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Abstract: The search for novel photoprotective substances has become a challenge in cosmeceutical
research. Streptomyces-derived compounds can serve as a promising source of photoprotective
agents to formulate skin photoprotection products, such as sunscreens. This study aimed to identify
specialized metabolites with the potential to modulate UV-induced cellular damage in the skin by
identifying potential multi-target-directed ligands. Using a combination of ligand- and target-based
virtual screening approaches, a public compound library comprising 6524 Streptomyces-derived
specialized metabolites was studied for their photoprotective capability. The compounds were
initially filtered by safety features and then examined for their ability to interact with key targets in
the photodamage pathway by molecular docking. A set of 50 commercially available UV filters was
used as the benchmark. The protein–ligand stability of selected Streptomyces-derived compounds was
also studied by molecular dynamics (MD) simulations. From the compound library, 1981 compounds
were found to meet the safety criteria for topically applied products, such as low skin permeability
and low or non-toxicity-alerting substructures. A total of 34 compounds had promising binding scores
against crucial targets involved in UV-induced photodamage, such as serotonin-receptor subtype
5-HT2A, platelet-activating factor receptor, IL-1 receptor type 1, epidermal growth factor receptor,
and cyclooxygenase-2. Among these compounds, aspergilazine A and phaeochromycin F showed the
highest ranked interactions with four of the five targets and triggered complex stabilization over time.
Additionally, the predicted UV-absorbing profiles also suggest a UV-filtering effect. Streptomyces
is an encouraging biological source of compounds for developing topical products. After in silico
protein–ligand interactions, binding mode and stabilization of aspergilazine A and phaeochromycin
F led to the discovery of potential candidates as photodamage multi-target inhibitors. Therefore, they
can be further explored for the formulation of skin photoprotection products.

Keywords: sunscreen; photodamage; Actinobacteria; molecular docking; sunlight

1. Introduction

Unprotected sun overexposure produces deleterious effects involving the detriment
of cell membrane integrity and the induction of DNA damage, which can result in skin
cancer [1,2]. The use of sunscreens is among the common photoprotection measures [3];
however, most of the sunscreens currently available focus on avoiding erythema but are
ineffective against other photodamage outcomes such as oxidative stress and immunomod-
ulation [4]. In addition to this limitation, several ultraviolet (UV) filters have claims for
their safety (comprehensively reviewed by Paiva et al. [5]), ecotoxicity (aquatic ecosystem
pollution) [6], marine life detriment [7–9], and bioaccumulation [10]. Under this scenario,
research on new photoprotective agents is in high demand.
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Sunlight irradiation is crucial for optimal health status. However, the portion of
the spectrum below 400 nm (i.e., UV-B: 290–320 nm, and UV-A: 320–400 nm) can have
acute and chronic harmful effects, most evident on the main exposed tissue, the skin.
This UV-induced detrimental status is known as photoaging, and its development is
mediated by several molecular mediators (previously reviewed by Poon et al. [11] and
Bernard et al. [12]). This phenomenon has a clear immunomodulatory context involving
numerous cytokines such as TNF-α, IL-1α, IL-1β, IL-4, IL-10, and PGE [11–16]. Intriguingly,
the signaling pathways of many of these events include different membrane receptors
found widely in keratinocytes and mast cells (Figure 1) [12–16]. This enables topical
agents to block ligand binding with crucial receptors in photodamage molecular signaling,
thereby producing a photoprotective effect. In contrast, most sunscreens comprise organic
compounds that absorb UV radiation, and few incorporate bioactive agents that prevent
the immunomodulatory signaling cascade.
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Figure 1. Schematic model of proteins involved in photodamage recognition and their inhibition
sites. IL-1 receptor type I (IL-1R1), serotonin-receptor subtype 5-HT2A, platelet-activating factor
receptor (PAF-R), epidermal growth factor receptor (EGF-R), and cyclooxygenase-2 (COX-2) are
crucial mediators in UV-induced carcinogenesis [12–16]. UV absorption by chromophores (e.g., cis-
urocanic acid) induces the formation and release of damage-associated molecular patterns (DAMPs),
which activate skin cell receptors with immunomodulatory effects (i.e., IL-1R1, 5-HT2A, PAF-R, and
EGF-R). Arrows indicate locations of the binding sites for each target.

An effective photoprotective agent hinders the photodamage mechanism by prevent-
ing oxidative stress and inflammation in addition to UV filtering [17,18]. However, most
sun protection products employ UV filters as a functional ingredient [19,20], focusing on
the mitigation of radiation while regardless of the control of cellular response, such as an
increase in reactive oxygen intermediates and inflammatory response [21]. Currently, there
is a claim to incorporate antioxidant agents into sunscreens [22]. Moreover, photoprotec-
tive agents must have low or no dermal bioavailability [23] to avoid side effects such as
mutagenicity, hepatotoxicity, and endocrine disruption [24]. Such parameters should be
taken into consideration when selecting active sunscreen ingredients.

Natural resources are an interesting and promising source of compounds possessing
potent biological properties that have been traditionally exploited by the pharmaceutical
industry [25]. The omics-based advances allowed the industry to overcome the main
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constraints that usually challenge the development of products from naturally occurring
compounds. Indeed, microbial-derived compounds offer a promising approach from ap-
plying culture media and metabolic and genetic engineering, among other alternatives [26].
Within the microorganism taxa, Streptomyces bacteria belonging to the Actinobacteria phy-
lum provide a noteworthy model to search for biologically active metabolites, being the
source of two-thirds of clinically employed antibiotics [27]. Furthermore, Streptomyces-
derived metabolites with photoprotective potential have been recently reviewed [28], and
compounds with antioxidant, anti-inflammatory, and UV-absorbing capacities were found.
Although some compounds exhibited antioxidant and anti-inflammatory properties, no
studies found three characteristics, as no photoprotective role was jointly observed. On
the other hand, the chemo- and biodiversity shown by Streptomyces, along with the un-
derstanding about their culturing and metabolism regulation [27], led to the hypothesis
that they can be considered as an encouraging resource of specialized metabolites with
photoprotection-related activities. As this research can be highly expensive and time-
consuming, computer-aided screening (i.e., in silico) is a valuable approach offering the
opportunity to exploit large chemical libraries.

Various drugs have been discovered via in silico approaches [29], which have increas-
ingly become important for drug design and development [30]. Virtual screening (VS)
methods have demonstrated advantages over experimental high-throughput screening,
such as in the fast and affordable discovery of lead and hit structures [31]. Additionally, the
VS approach enables the study of compounds against targets whose experimental models
do not exist. Another important advantage is the possibility of focusing on more than
one biological target (multi-target drug discovery) [32], offering the potential to overcome
some of the main limitations of the classical “one target, one drug” strategy [33]. Molecular
docking (a three-dimensional [3D] target-based VS approach) [34] remains one of the most
valuable drug discovery techniques over the past few years [35]. Once a suitable protocol is
reached, predictions of ligand–target interactions can be accurately achieved by molecular
docking [36,37], with the added benefit of being able to assess novel targets. Such ligand–
target interactions through evaluation of the geometric properties of the simulated complex
can be complemented by molecular dynamics (MD) simulations to explore information
about binding mode and complex stabilization [38].

