrobial
properties with reported activities ranging from 0.2-0.7 mg/mL
(Robles-Zepeda et al., 2011; Garcia-Pal et al, 2016; Garduiio-
Ramirez et al., 2001; Soto Herndndez, 2002). Additionally, cacalol
and its derivatives have been associated with other biological
activities, including anticancer, anti-inflammatory, and
antimigratory effects, making it an attractive candidate for future
medicinal chemistry optimization processes (Liu et al., 2010; Mora-
Ramiro et al.,, 2020; Rostro-Alonso et al., 2024).

In this study, we develop a semi-automated network-based
chemoinformatic approach that integrates chemical similarity,
network pharmacology, and chemical space analysis to prioritize
compounds with potential biological activity. The main objective of
this work is to develop a tool for the construction and analysis of
network-based chemical spaces, designed to be easily implemented
in laboratories with limited expertise in computational methods. We
hypothesize that this integrative strategy can effectively guide the
identification of bioactive molecules. Our approach was capable of
identifying cacalol derivatives with anti-S. aureus potential by
exploring their connectivity within a biologically informed
chemical network. Beyond cacalol, this framework can be readily
applied to other scaffolds or compound libraries, providing a
scalable and data-driven

drug discovery.

strategy to accelerate early-stage
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2 Materials and methods

This section presents the use of a semi-automated protocol for
the generation of network-based chemical spaces, which enabled the
identification and prioritization of four in-house compounds, i.e.,
those routinely available in our laboratory. These compounds were
subsequently evaluated experimentally against S. aureus using
locally available biological models. The in-house compounds were
included in the study due to their accessibility and immediate
experimental feasibility, which allowed us to directly link the
computational results with biological validation within the
context of the present study.

2.1 Data obtaining and pre-processing

From the ChEMBL V. 33 database, 127,128 compounds with
reported minimum inhibitory concentration (MIC) activity
against S. aureus (Target ID: CHEMBL352) were retrieved
(Zdrazil et al., 2023). The MIC values were standardized to pg/
mL units. Subsequently, the SMILES codes of all compounds were
used to identify and remove duplicate structures, yielding a final
dataset of 127,060 unique compounds. Finally, four in-house
compounds were added, resulting in a total dataset of
127,064 compounds.

2.2 Network-based chemical space

An activity-based network allows the visual representation of
many chemical compounds through the paired distance calculation
between each pair of compounds in a dataset. In this protocol,
compounds with anti-S. aureus activity and in-house compounds
were used to construct it.

2.2.1 Distance-paired calculations

The automation of this step was implemented in KNIME
software, using different nodes, including KNIME base nodes,
KNIME base chemistry nodes, RDKit nodes, and KNIME
distance matrix extension (see in the supplementary material)
(KNIME Base nodes, 2025; KNIME Base Chemistry Types and
Nodes, 2025; KNIME Distance Matrix, 2025; KNIME RDKit node,
2025). ECFP4 fingerprint (1,024 bits) was calculated for each
compound, and the Tanimoto distance was calculated for each
pair of compounds (Dunn et al, 2023). The 10 most similar
compounds in each case were considered to construct the final
chemical space visualization. Supplementary Figure SI in the
illustrates  the workflow

supplementary —material section

implemented in KNIME software.

2.2.2 Chemical space visualization

A dimensional reduction method (t-SNE) was used to construct
a chemical space visualization, using classical druglikeness
descriptors (i.e., total molecular weight, cLogP, number of H
acceptors, number of H donors, polar surface area, and number
of rotatable bonds) (Lipinski et al., 1997; Veber et al., 2002; Ghose
et al.,, 1999) calculated in DataWarrior software V. 06.01 (Sander
et al,, 2015). The parameters used in the dimensional reduction
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FIGURE 1
Cacalol derivatives tested in the present work.

method (i.e., perplexity = 20, source dimensions = 6, and number of
interactions = 1,000) were maintained as default values.

2.2.3 Interactive visualization

The activity-based network was constructed using Datawarrior
software (Sander et al., 2015; Lopez-Lopez et al., 2019). For this, the
t-SNE 1 and t-SNE 2 coordinates were graphed as scatter plots. Each
compound (node) was connected according to the 10 most similar
compounds previously calculated. The activity values were represented
using a color scale from green (most active compound; 0.01 mg/mL to
red (most inactive compound; 100,000 mg/mL). Finally, the in-house
compounds were manually analyzed, while compound pairs exhibiting
similarity values greater than 0.5 Tanimoto units were examined
following well-established practices in cheminformatics (Maggiora
et al,, 2014; Bajusz et al,, 2015). To guarantee the reproducibility of
this protocol, the automated KNIME workflow and the interactive
activity-based network generated in DataWarrior software are
available in the supplementary material section.

