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Abstract:

Introduction: In an attempt to solve the problem of antifungal resistance in the Rhizopus species, which contributes
to the severity of mucormycosis, the study was conducted to target the Heat Shock Protein 90 (HSP90). The main aim
was to develop a new de novo protein inhibitor that was specific to the fungal HSP90 but not to the human
counterpart, reducing off-target toxicity, and overcoming the limitations of the current therapies.

Methods: A bioinformatics approach was adopted. The strategy involved determining the conserved domains of the
HSPI0 protein of different strains of Rhizopus through multiple sequence alignment. The ten possible de novo protein
inhibitors were then generated using a deep learning model on the basis of the consensus sequence of this conserved
region. The stability and binding affinity of these inhibitors were measured through molecular dynamics simulations
and protein-protein molecular docking to the fungal and human HSP90 structures.

Results: The analysis led to the identification of an inhibitor of lead de novo, Gen7, which exhibited improved binding
and specificity. Molecular docking revealed that Gen7 had much higher affinity and interacted extensively with
Rhizopus stolonifer HSP90 (12 hydrogen bonds, 4 salt bridges) than with human HSP90 (5 hydrogen bonds, 3 salt
bridges). This fungal selectivity was later confirmed by subsequent molecular dynamics simulations. The Gen7-R.
stolonifer complex was highly stable with an RMSD of about 4-5 A, whereas the Gen7-human complex was very
unstable with a variation of RMSD of up to 15 A.

Discussion: The results indicate that deep learning and bioinformatics have the potential to be used in designing
highly selective therapeutic agents. This will address the serious problem of off-target toxicity that has hampered the
clinical development of earlier HSP90 inhibitors, offering a feasible solution to developing more effective and safer
antifungal agents.

Conclusion: This study successfully designed and computationally validated Gen7, a novel de novo inhibitor that
selectively targets HSP90 in Rhizopus species. The research provides strong proof of concept for a new class of
targeted antifungal agents, offering a promising avenue for developing innovative treatments against drug-resistant
fungal infections like mucormycosis.
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1. INTRODUCTION

Rhizopus (R. oryzae, R. microsporus, and R. stolonifer)
species pose a significant health risk, particularly to
immunocompromised persons, due to the presence of
invasive fungus. These are the fungi that lead to
mucormycosis, a fast-spreading and life-threatening
disease [1-3]. The management of mucormycosis is limited
to a small number of treatment options as the pathogen is
intrinsically resistant to most antifungal agents, including
triazoles and even echinocandins, and polyenes like
amphotericin B may be toxic. The minimal activity of
existing treatment emphasizes the necessity of developing
new antifungal approaches capable of bypassing
resistance mechanisms [1, 4].

Heat Shock Protein 90 (HSP90) is one of the promising
targets in the war against antifungal resistance because it
is a highly conserved molecular chaperone that is funda-
mental to the survival, virulence, and adaptive responses
of fungal pathogens. Hsp90 plays a role in protein folding,
stabilization, and activation of numerous client proteins in
essential cellular processes, such as morphogenesis and
antifungal resistance [5, 6].

In yeast (such as Candida albicans) and filamentous
fungi (such as Aspergillus fumigatus), it has been
established that HSP90 facilitates fast acquisition of
adaptation to antifungal stress and contributes to both
innate and acquired resistance to azoles and echino-
candins [7, 8].

Suppression of HSPI0, using both genetic approaches
to inhibition, as well as drugs, enhances the efficacy of
antifungal agents such as echinocandins and azoles and
can overcome drug resistance [9, 10]. Moreover, its
inhibition also interferes with important stress-response
signaling pathways, such as calcineurin and Lysine
Deacetylase (KDAC) signaling, which fungi require to
withstand antifungal and environmental stresses. This has
also been observed in other plant species like
Trichophyton rubrum and Fusarium graminearum [5, 11].

The high level of conservation of HSP90 in eukaryotes
is one of the greatest challenges [12, 13]. It is difficult to
develop inhibitors that do not affect the human version but
only the fungus protein because of the high conservation.
Human HSP90 inhibition is associated with serious side
effects that render these drugs inappropriate in antifungal
therapy, especially in compromised and vulnerable
patients [14]. As an example, geldanamycin and its
analogs, although effective on fungal HSP90, are very
toxic in mammals [15]. Research has discovered possible
selective inhibitors, including CMLDO013075, that are
much more selective for Candida albicans HSP90 by
uncovering structural and genomic distinctions among the
fungal and human HSP90 [16]. In Cryptococcus
neoformans, HSP90 is located on the cell surface and is
associated with echinocandin resistance, and inhibition of
the protein is synergistic with azole treatment [17].

When HSP90 is inhibited, trichophyton rubrum is more
susceptible to itraconazole and micafungin; it leads to
decreased colonization of human nails [18, 19]. Aspergillus
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terreus is sensitive to the HSP90 inhibition and thus
reduces its resistance to echinocandins [20, 21]. Although
the Saccharomyces cerevisiae has yielded information on
the HSP90 functions, Paracoccidioides lutzii and Para-
coccidioides brasiliensis exhibit disturbed morphological
transitions when HSP90 is inhibited [22, 23]. Equally, in
Candida glabrata, the efficacy of echinocandins is
increased by the inhibition of HSP90 [24].