In this study, using a curated database with Streptomyces-derived compounds [39], we
performed a computer-aided evaluation to disclose and identify photoprotective agents
with improved safety and effectiveness features. Based on the protein structures available
in the Protein Data Bank (PDB), we selected five crucial targets in the development of UV-
induced damage (5-HT2A, PAF-R, IL-1R1, EGF-R, and COX-2) [12,40]. Following a multi-
target approach, we identified a group of compounds with promising docking scores with
corresponding four out of the five screened targets. Additionally, MD simulations indicated
that these compounds can stabilize the simulated complexes over time, involving various
binding modes. Considering the role of these receptors in the signal transduction pathway
of photodamage recognition, these compounds could act as potent photoprotective agents.

2. Materials and Methods
2.1. Ligand Selection and Preparation

The StreptomeDB 3.0 database, comprising 6524 compounds, was selected, as it
provides a comprehensive repository of manually curated Streptomyces-derived metabo-
lites [39]. The compound SMILES was collected from this database and entered into Osiris
DataWarrior v5.5.0 [41] to calculate physicochemical properties and toxicological profiles.
The compounds were filtered as follows: (1) according to their skin permeability potential
and (2) their toxicological risk potential. The filtered compounds were then clustered
by similarity based on the Flexophore descriptor in the DataWarrior v5.5.0 software. A
representative molecule from each cluster was chosen for 3D sketching and optimization.
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2.2. Protein Selection and Preparation

Five proteins involved in UV-induced skin damage were selected [12,40]; namely,
platelet-activating factor receptor (PAF-R; PDB ID: 5ZKP), 5-hydroxytryptamine receptor 2A
(5-HT2A; PDB ID: 6A94), interleukin-1 receptor type 1 (IL-1R1; PDB ID: 4GAF), epidermal
growth factor receptor (EGF-R; PDB ID: 4UV7), and prostaglandin G/H synthase 2 (COX-2;
PDB ID: 5F1A). The X-ray crystallographic structures of these proteins were searched in
the PDB using the coding gene names. The canonical sequences and topology descriptions
were considered for selecting protein structure entry (information was obtained from the
Universal Protein Resource) (UniProt, https://www.uniprot.org/ (accessed on 12 July
2022)). Entries with the highest identity to the native protein with the best resolution were
selected for molecular docking analysis.

2.3. Molecular Docking Studies

Target-based virtual screening was performed using AutoDock tools and the Vina
plug-in [42]. Binding scores were calculated on a computer running Ubuntu 20.04.2 LTS
64-bit equipped with an Intel®Core™i7-4702MQ processor CPU @ 2.2 GHz (8 CPU) and
8 GB DDR3 RAM. According to each target’s biochemical features, the grid box was defined
as follows: PAF-R, 5-HT2A, and COX-2 proteins with well-documented inhibition sites.
Therefore, co-crystallized ligands were used for the grid box coordinate definition. For IL-
1R1 and EGF-R, the grid box was specified based on their protein−protein interaction hot
spots, whose inhibition capability has been previously described [43,44]. Thus, for IL-1R1,
the grid box was defined on Arg271, Arg272, Glu202, Glu171, and Val117 residues [43],
while the EGF-R grid box was defined on Tyr246/Tyr251 residues [44]. The coordinates
of the grids used for each target were as follows: 5ZKP = 33.962, −5.769, and 9.629;
6A94 = 16.258, −0.380, and 56.903; 4GAF = −21.570, −35.710, and 21.150; 4UV7 = −40.725,
−15.276, and 7.992; and 5F1A = 41.800, 24.200, and 240.100. Each cubic box was set to
25 × 25 × 25 number of points (npts) with 0.375 Å spacing. Three-dimensional visualization
of the selected protein−ligand complexes’ docking sites was performed in Discovery Studio
Visualizer v21.1.0.20298 (BIOVIA, San Diego, CA, USA).

2.4. Quantum Properties of Top-Ranked Compounds and Theoretical Predictions of UV Spectra of
A1 and A3

The SMILES of the top-ranked Streptomyces-derived compounds (n = 34) were trans-
formed into 3D structures and compiled into an sdf file using Standardizer 19.21.0, 2019,
ChemAxon (http://www.chemaxon.com; accessed on 2 April 2021). A Monte Carlo ran-
domized conformational search was then performed, without any geometrical restrictions,
using the semi-empirical AM1 parameterization using Spartan’14 (Wavefunction, Irvine,
CA, USA) with a limit of 500 conformers. Energetically lowest stable conformers, within
a 5 kcal/mol energy range, were geometrically optimized at the density functional the-
ory (DFT) level using the B3LYP hybrid functional and 6-31+G (d,p) basis set using the
Gaussian 09 program (Gaussian Inc., Wallingford, CT, USA). After structural optimization,
harmonic vibrational frequencies were calculated at the same level of theory to verify the
reliability of the stationary point at a minimum. All structures were converged successfully.
The number of imaginary frequencies was zero for all the stationary points. During ge-
ometry optimization, the highest energy occupied molecular orbital (HOMO) and lowest
energy unoccupied molecular orbital (LUMO) were also computed for further analysis. In
addition, UV−Vis absorption spectra were also simulated for aspergilazine A (A1) and
phaeochromycin F (A3) (disclosing allowed electronic transitions with wavelength and
intensity) using time-dependent DFT formalism within the linear response regime using
B3LYP functional with the 6-31+G (d) basis set. The polarizable conductor calculation
model (CPCM) of solvation was employed for all calculations using water (ε = 78.36) as
solvent [45]. The theoretical absorption was normalized for comparative purposes.

https://www.uniprot.org/
http://www.chemaxon.com
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2.5. Molecular Dynamics Simulations