2.3 Chemical experimental procedures

NMR spectra were measured at 300 MHz for 'H and 75.4 Hz for
C on a Varian Mercury 300 spectrometer or at 500 MHz for 'H and
125 MHz for *C on a Jeol® ECA 500 spectrometer from CDCl;
solutions containing tetramethylsilane as the internal reference.
Chemical shift values are reported in ppm and coupling
constants (J) are in Hz. HRESIMS spectra were measured on an
Orbitrap Exploris 120 mass spectrometer. Optical rotations were
recorded in CHCI; solutions on a PerkinElmer 341 polarimeter. IR
spectra were obtained on a BioTools dualPEM ChirallR FT
in CHCl; spectra were
measured in  EtOH on a  PerkinElmer  Lambda
12 spectrophotometer. Silica gel 230-400 mesh (Merck) and
aluminium oxide 90 active neutral 70-230 mesh (Merck) were

spectrophotometer solutions. UV

used for column chromatography.

2.3.1 Cacalol derivatives

The chemical conditions to obtain and purify compounds 1-3
(Figure 1) were reproduced by previous protocols (Lopez-Lopez
et al,, 2025b). Their 'H and "*C NMR data agreed with the reported
spectrum data (Liu et al., 2010; del Rio et al., 2021; Lopez-Lopez

Frontiers in Drug Discovery

10.3389/fddsv.2025.1724392

©) (4)

etal., 2025b). The spectrometric data are available in Supplementary
Figures S2-S7 in the supplementary material section.

2.3.2 Compound 4: 9-O-acetyloxy-3,4,5-
trimethylnaphthol[2,3-b]furan

A sample of cacalol acetate (2) (200 mg) in o-xylene (15 mL) was
treated with p-chloranil (700 mg). The mixture was refluxed for 20 h,
poured over ice-H,O, and evaporated to dryness. The residue was
purified by column chromatography on alumina using mixtures of
hexanes—EtOAc as the eluent, affording 9-O-acetyloxy-3,4,5-
trimethylnaphtho[2,3-b]furan (4) (8 mg, 4%) in fractions 12-17
(hexanes—EtOAc, 99:1). White solid; mp 154 °C-156 °C; lit. mp
154 °C-155 °C. IR, UV, and '"H NMR data were in agreement with
literature values (Romo and Joseph-Nathan, 1964; Joseph-Nathan
etal, 1966); >*C NMR § 168.7 (CO, Ac), 144.1 (CH, C-2), 143.9 (C, C-
9a), 135.7 (C, C-5), 130.7 (C, C-4a), 129.9 (C, C-3a), 1282 (CH, C-6),
127.1 (2C, C-4 or C-9), 126.4 (C, C-8a), 124.7 (CH, C-7), 119.3 (CH,
C-8), 116.8 (C, C-3), 26.8 (CHs, C-11), 20.7 (CHs, Ac), 19.7 (CHs, C-
12), 12.3 (CH;, C-10). The spectrometric data are available in
Supplementary Figures S8-5S13 in the supplementary material section.

2.4 Disk diffusion testing

The antibacterial susceptibility of S. aureus (ATCC 29213) was
evaluated using the disk diffusion method following the guidelines
outlined in the CLSI document M02-A14 (M02, 2025). Bacterial
suspensions were prepared from broth cultures and adjusted to a
0.5 McFarland standard (=1.5 x 10* CFU/mL). Mueller-Hinton agar
plates (90 mm in diameter) were uniformly inoculated with the
suspension to create a bacterial lawn. Subsequently, disks containing
the tested compounds (0.5 mM, 1 mM, or 20 mM) were placed on
the agar surface and incubated at 37 °C for 16 h. After that, inhibition
zones were measured in millimeters, and results were interpreted
based on CLSI M100-S35 performance standards (M 100, 2025; Skov
et al., 2006).