MD simulations were conducted for the two top-ranked, best-docked compounds
(A1 and A3; see Table 1) to explore the performance over time of these ligands within
the binding sites of four targets (PAF-R, 5-HT2A, IL-1R1, and EGF-R), using the YASARA
v19.12.14 program (Biosciences GmbH, Vienna, Austria) [46] on Win10 and Dell Worksta-
tion. MD simulations were carried out using the AMBER14 force field in an explicit water
environment and under constant pressure, periodic cell boundary condition, and 310 K.
The solvated structure was minimized using the steepest descent method for 5000 steps at
a temperature of 295 K and constant pressure. The simple point charge (SPC) water model
was then implemented for solvation in a triclinic box using a 1.0 nm margin distance. There-
after, 0.10 M NaCl was added to the simulation systems, and the water molecules were
randomly replaced until neutrality. NVT (constant volume and temperature) equilibration
at 310 K for 500 ps, followed by NPT (constant pressure and temperature) equilibration for
2000 ps using the Parrinello-Rahman method at 1 bar as a reference, were performed on the
systems using position restraints. After equilibration, a production MD was run for 50 ns at
a constant temperature (310 K) and pressure (1 bar). The coordinates were recorded every
10 ps. The electrostatic forces were calculated using the particle-mesh Ewald (PME) method.
Periodic boundary conditions were used in all simulations, and covalent bond lengths
were constrained by the linear constraint solver (LINCS) algorithm. The root mean square
deviation (RMSD), root mean square fluctuation (RMSF), and radius of gyration (RoG) were
analyzed for MD simulations. In addition, the binding free energy (BFE) was calculated
using the g_mmpbsa tool [47]. These BFE calculations were performed for 60 snapshots
taken at intervals of 500 ps during the last stable 30 ns MD simulations.

Table 1. Molecular docking results of Group A compounds.

Ligand 5−HT2A BS a RSD b IL−1R1 BS a RSD b PAF−R BS a RSD b EGF−R BS a RSD b

A1 −11.49 ± 0.03 0.28 −8.88 ± 0.28 3.13 −12.20 ± 0.00 0.00 −8.50 ± 0.00 0.00
A2 −5.50 ± 0.00 0.00 −9.10 ± 0.00 0.00 −12.40 ± 0.05 0.38 −9.14 ± 0.13 1.38
A3 −11.30 ± 0.00 0.00 −7.91 ± 0.03 0.40 −11.46 ± 0.05 0.45 −8.40 ± 0.00 0.00

a BS = Binding scores as Vina outcome in kcal/mol. b Relative standard deviation, calculated from 10 independent
docking runs.

2.6. Data Exploration and Statistical Analysis

Frequency distribution, mean, standard deviation, and relative standard deviation
were used to describe the data. A Venn diagram was generated using the web-based tool
InteractiVenn [48] to analyze the logical relationship between the hits found for each target
(i.e., dataset). Inferential statistical analyses included the assessment of independence
and normality distribution and homoscedasticity assumptions before each analysis. A
descriptive summary of other results is presented. Receiver operating characteristic (ROC)
curves were constructed, and the nonparametric Mann–Whitney U test was performed
in GraphPad Prism v9.0.0 (GraphPad Software, San Diego, CA, USA). Differences were
considered statistically significant at p < 0.05.

3. Results
3.1. Filtering of Streptomyces-Derived Compounds

To optimize the search for improved photoprotective agents in the StreptomeDB 3.0
database [39], we initially performed a selection based on skin permeability-related physico-
chemical properties. Percutaneous absorption is a decisive criterion for both the effectiveness
and safety profile of photoprotective agents [49] and is related to physicochemical properties
such as MW, melting point, H-donors, H-acceptors, cLogP, and cLogS [50]. Considering that
the combination of MW, H-acceptors, cLogP, and cLogS works as a good predictor to classify
the compound library into good and bad penetrants (i.e., “good penetrants” molecules with
MW ≤ 152, H-acceptors ≤ 3, cLogP < 2.6, and cLogS ≥ −2.3; “bad penetrants” molecules
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with MW > 213, H-acceptors ≥ 3, cLogP > 1.2, and cLogS < −1.6 [50]), these parameters were
then calculated and used to filter the 6524 database compounds.

As a reference group, we selected 50 approved organic UV filters (AUVFs) [19,20].
From this group, we evaluated how AUVFs complied with the values as bad penetrants
(i.e., with a poor dermal absorption capability). Remarkably, the AUVFs had the char-
acteristics of bad penetrants. All of them met the criterion for at least one of the bad
penetrant predictors (i.e., MW, H-acceptors, cLogP, and cLogS), while the majority (63.46%)
fulfilled the criteria for four parameters (Figure 2a). According to this outcome, these
parameters were also calculated for the whole StreptomeDB 3.0 library (Figure 2b). Thus,
3237 compounds (49.62%) were found to accomplish the criteria for four parameters
(i.e., poorly penetrant compounds). The filtered compounds were examined for potential
toxicity risk predictions to continue searching for enhanced prospects, such as mutagenicity,
tumorigenicity, and reproductive and irritant effects.
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For the 3237 selected compounds, potential toxicity risks were also predicted using
DataWarrior v5.5.0 software (Figure 3, AUVFs provided a basis for comparison). DataWar-
rior classifies the risk into “high,” “low”, and “none” risks. As a result, 1981 (61.20%)
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were predicted as “low” or “none” risk, contrasting with the 16.00% shown by AUVFs
(Figure 3a). This low proportion of innocuousness in AUVFs is consistent with their current
safety concerns [5]. This explores a possibility to find fewer toxic substances in the selected
Streptomyces-derived compounds.

To continue filtering the chemical library, considering the likelihood of compounds
with similar molecular-binding behavior, we analyzed the 3D-pharmacophore similarities
within the double-filtered 1981 compounds using the Flexophore descriptor in DataWar-
rior [41]. This evaluation enabled the identification of 931 clusters with a unique ligand–
protein interaction profile. The cluster size varied from 1 to 40 members; however, most
(565; 57.59%) were single-member clusters (Table S1). A representative compound from
each cluster was used for target-based virtual screening against PAF-R, 5-HT2A, IL-1R1,
EGF-R, and COX-2 (proteins involved in UV-induced skin damage [12,40]).

3.2. Molecular Docking Studies: Target-Based Virtual Screening

Molecular insights into the mechanisms of UV-induced deleterious effects have en-
abled the exploration of photoprotective strategies based on the search for inhibitors of
crucial “targets” involved in skin photodamage/photoaging. Herein, we conducted target-
based VS by molecular docking using the PDB structures of PAF-R, 5-HT2A, IL-1R1, EGF-R,
and COX-2 as targets. The co-crystallized ligands for PAF-R, 5-HT2A, and COX-2 were
re-docked to validate the docking protocol. Comparing the poses of the re-docking exercise
with the experimental co-crystallized binding poses, the RMSD calculated were lower than
1.5 Å (Figure 4), indicating that the docking protocol could closely reproduce those binding
poses [51]. In addition, a benchmarking approach was also used to assess the docking
performance from the binding score results of the experimentally evaluated inhibitors in
comparison to those of a group of inactive compounds (Figure 4d–f). The area under the
curve (AUC) values of ROC curves were moderately well-fitted(>0.70), demonstrating that
docking could discriminate between active and inactive compounds [51]. Unfortunately,
these validations could not be performed for IL-1R1 and EGF-R because no experimental
data involving the binding sites explored here were available.
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Figure 4. Docking protocol performance from experimentally evaluated ligands. The upper pan-
els show the cartoon ribbon models with the co-crystallized ligands (yellow) and the re-docked
ligands (blue) accompanied by the RMSD value. (a) Foropafant bound to PAF-R (PDB file: 5ZKP).
(b) Zotepine bound to 5-HT2A receptor (PDB file: 6A94). (c) Salicylate bound to COX-2 (PDB file:
5F1A). The lower panels show the receiver operating characteristic (ROC) curves based on data
obtained by a benchmarking analysis of active and inactive ligands. (d) Ligands against PAF-R
(n = 351, p < 0.0001). (e) Ligands against 5-HT2A receptor (n = 449, p < 0.0001); (f) Ligands against
COX-2 (n = 665, p < 0.0001).
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Once the docking protocol was validated, the 931 representative compounds (defined
by the Flexophore descriptor) were evaluated for in silico prediction of putative competitors.
The binding scores varied for all targets. To select the compounds with the highest affinities,
we analyzed the distribution of the binding scores by histograms for each target (Figure 5).
Compounds within the lower 5th percentile were considered to have the best binding scores.
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Figure 5. Results of the target-based virtual screening. Histograms analyzed the frequency distribu-
tion of the binding scores for each target. The X-axis represents the bin center of the binding score
ranges, and the Y-axis represents the number of values. Red bars indicate values with the lower 5th
percentile. Molecular docking results for (a) IL-1R1; (b) EGF-R; (c) PAF-R; (d) 5-HT2A; (e) COX-2.

3.3. Identification of Multi-Target Ligands

Multi-target compounds were screened by drawing a Venn diagram with the molecules
showing the best binding scores for each target (Figure 6). No compounds showed a high
affinity for the five targets (i.e., zero at the intersection formed with the five targets).
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Figure 6. Multi-target representative compounds identified in the virtual screening. The compounds
showing the best binding scores for each target were selected. The common compounds among the
targets were identified using a five-way Venn diagram. The number of compounds selected for each
group are in parentheses after oval shape headings. Common metabolites for at least three targets
were defined as multi-target compounds. We found 14 multi-target representative compounds based
on the intersects: (A) 5-HT2A, PAF-R, IL-1R1, and EGF-R; (B) 5-HT2A, PAF-R, and IL-1R1; (C) 5-HT2A,
IL-1R1, and COX-2; (D) 5-HT2A, PAF-R, and COX-2.
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We also identified compounds found in the intersections involving at least three
targets, suggesting a multi-target high affinity. These compounds were classified into four
groups (one per intersect) according to the proteins against which they showed the highest
affinity, as follows:

1. Intersect A: two compounds with high affinity for 5-HT2A, PAF-R, IL-1R1, and EGF-R.
2. Intersect B: seven compounds with high affinity for 5-HT2A, PAF-R, and IL-1R1.
3. Intersect C: a compound with high affinity for 5-HT2A, IL-1R1, and COX-2.
4. Intersect D: four compounds with high affinity for 5-HT2A, PAF-R, and COX-2.

Remarkably, 5-HT2A receptor was a common target in each group. The identified
compounds corresponded to representative compounds from the clustering obtained using
the Flexophore descriptor. As these 14 compounds represented 34 different compounds
(i.e., 14 representative and 20 unevaluated cluster members), a new docking evaluation
was performed with all the clustered compounds.

Among the 34 compounds (Figure 7), seven were unique (i.e., the Flexophore descriptor
did not find similarity with another compound, and they corresponded to A3, B21, B22,
B23, B24, D33, and D34). In contrast, the remaining 27 compounds were grouped into
seven clusters: (i) A1–A2, (ii) B4–B8, (iii) B9–B13, (iv) B14–B20, (v) C25–C28, (vi) D29–D39,
and (vii) D31–D32. As expected, in most cases (90.48%), the compounds within each
cluster displayed similar binding scores (Tables 1–4), supporting the usefulness of the
Flexophore descriptor in filtering large chemical libraries to time and cost optimization in
VS campaigns.
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Table 2. Molecular docking results of Group B compounds.

Ligand 5−HT2A BS a RSD b IL−1R1 BS a RSD b PAF−R BS a RSD b

B4 −10.00 ± 0.00 0.00 −7.50 ± 0.00 0.00 −11.00 ± 0.00 0.00
B5 −9.90 ± 0.00 0.00 −7.81 ± 0.03 0.40 −10.30 ± 0.00 0.00
B6 −9.60 ± 0.00 0.00 −7.40 ± 0.00 0.00 −11.06 ± 0.05 0.47
B7 −9.61 ± 0.03 0.33 −7.00 ± 0.00 0.00 −10.50 ± 0.32 3.01
B8 −10.71 ± 0.03 0.30 −7.74 ± 0.21 2.67 −11.80 ± 0.00 0.00
B9 −10.51 ± 0.03 0.30 −7.60 ± 0.00 0.00 −11.70 ± 0.00 0.00
B10 −10.40 ± 0.00 0.00 −7.69 ± 0.03 0.41 −11.39 ± 0.03 0.28
B11 −10.80 ± 0.00 0.00 −7.51 ± 0.03 0.42 −11.41 ± 0.03 0.28
B12 −10.66 ± 0.05 0.48 −7.60 ± 0.00 0.00 −11.60 ± 0.00 0.00
B13 −10.53 ± 0.05 0.46 −7.80 ± 0.00 0.00 −12.10 ± 0.00 0.00
B14 −10.37 ± 0.41 3.96 −7.50 ± 0.00 0.00 −10.80 ± 0.00 0.00
B15 −8.71 ± 0.03 0.36 −7.18 ± 0.38 5.29 −10.40 ± 0.00 0.00
B16 −10.00 ± 0.00 0.00 −7.19 ± 0.37 5.10 −10.58 ± 0.04 0.40
B17 −9.70 ± 0.00 0.00 −7.23 ± 0.35 4.79 −10.10 ± 0.00 0.00
B18 −7.94 ± 0.18 2.24 −6.50 ± 0.17 2.61 −11.19 ± 0.03 0.28
B19 −8.36 ± 0.05 0.62 −6.85 ± 0.13 1.85 −10.00 ± 0.00 0.00
B20 −8.89 ± 0.03 0.36 −6.40 ± 0.00 0.00 −10.90 ± 0.00 0.00
B21 −10.50 ± 0.00 0.00 −7.59 ± 0.23 3.07 −11.00 ± 0.00 0.00
B22 −10.50 ± 0.00 0.00 −7.59 ± 0.06 0.75 −10.97 ± 0.05 0.44
B23 −10.10 ± 0.00 0.00 −7.69 ± 0.03 0.41 −10.80 ± 0.00 0.00
B24 −11.91 ± 0.03 0.27 −7.38 ± 0.04 0.57 −13.91 ± 0.03 0.23

a BS = Binding scores as Vina outcome in kcal/mol. b Relative standard deviation, calculated from 10 independent
docking runs.