2.5 Resazurin-based microdilution assay
A 0.01% (w/v) resazurin solution was prepared by dissolving

resazurin sodium salt in sterile phosphate-buffered saline (PBS) at
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pH 7.2. The solution was sterilized by filtration through a 0.22 um
membrane filter and stored at 4 °C, protected from light, for up to
3 days to maintain stability and prevent degradation. As a sensitivity
control, penicillin 10 U/mL (6.027 pg/mL) solutions were prepared
following CLSI guidelines (Elshikh et al., 2016). Bacterial inoculum
was prepared by suspending colonies from overnight cultures in
sterile saline solution and adjusted to match the turbidity of a
0.5 McFarland standard (=1.5 x 108 CFU/mL).

In a sterile 96-well microtiter plate, 100 pL of the standardized
bacterial suspension was dispensed into each well. For positive
control wells, 50 uL of the control antibiotic (<2.0 ug/mL
oxacillin) or tested compounds were added. For negative
control wells, a volume of DMSO was added, while for the
experimental wells, 50 pL of each test compound preparation
in DMSO was added to 0.5 mM. All assays were performed in
triplicate. The plates were incubated at 37 °C for 60 min. Following
incubation, 50 uL of the sterile 0.01% resazurin solution was
added to each well, and the plates were reincubated for 4 h at
37 °C. Optical density readings at 560 nm were obtained using a
multiscan spectrophotometer (ThermoScientific). Background
absorbance was corrected by subtracting the readings from
wells containing only resazurin and a standardized bacterial
suspension (Bobenchik et al., 2015).

3 Results

In this work, a general network-based protocol was developed
(Figure 2A) and validated through in vitro assays to demonstrate its

Frontiers in Drug Discovery

utility as a rapid and convenient strategy for prioritizing compound
evaluations against defined biological endpoints. Subsequently, this
protocol was specifically applied to construct a network-based
chemical space of compounds with reported activity against S.
aureus (Figure 2B), which guided the biological testing of in-
house compounds (1-4).

Figure 2 illustrates the general protocol for constructing
network-based chemical spaces, divided into seven steps: (1)
Endpoint selection: choosing a relevant in vitro or in vivo model
guided by prior experimental evidence, literature, or model
availability; (2) Data acquisition: collecting information from
public or proprietary databases containing biological data (e.g.,
activity against specific targets, cell line assays, side effects, in
vivo outcomes, etc.); (3) Compound addition: incorporating
compounds to be tested; (4) Network-based chemical space
construction: generating a network from molecular descriptors
and similarity calculations, where nodes represent compounds
and edges connect structurally related neighbors; (5) Network
analysis: identifying clusters, key nodes, and structure-property
associations, focusing on compounds related to active ones; (6)
with
structurally related neighbors exhibiting the desired property or

Compound acquisition: ~selecting candidate molecules
activity; and (7) Experimental validation: testing the selected
compounds to confirm the associations predicted by the
network-based  approach, thereby linking computational
prediction to experimental confirmation.

Figure 3 illustrates the process of constructing a network-based
chemical space. Starting from a traditional chemical space, an

additional dimension is projected through the use of color coding
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Conceptual scheme the network-based chemical space construction. (A) Classical chemical space representation, where each square represents

one compound; (B) Chemical space colored according to activity (property); (C) Network-based chemical space representation, in which compounds
with direct structural relationships (based on similarity calculations) are connected. Gray squares denote untested (in-house) compounds. This figure is a
conceptual illustration of the general methodology and does not represent actual data from this study.
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Activity-based network of anti-S. aureus compounds. (A) Chemical space network of anti-S. aureus compounds; (B) Chemical space network of
anti-S. aureus compounds with direct structural similarity with in-house compounds (1-4); (C) Representative active molecules related to in-

house compounds.

(Figures 3A,B), leveraging known property information for each
compound in the initial dataset while also highlighting in-house
compounds lacking prior evaluation of that property. The
protocol further enables the identification of close structural
neighbors (similar compounds; Figure 3C) within the dataset,
capturing associations both between compounds with known
values of the property of interest and those without prior
experimental information, thus facilitating the prioritization of
untested molecules with high structural resemblance to tested
(active) ones.