Table 3. Molecular docking results of Group C compounds.

Ligand 5−HT2A BS a RSD b IL−1R1 BS a RSD b COX−2 BS a RSD b

C25 −10.76 ± 0.07 0.65 −7.38 ± 0.04 0.57 −8.93 ± 0.05 0.54
C26 −10.77 ± 0.05 0.45 −7.42 ± 0.06 0.85 −8.63 ± 0.05 0.56
C27 −11.45 ± 0.05 0.46 −7.40 ± 0.00 0.00 −8.83 ± 0.05 0.55
C28 −10.64 ± 0.07 0.66 −7.19 ± 0.06 0.79 −8.43 ± 0.15 1.77

a BS = Binding scores as Vina outcome in kcal/mol. b Relative standard deviation, calculated from 10 independent
docking runs.

Table 4. Molecular docking results of Group D compounds.

Ligand 5−HT2A BS a RSD b PAF−R BS a RSD b COX−2 BS a RSD b

D29 −9.96 ± 0.05 0.52 −10.59 ± 0.03 0.30 −8.69 ± 0.03 0.36
D30 −8.20 ± 0.00 0.00 −8.52 ± 0.04 0.49 −7.80 ± 0.28 3.58
D31 −10.10 ± 0.00 0.00 −10.75 ± 0.05 0.49 −6.89 ± 1.80 26.06
D32 −8.81 ± 0.06 0.64 −9.90 ± 0.00 0.00 −6.01 ± 1.45 24.12
D33 −12.27 ± 0.05 0.39 −11.71 ± 0.03 0.27 −8.96 ± 0.05 0.58
D34 −11.59 ± 0.03 0.27 −11.64 ± 0.07 0.60 −9.16 ± 0.38 4.16

a BS = Binding scores as Vina outcome in kcal/mol. b Relative standard deviation, calculated from 10 independent
docking runs.

Although several compounds displayed encouraging binding scores (Tables 1–4), A1
(aspergilazine A) and A3 (phaeochromycin F) exhibited the highest affinities against the
highest number of targets among the evaluated compounds (Table 1). The former is an
indole/pyrazinedione-containing alkaloid, and the latter is a chromen-4-one/pyran-2-one-
containing polyketide; both types have been previously described with photoprotection-
related activities [28]. Based on these observations, the binding modes of these compounds
were analyzed.

As several UV filters have been reported to have anti-inflammatory activity [52], we
evaluated their behavior as ligands against the five targets (i.e., 5-HT2A, PAF-R, IL-1R1, EGF-
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R, and COX-2). Unlike COX-2, significant differences (p < 0.0001) were found between the
binding scores of AUVFs and Streptomyces-derived compounds with the remaining targets
(Figure 8). Intriguingly, this result is consistent with the fact that benzophenone derivatives
have shown COX-2 inhibitory activity [52]. These results imply that Streptomyces-derived
compounds could offer a new strategy for skin photoprotection.
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Figure 8. Comparison between the binding scores showed by UV filters and Streptomyces-derived
compounds with the best binding scores. Binding scores of AUVFs were calculated using the docking
protocol described before. The distribution of the docking results for both groups is shown by a box
and whiskers graph. The nonparametric Mann–Whitney U test was used to evaluate the significant
difference between the groups (i.e., AUVFs vs. Streptomyces-derived compounds) for each target;
**** p-value < 0.0001.

3.4. Binding Modes of Aspergilazine A and Phaeochromycin F

Aspergilazine A (A1) showed a higher affinity for PAF-R than for 5-HT2A. However,
there was no significant difference in the affinity between IL-1R1 and EGF-R (Table 1). This
is partially explained by the type and geometry of the interactions between the ligand and
the residues in the respective binding sites (Figure 9).
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Figure 9. Receptor–ligand interactions of aspergilazine A (A1). The interactions between aspergi-
lazine A and the residues involved in the binding sites for (a) 5-HT2A; (b) PAF-R; (c) IL-1R1;
(d) EGF-R are depicted. In (a), the aspergilazine A substructures are indicated as follows: A and D
represent the pyrrole [1,2-a] pyrazin-4-one moiety; B and C represent the indole moiety. The color
legend indicates the type of interaction. Green color represents H-bond-type interactions, and the
pink−purple color is used for hydrophobic interactions.
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For instance, although A1 formed more conventional H-bonds with 5-HT2A (residues
Cys227, Phe234, and Ser242; Figure 9a) than with PAF-R (residues Tyr77, Tyr151, and Tyr177;
Figure 9b), the H-bonds with PAF-R were stronger than those for 5-HT2A (i.e., 2.56 ± 0.27 Å
for PAF-R against 2.79 ± 0.48 Å for 5-HT2A). Regarding IL-1R1 and EGF-R, the lower number
of conventional H-bonds in EGF-R was compensated for by a higher number of hydrophobic
interactions (Figure 9c,d). In the case of IL-1R1, A1 formed conventional H-bonds with
Asn204, Lys270, and Thr300. In addition, two non-conventional H-bonds also appeared to
be involved: Gln236 with the indole moiety (two π-hydrogen bonds, Figure 9c) and one
hydrophobic interaction between Lys270 and the second A1 indole moiety. For EGF-R, the
residues participating in the binding were Gly574 (through conventional H-bond), Thr239,
Pro242, and Leu243 (these three by hydrophobic interactions), as shown in Figure 9d.

The binding modes of phaeochromycin F showed similar binding scores for 5-HT2A
and PAF-R and no differences between IL-1R1 and EGF-R (Table 1). Interestingly, A3
showed a higher number of interactions with each target than A1 (Figure 10), despite
the similar affinities calculated for both compounds (Table 1). A cation-π electrostatic
interaction between Arg271 and the A3 2H-pyran-2-one moiety (Figure 10c) could improve
the binding mode and enhance the complex stability [53].
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Figure 10. Receptor–ligand interactions of phaeochromycin F (A3). The interactions between
phaeochromycin F and the residues involved in the binding sites for (a) 5-HT2A; (b) PAF-R;
(c) IL-1R1; (d) EGF-R are shown. In (a), the phaeochromycin F substructures are indicated as follows:
A and D represent the 4H-chromen-4-one moiety; B and C represent the 2H-pyran-2-one moiety.
The color legend indicates the type of interaction. Green colors represent H-bond-type interactions,
and pink−purple colors are used for hydrophobic interactions. In IL-1R1 (c), yellow color indicates
cation-π electrostatic interaction. In EGF-R (d), yellow color indicates π-sulfur interaction.

3.5. Molecular Dynamics Simulations

We performed 50 ns MD simulations using target proteins alone and docked dis-
tinctly with compounds A1 and A3 to extend the information on the binding modes of
these top-ranked, best-docked compounds. Ligand–protein trajectories of the resulting
complexes were examined through the variation of geometric properties over time. Thus,
the RMSD of the protein backbone reflected the receptor frame stability by computing
the time-dependent distance (Å) among distinct positions of the atom set (Figure 11). In
general, the protein alone exhibited a normal evolution during the simulation but showed
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a slight perturbation at 10–20 ns (RMSD 1–6 Å). However, normal stabilization was reached
throughout the remaining MD simulation (RMSD 3–12 Å). The most perturbed protein
was IL-1R1, as it exhibited a high perturbation at 20 ns, involving an RMSD increase from
3 to 11 Å, but reached stability after 25 ns. For all four test protein–ligand complexes,
compounds A1 and A3 promoted stability, as the RMSD values decreased substantially
(between 1 and 6 Å) from 10 ns. Hence, compound A1 stabilized the protein IL-1R1,
whereas A3 promoted stability in 5-HT2A and EGF-R. Both test compounds exhibited simi-
lar behavior within the binding site of PAF-R. A steady simulation progress of the complex
stability was retained over the remaining time for these two ligands (>30 ns). In addition,
compound A3 exhibited the least perturbed MD performance within the binding sites of
EGF-R and 5-HT2A, indicating good geometric properties that interact with these targets.
In contrast, the most-perturbed MD behavior was observed for compounds A1 and IL-1R1
between 12 and 25 ns; however, the complex evolved satisfactorily and reached stability
above 30 ns. The computed variations in RMSD values for these complexes showed that
the protein structures were differentially affected by the interaction with these two ligands
but achieved stability at the end of each MD simulation.
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Figure 11. Molecular dynamics (MD) simulations during 50 ns for target proteins alone, i.e., 5-HT2A,
EGF-R, IL-1R1, and PAF-R (blue line) and docked separately with A1 (red line), and A3 (green line).
First column: root mean square deviations (RMSD) along MD-simulated trajectories. Second column:
root mean square fluctuations (RMSF) of protein residues along MD-simulated trajectories. Third
column: radius of gyration (RoG) along MD-simulated trajectories.

Fluctuations in the Cα atomic positions for each residue of the proteins were also
explored using RMSF. The flexibility and secondary structure of the target proteins were
examined when bound with compounds A1 and A3. Constrained regions were found to
have lower RMSF values, and higher RMSF values indicated more flexibility. MD-simulated
protein–ligand pairs exhibited distinctive behavior (Figure 11), including fluctuations
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ranging from 2 to 6 Å and comprising alterations near the previously mentioned crucial
interactions from the docking simulations. Additionally, in comparison to the proteins
alone, binding with the tested ligands A1 and A3 caused considerable variations in RMSF
values. Except for Gln269 in PAF-R, the identified residues (Figure 11) were part of loops,
indicating possible residues that served as pivotal parts of the proteins to partially modify
the tertiary structure and promote ligand binding. Gln269 is located near helix VII of
PAF-R. The influence of Gln residues on alpha helix stability has been shown to be position-
dependent [54]. In addition, Gln residues can form hydrogen bonds with the side chains
of neighboring residues that may be weak [55], in this case with Asp273, resulting in
oscillations that change the contribution of these interactions to the α-helix stability.

The observed performance of the evolution of the packing levels of complexes during
the simulation time from the information of the RoG was found to be different (Figure 11).
The A1- and A3-EGF-R complexes were found to be similar to those of the receptor alone;
therefore, receptor packing can be considered unaffected by these interactions. In contrast,
the complexes formed by the two ligands and PAF-R and IL-1R1 promoted a higher protein
deformation, involving a reduction in the overall compactness (typically for α/β-proteins)
that would lead to the inactivation of the respective proteins. Finally, compounds A1 and
A3 exhibited the opposite behavior of interacting with 5-HT2A protein, as A1 promoted an
increase in the packing level of this protein (ca. 1 Å), whereas A3 favored a reduction in its
compactness (ca. 2 Å). Although the protein–ligand interactions can affect the 3D-packing
of the test complexes, a reasonably steady folding reflects their stability after binding
between target proteins and test compounds.

The BFEs (∆Gbind) for the best-docked compounds (i.e., A1 and A3) during the in-
teraction of target proteins for the last 30 ns of the MD trajectory were estimated using
the MM/PBSA approach to evaluate the global stability of the resulting ligand–enzyme
complexes. The calculated binding energies are presented in Table 5. The most negative
∆Gbind resulted in the IL-1R1-A1 complex (i.e., −206.1 kJ/mol). The two test ligands exhib-
ited negative binding energies, and differences between the ligands were observed, which
explains the resulting docking performance. The major contribution to the binding energy
was due to van der Waals (∆EvdW) energies (<−140 kJ/mol), which resulted in comparable
values among the test compounds, while the contribution of electrostatic energy exhibited
higher differences between them. Compound A3 exhibited the lowest electrostatic energy
for all protein targets, whereas A1 exhibited the highest electrostatic energy. In addition,
the contribution of polar solvation energy was found to be more unfavorable for both
ligands. The solvent-accessible surface area (SASA) energy was similar for the test ligands,
even though compound A3 generally exhibited the highest ∆Gsasa. Therefore, according to
these results, electrostatic and polar solvation energy contributions could rationalize the
difference in the binding modes of the test ligands, which showed an important role of
hydrophobic interactions in the stabilization and even binding of test compounds within
the inhibition sites of the target proteins. Consequently, non-polar electrostatic interactions
could be implied as the main driving force for the molecular recognition of these four
targets by compounds A1 and A3.
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Table 5. Binding-free and related energies (kJ/mol) calculated by the molecular mechanics/Poisson–
Boltzmann surface area (MM/PBSA) method for the top-ranked, best-docked compounds within the
binding sites of four protein targets.

Ligands Targets ∆EvdW
a ∆Eele

b ∆Gsol
c ∆Gsasa

d ∆Gbind
e

A1

5−HT2A −164.5 ± 1.8 −139.4 ± 1.9 207.8 ± 1.5 −22.3 ± 2.2 −118.4 ± 1.9
EGF−R −141.8 ± 2.6 −128.6 ± 1.7 187.6 ± 2.6 −19.6 ± 2.3 −102.4 ± 2.3
IL−1R1 −207.7 ± 2.1 −121.4 ± 2.2 144.3 ± 1.2 −21.3 ± 2.4 −206.1 ± 1.7
PAF−R −216.9 ± 3.2 −138.6 ± 2.4 208.6 ± 3.5 −20.9 ± 2.1 −167.8 ± 2.8

A3

5−HT2A −211.8 ± 3.5 −105.3 ± 1.9 180.3 ± 2.8 −23.6 ± 2.0 −160.4 ± 2.5
EGF−R −215.8 ± 3.4 −112.5 ± 2.6 194.3 ± 2.4 −24.1 ± 1.8 −158.1 ± 2.7
IL−1R1 −198.6 ± 2.8 −109.7 ± 2.5 186.5 ± 2.9 −23.9 ± 1.6 −145.7 ± 2.4
PAF−R −216.4 ± 1.9 −111.2 ± 0.8 185.1 ± 3.1 −21.4 ± 1.1 −163.9 ± 1.9

a van der Waals energy; b electrostatic energy; c polar solvation energy; d solvent accessible surface area (SASA)
energy; e binding free energy. Energies are expressed as mean values (in kJ/mol) ± standard deviations.