Frontiers in Drug Discovery

3.1 Network-based chemical space

Figure 4 illustrates the network-based chemical space
constructed in this work, which enables the identification of
neighbors around the in-house compounds (Figures 4A,B). In
this network, in-house compounds (1-4) exhibited similarity
values above 0.57 with respect to confirmed active compounds
(j—n). The active compounds display MIC values ranging from
100 to 400 mg/mL (406 to 1,651 mM; Figure 4C), suggesting that
structurally related compounds may exhibit a similar activity range.
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shown). The data were normalized using the size of the inhibition disc. Evaluation of compound 3 at 20 mM was not possible due to low solubility. (B)
Normalized resazurin metabolism activity of cacalol derivatives. Each compound was evaluated at a concentration of 0.5 mM; PE = Penicillin (6.027 pg/

mL; 0.01692 mM). Each experimental condition was analyzed in triplicate.

3.2 Anti-S. aureus activity

The antibacterial susceptibility of S. aureus (ATCC 29213) to
cacalol derivatives (1-4) was assessed through two complementary
methods: the disk diffusion assay and the resazurin-based
microdilution assay (Figures 5A,B). The disk diffusion method
offered a qualitative evaluation of antibacterial activity by
measuring the ability of each compound to inhibit bacterial
growth on solid media; larger inhibition zones correspond to
stronger antibacterial effects (Saar et al., 2025). Conversely, the
resazurin-based microdilution assay provided a quantitative
measure of inhibitory concentration, where higher absorbance
(inhibition of resazurin metabolism) indicates higher antibacterial
potency (Foerster et al, 2017). Notably, compounds 1 and
4 demonstrated modest anti-S. aureus activity across both assays,
which is consistent with the structure-activity associations suggested
by our network-based approaches.

4 Discussion

Network-based chemical space is an emergent approach used to
accelerate the discovery and development of new drug candidates,
which allows for simplifying multidimensional variables in two or
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three dimensions, improving the explainability and analysis of
complex data (Talevi, A., 2024; Medina-Franco et al, 2021).
Nowadays, network-based chemical space representations are
among the most widely used chemical space visualizations,
offering multiple utilities in molecular design and discovery. For
example, regarding the decoding of structure-property (activity) and
polypharmacological relationships data (Maggiora and Bajorath,
2014; Wen et al., 2024; Kumari and Subbarao, 2023; Medina-
Franco et al, 2022), on the prediction of ADMET properties,
side and off-target effects (Yi et al, 2023; Shabani-Mashcool
et al, 2020), on the identification of putative targets (You et al,
2022), and to prioritize the selection of potentially active compounds
through the use of virtual screening campaigns (Goel et al., 2022;
Wu et al., 2022).

However, there are some issues to resolve before exploiting the
use of this kind of approach in drug design areas, which include (1)
the creation of more efficient protocols, to reduce the high
which their  exponential
implementation for large chemical libraries; (2) the semi-

computational  cost limits
automatization of this kind of protocols; and (3) the creation of
protocols that do not require extensive programming knowledge,
which would accelerate its adoption in medicinal chemistry,
pharmacology, and biology laboratories (Bajorath et al., 2022).

For this reason, in this work, we propose a general protocol
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implemented in KNIME, which is a free and easy-to-use software
that could be easily adapted for the hardware possibilities of each
kind of laboratory, which could democratize the use of this novel
strategy in underdeveloped countries, and not only in specialized in
silico laboratories.

Our results demonstrate the utility of the semi-automated
network-based chemical space protocol for the efficient discovery
of bioactive molecules, through the establishment of structure-
activity associations between active, inactive, and not-tested
compounds (in-house). In this regard, the derivatives of cacalol
were associated with an anti-S. aureus activity, which has been
experimentally validated. Interestingly, previous studies have
confirmed the anti-S. aureus activity of the plant extract, which
contains cacalol derivatives (Robles-Zepeda et al., 2011; Garcia-Pal
et al,, 2016), opening new perspectives for the use of the presented
protocol to decode the activity of natural product extracts, which
contain a vast list of compounds. This is particularly useful when
their activity cannot be associated directly with experimental data.
Additionally, other possible applications of the network-based
protocols are the use of multiparametric data (i.e., chemical,
biological, toxicological, environmental, or clinical data) to
activity
compounds, reducing the possibility of solubility issues, side

establish  multiple-structure associations of novel
effects, or bioavailability limitations (Medina-Franco et al., 2024;
Lopez-Lopez et al,, 2022). For example, our case study highlights
that other factors influencing compound behavior must still be taken
into account by the users. Indeed, it is common in virtual screening
protocols for compounds to appear inactive due to physicochemical
limitations—such as poor solubility—rather than true lack of
activity (Chand Dakal et al., 2025). For instance, compound
3 exhibited solubility issues during disk diffusion assays, which
limit the complete characterization of its activity using aqueous
in vitro models. This is a well-documented limitation in virtual
screening workflows, where compounds that fail physical property
filters
recommend adapting this

can generate misleading outcomes. Therefore, we
methodology by

classical virtual screening approaches focused on ADMET-

incorporating

related criteria before proceeding to in vitro evaluations (Corréa
Verissimo et al., 2024).