3.6. UV-Absorbing Profile of the Selected Multi-Target Compounds

We have outlined Streptomyces-derived compounds with the potential to serve as
blockers of critical targets in photodamage signaling. However, the quality of UV radiation
absorption is present in most organic compounds, and it could enhance the photoprotective
features of the identified compounds. Therefore, the HOMO-LUMO transitions of the
34 selected compounds were calculated. These calculations were also performed for
AUVFs, as a reference group.

In organic compounds, such as AUVFs, the mechanism of UV radiation absorption
is explained by electronic transitions, particularly of π-conjugated systems [19]. This is
consistent with the frequency distribution of the calculated HOMO-LUMO gaps, with
values of 391.8, 415.6, and 449.6 kJ/mol, for the 25th, 50th, and 75th percentiles, respectively.
Most of the data were clustered between these percentiles, which can be evidenced by the
constricted size of the box in Figure 12a (UV filters). In the case of Streptomyces-derived
compounds, the values of the HOMO-LUMO gaps had a wider dispersion and differed
significantly (p = 0.0082) from those of AUVFs (Figure 12a). However, several compounds
(including A1 and A3) had similar values to those of AUVFs, suggesting an electronic
transition similar to that exhibited by UV filters. This finding led us to explore the UV
absorption profiles of A1 and A3.
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Figure 12. UV-absorbing profile of the selected Streptomyces-derived compounds. (a) Comparison
between HOMO-LUMO gaps of AUVFs and selected Streptomyces-derived compounds. Red and
blue dots are related to the energy gaps of A1 and A3, respectively. The nonparametric Mann–
Whitney U test was used to evaluate the significant difference between the groups; ** p-value = 0.0082.
(b) Experimental UV spectrum of oxybenzone is compared with the calculated spectra of oxybenzone,
A1 and A3.
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To validate the theoretical data, we compared the experimental UV absorbance spec-
trum of oxybenzone (BP-3; one of the most used UV filters used in the manufacture of
sunscreens [56]) with the in silico calculated UV spectra (Figure 12b). In the UV-B and
UV-A range (i.e., 290–400 nm), the experimental and calculated BP-3 spectra were quite
similar according to the critical wavelength (λC) and the UVA/UVB ratio calculated for
each spectrum (λC and the UVA/UVB ratio are measures of UV-blocking capacity [57]).
For instance, λC was 350 and 353 nm for the experimental and calculated UV spectra,
respectively. Likewise, the UVA/UVB ratio was 0.93 and 0.94 for the experimental and
calculated UV spectra, respectively.

Regarding the UV absorption profile for A1 and A3, A1 would absorb more in the UVB
and UVA2 regions (i.e., 320 to 340 nm) with a λC of 340 nm and a UVA/UVB ratio of 0.68.
A3 exhibited a better UV-absorbing capacity for UVA1 (340–400 nm) with a λC of 351 nm
and a UVA/UVB ratio of 1.31. These data provide an idea about the capability of these
compounds to behave as UV filters, enhancing their properties as photoprotective agents.

4. Discussion

In silico approaches have played a significant role in the identification of candidate
compounds for the development of products to control detrimental processes [58]. Among
the various benefits of computer-aided techniques, it is worth highlighting the evaluation of a
large compound dataset with an excellent cost-effectiveness balance [30], limited use of animal
models [30], and rationalizing raw materials, to act as a crucial factor in lead and hit discovery
from natural products [59]. Herein, we report naturally occurring compounds that can serve as
lead or reference skeletons for the development of novel photoaging and photocarcinogenesis
control agents by combining ligand-based and structure-based approaches.

Photoaging is a condition that affects the cosmetic aspect of the skin and its phys-
iological roles, namely, immunomodulatory effects [11]. Although several molecular
mechanisms that mediate the response to actinic damage have been described, most pho-
toprotective products lack antagonistic action targeting photodamage mediators, such as
reactive oxygen species (ROS) and proinflammatory cytokines. Several mediators initiate
an immunomodulatory effect on various cells during an early photodamage event in the
skin. The availability of identified and characterized photodamage-related targets opens a
promising opportunity to explore novel photoprotection strategies using small molecule
antagonists [12,60,61]. Here, we identified 34 Streptomyces-derived compounds that showed
promising docking scores against the targets evaluated here (i.e., 5-HT2A, PAF-R, IL-1R1,
EGF-R, and COX-2). Several of these molecules have been described as antimicrobial
and antitumor compounds (e.g., B11, B12, B13, and D34). However, compounds such as
A2 [62], A3 [63], B10 [64], and D30 [65] have shown weak or no cytotoxic activity, which
is a critical factor in the search for topically applied products for skincare. This, coupled
with the potential to interact simultaneously with different targets, makes these promising
compounds for the development of skincare products. Particularly, A1 and A3 were the
compounds with best-docking scores and involved the highest number of targets (4 out of
5); namely, 5-HT2A, PAF-R, IL-1R1, and EGF-R.

As skin photocarcinogenesis follows a multi-step model [66], preventive strategies
should also reflect a multi-target approach. In this scenario, compounds such as A1 and
A3 showed feasible binding modes against several photodamage targets. Interestingly, al-
though both compounds are structurally different, both A1 and A3 are asymmetric dimers.
The former is a diketopiperazine, while the latter is a polyketide with 4H-chromen-4-one
and 2H-pyran-2-one moieties. The anti-inflammatory potential of diketopiperazine-type
compounds has been previously reported [67,68]. In these reports, diketopiperazines inhib-
ited TNF-α release by cells pulsed with lipopolysaccharide (LPS). Remarkably, LPS-induced
TNF release has been found to be PAF-dependent both in in vitro [69] and in vivo [70] mod-
els. These findings demonstrate the significance and plausibility of inflammation control
mediated by the inhibition of surface receptors such as PAF-R. The anti-inflammatory
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potential of compounds with 4H-chromen-4-one moieties has also been demonstrated [71],
including in phaeochromycin-like molecules [72].

Promiscuous compounds, interacting with more than one target, have been shown to
offer advantages over the classical one-target compounds [33]. Here, the binding modes
shown by A1 and A3 involved crucial sites within all membrane surface receptors tested.
For instance, A1 interacted with Val156, Leu229, Trp336, Phe339, and Phe340 residues on
5-HT2A (Figure 9a), which are also involved in zotepine interactions (a 5-HT2A approved
antagonist) [73]. Similarly, A3 interactions involve crucial residues (i.e., Val156, Ser159,
Phe339, and Phe340, Figure 10a) for inhibitory actions on 5-HT2A [73]. Unlike 5-HT2A
and PAF-R, in the molecular pathways of IL-1α/β and EGF-R, their activation involves
a protein–protein interaction (PPI) mechanism [13,74]. Although this scenario is more
complex than inhibiting protein–ligand interactions, blocking the hotspots in PPIs is a
promising mechanism to block a detrimental signaling pathway [75]. A1 and A3 displayed
a potential blocking binding mode on the PPI hotspots for IL-1R1 and EGF-R.

For IL-1R1, A3 presented a more likely blocking effect than A1, considering the
interaction with the hot spots Arg271 and Val117 [43]. However, A1 interacted with nearby
hot spot residues, such as Lys270 and Asn204. Indeed, residues Gln236 and Asn204 have
been reported to impact the IL-1α/IL-1R1 interaction [76], contributing to the inhibition of
IL-1 signaling. In the EGF-R case, homodimerization is a crucial step for activation and
signaling [74]. It has been reported that residues 242–259 conform to a critical region in
the EGF-R dimer interface [44,77]. Mutagenesis assays have supported the significance of
these residues in the dimerization and activation of EGF-R [77,78]. Blocking these hot spots
with NSC56452 (a small molecule) inhibited EGF-R activation [44]. Although A1 and A3
did not interact with the most critical residues (i.e., Tyr246 and Tyr251), their interactions
involved several nearby residues (Figures 9d and 10d). In fact, A3 displayed interaction
with various residues of the dimerization arm, such as Pro242, Leu243, Met244, and Met
253 (Figure 10d).

Considering the MD results, we hypothesized that the combination of A1 and A3
could ensure a potent inhibitory effect. For IL-1R1, the most stable complex was formed
with A1, as explained by the calculations shown in RMSD, RoG, and ∆Gbind (Figure 11 and
Table 5). For 5-HT2A, the binding to A3 was very stable, even improving the RMSD and
RoG values shown by the apoprotein. Meanwhile, for EGF-R and PAF-R, the complexes
with both compounds were found to be comparable, except for ∆Gbind with EGF-R. The
latter is explained by the differences between ∆EvdW, which was more favorable for A3.
Thus, each compound shows promising results that could lead to the development of
inhibitors of distinct UV-induced detrimental signaling pathways.

Additionally, the UV-absorbing profile calculated for A1 and A3 (Figure 11) makes
them ideal candidates for photoprotectants. The most striking is that the compounds could
complement each other, absorbing UV-B and UV-A radiation. While the results allow
us to postulate that A1 has a higher UV-B and UV-AII absorption capacity, this could be
compensated by the λC and UVA/UVB ratio calculated for A3 (Figure 12b). Additionally,
both compounds exhibited HOMO-LUMO gaps, similar to AUVFs (Figure 12a). Taken
together, these results suggest that A1 and A3 could serve as multipurpose agents, not
only reducing the molecular UV-induced response but also filtering some portion of the
UV radiation. Furthermore, as the 34 compounds identified have π-conjugated systems
(Figure 7), they represent attractive options for their UV-absorbing potential. This fact is of
particular interest, considering the potential effect on the mitigation of tissue damage due
to the inflammatory response.

Considering UV-induced signaling events, we hypothesize that A1 and A3 can exert a
potent photoprotective effect mediated by the following mechanism of action (Figure 13):

(i.) Mitigating the amount of radiation that would reach the cells by absorption.
(ii.) Inhibiting 5-HT2A activation triggered by cis-urocanic acid (induced by UV-B exposure;

Figure 13, step 1), mainly by A1. This prevents the release of TNF-α, histamine, and
PGE2 [12].
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(iii.) Inhibiting PAF-R-mediated immunosuppression triggered by PAF-like lipid ligands.
UV-induced membrane lipid oxidation (Figure 13, step 2) generates PAF-like lipid
ligands (Figure 13, step 3) [12].

(iv.) Disturbing IL-1α/β signaling is mediated by inhibiting their heterodimer receptor,
which includes IL-1R1, [13] mainly by A3. UV-induced ROS promote IL-1β activation
(Figure 13, step 5) [13].

(v.) Disturbing EGF-R signaling is mediated by members of the A Disintegrin and A Met-
alloproteinase (ADAM) family [79]. UV-induced ROS activate some ADAM members
(Figure 13, step 6) [79], which trigger EGF-R signaling (Figure 13, step 7) [80].
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Figure 13. Proposed concomitant effects on UV-induced damage signaling by A1 and A3. The
main UV-induced molecular events are summarized in seven steps, indicated by numbered black
spheres: Step 1– UV-induced cis-urocanic acid isomerization. Step 2—UV-induced lipid peroxidation.
Strep 3—UV-induced generation of PAF-like lipid ligands. Step 4—UV-induced ROS generation.
Step 5—ROS-mediated activation of pro-IL-1β. Step 6—ROS-mediated activation of ADAMs. Step 7—
Activation of EGF-R signaling by ADAMs.

Finally, it is fundamental to note that the experimental evaluation of the results found
represents important challenges that were not addressed in this study. First, it is difficult
to find a single model that cost effectively presents the possibility of assaying the targets
evaluated here, and we know that high levels of cell surface expression of each protein
are required for monitoring, which would imply building a model for each target. Second,
it is challenging to obtain the quantities required to perform the analyses. However, the
sustained consistency when compared to reference UV filters supports the rigor with which
the in silico analyses were performed. Additionally, this work is the first to combine
different mechanisms that may contribute to the orthogonal control of photodamage. These
considerations are important in the design of future studies.

5. Conclusions

In this study, 34 uncovered Streptomyces-derived compounds that, besides meeting
safety features for topically applied agents, also exhibited high in silico affinities, targeting
multiple cellular receptors involved in UV-induced skin damage. Among these metabolites,
aspergilazine A and phaeochromycin F displayed the best binding scores with the highest
number of targets (i.e., 5-HT2A, PAF-R, IL-1R1, and EGF-R), and their complexes evolved
adequately over the time to reach stabilization after 30 ns. Therefore, they can be further
explored to formulate skin photoprotection products, even as enhancers of the properties of-
fered by some of the AUVFs. Additionally, considering the feasibility of Streptomyces strains
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for biotechnological production of these compounds, our findings provide the opportunity
to find a sustainable source of metabolites possessing photoprotective capabilities.

Supplementary Materials: The following supporting information can be downloaded at: https:
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