In addition, it is important to acknowledge that the evaluated
cacalol derivatives (1-4) exhibited only modest antibacterial activity,
falling within the high-micromolar to low-millimolar range
(0.5-20 mM). This limited potency is consistent with the activity
of the most similar known active compounds in the dataset: the
reference molecules j-n, which share similarity values above
0.57 with the in-house compounds, display MIC values between
100 and 400 mg/mL (406-1,651 mM; Figure 5C). These
observations suggest that the chemical neighborhood explored
here is intrinsically associated with weak antibacterial
activity—an aspect that likely reflects intrinsic limitations of the
underlying scaffold rather than shortcomings of the computational
workflow itself. From a conventional hit-discovery perspective,
compounds with low-micromolar activity are generally preferred
as starting points for optimization, whereas millimolar-range
activity is typically considered too weak to constitute a viable hit
(Zhu et al,, 2013). Accordingly, the cacalol derivatives identified here
should be regarded as preliminary hits that offer structural insight

rather than as fully validated antibacterial leads.
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Nevertheless, the primary goal of this study was not to deliver
optimized hit-level compounds but to evaluate the ability of the
network-based protocol to prioritize chemical candidates, reveal
structure-activity associations, and support early decision-making.
Even weakly active compounds can be mechanistically informative
when they form coherent clusters, align with independent
ethnopharmacological evidence, or highlight conserved chemical
features. Looking forward, several strategies could further enhance
the likelihood of identifying more potent candidates, including
space to
bioactivity annotations, integrating physicochemical or ADMET-

expanding the chemical incorporate additional
guided filters, applying alternative similarity metrics or network
embeddings, and exploring scaffold hopping to reach adjacent, more
bioactive chemical neighborhoods. Such refinements, together with
targeted experimental validation, will be essential for advancing the
most  promising  candidates  identified  through  the
proposed workflow.

Finally, although this work was primarily focused on exploring
structure-activity associations (Lopez-Lopez et al, 2025a), the
concept developed here can be extended to the study of other
properties not related to the biological or pharmacological
domains. In particular, the same framework can be adapted for
the decoding of properties in diverse fields such as food chemistry
(Foodinformatics, 2014), materials science (Yosipofetal., 2016), and
polymer chemistry (Barbulescu and Barbes, 2025), among others,
thereby broadening its applicability beyond the scope of the present
study. Finally, this study has some limitations. The dimensionality
reduction approach may oversimplify structural relationships,
potentially leading to an overestimation of the predicted activity
of in-house compounds (Jia et al., 2022; Orlov et al., 2025). For this
reason, we suggest applying the proposed methodology in
with screening  approaches.

Nonetheless, the network-based framework proved effective as a

combination classical ~ virtual
rapid and informative strategy to prioritize compounds and guide

future optimization efforts.

5 Conclusion

Network-based chemical space analysis offers a powerful
associations  (or

approach for decoding structure-activity
relationships) and prioritizing candidate molecules in large and
diverse chemical libraries. Here, we implemented a semi-automated
protocol that integrates chemical similarity and chemical space
concepts to guide the biological evaluation of in-house
compounds. Using a curated database of compounds with
documented activity against S. aureus, we identified cacalol
derivatives as promising candidates and experimentally validated
analogues with consistent antibacterial activity.

This proof of concept illustrates how network-based workflows
can bridge computational associations and experimental validation,
accelerating early-stage drug discovery while lowering technical and
computational barriers. The methodology can be extended to
multiparametric datasets that integrate chemical, biological,
ADMET-related data,

improving the selection of compounds with balanced activity and

criteria, clinical, or environmental

favorable properties. By making such workflows accessible to

laboratories with varying resource levels, this approach
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contributes to the democratization of advanced chemoinformatics
tools and supports the discovery of new therapeutic candidates
against pressing health threats.
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