HSP90 inhibitors do not have inherent fungicidal
properties, yet they can be used in conjunction with the
available antifungal agents to make them more effective,
especially against drug-resistant fungi. Combination
therapy is required because of the various resistance
mechanisms of the different fungal pathogens.
Nevertheless, such a method adds more complexity to the
treatment and the probability of side effects [11]. Although
preclinical trials have yielded positive outcomes, clinical
trials of HSP90 inhibitors have been difficult due to
toxicity and reduced efficacy from off-target effects. In the
year 2024, pimitespib was the only HSP90 inhibitor to be
approved in Japan for the treatment of gastrointestinal
stromal tumors [25].

There are fundamental gaps in the research that
hamper the clinical translation of HSP90 inhibitors as
antifungals. The first problem is that there are no
Rhizopus-specific inhibitors, since attention has been paid
to pathogens such as Candida and Aspergillus. Moreover,
structural conservation between fungal and human HSP90
is high, which makes it difficult to obtain good selectivity
of the inhibitors and avoid off-target toxicity. This has
necessitated an urgent requirement to develop new drug
design technologies that can take advantage of minute
structural differences to result in fungal-specific
inhibition.

Hence, the research objective is to fill these gaps by
introducing a de novo design method based on deep
learning to design a novel protein inhibitor targeting one
of the conserved regions in Rhizopus HSP90. Our goal is
to find an inhibitor computationally and experimentally
that will exhibit a high-quality, steady binding to fungal
HSP90 and have minimal interactions with the human
homolog. This paper aims to reach a proof-of-concept,
generating a novel class of selective antifungal agents that
can circumvent the main drawbacks of current therapies
through a fusion of conservation analysis, molecular
docking, and molecular dynamics simulations.

2. METHODS

2.1. Protein Sequence and Domain Retrieval

The protein sequences for HSP90 were retrieved for all
available strains of R. oryzae, R. microsporus, and R.
stolonifer from the UniProt database (given in
Supplementary File 1) (https://www.uniprot.org/),
providing a freely accessible set of protein sequences
annotated with functional information [26].
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2.2. Conserved Region Identification Using Multiple
Sequence Alignment

To investigate the evolutionary trends of HSP90 among
Rhizopus across several strains, a protein Multiple
Sequence Alignment (MSA) was performed using the
TCoffee webserver with default parameters (available at
https://tcoffee.crg.eu/) [27]. Protein sequences retrieved
previously were used as input to obtain a conserved
pattern among the sequences. A custom Python script was
generated to extract the most conserved region in the
MSA. Additionally, the protein regions of this conserved
region for each species of Rhizopus were then used to
generate a consensus sequence using a custom script [28].

2.3. Deep Learning Based Protein Inhibitor
Designing and Selection of De Novo Proteins

Using the conserved consensus protein sequence
among Rhizopus species, Protein Generator
(https://huggingface.co/spaces/merle/PROTEIN GENERAT
OR) was employed to generate ten different de novo
protein sequences and their subsequent structures. A
DDPM-style diffusion model was implemented over protein
sequence space to generate protein sequence-structure
pairs. Starting with RoseTTAFold, the model was
finetuned to predict both sequence and structure from
partially noised sequences [29]. Training applied losses to
both predicted sequence and structure, enforcing the
generation of coherent pairs. Diffusion in sequence space
enabled the incorporation of potentials to guide the
process toward specific properties such as amino acid
composition and net charge. Additionally, the model can
sample proteins from specific families or use a sequence-
to-function classifier to guide generation toward desired
sequences.

However, except for the first generated sequence, the
remaining generated sequences were manually modified
on strategic residue locations to include more hydrogen
bond interactions, inducing residues. This approach
involved strategically replacing certain amino acids with
others that are more likely to form hydrogen bonds, such
as serine, threonine, tyrosine, asparagine, and glutamine,
whereby the rationale is that a greater number of
hydrogen bonds and salt bridges at the interaction
interface leads to a more stable and potent inhibitor
complex. The 3D structure of these de novo sequences was
then predicted using ColabFold (based on AlphaFold), and
the top-ranked structures were selected for further
analysis based on the pLDDT (predicted Local Distance
Difference Test) score [30]. The pLDDT score is a metric
used to assess the confidence or quality of structural
models predicted by AlphaFold, particularly in predicting
the accuracy of specific regions of a protein. This score
ranges from 0 to 100, provides an estimate of the
confidence in the local structure prediction, with scores
above 90 typically indicating high accuracy for both
backbone and side chains, scores between 70 and 90
suggesting a largely correct backbone, while regions with
pLDDT below 50 may be intrinsically disordered or poorly
predicted. For the prediction parameters, num relax was

set to 0, meaning no AMBER relaxation was performed.
The template mode was “none”, indicating no structural
templates were used. The MSA options included
msa_mode set to “mmseqs2_uniref env”, pair mode set to
“unpaired paired”. In the advanced settings, model type
was “auto”; when given a monomer input, this would
default to alphafold2 ptm. The num recycles was set to
“3”, and recycle early stop tolerance was “auto” (which
would default to 0.0 for a monomer with
model type="auto”). The relax max iterations was 200
(though not applicable here as num relax was 0), and
pairing strategy was “greedy”. The option calc extra ptm
was unchecked, meaning it was false. For sample settings,
max_msa was “auto”, num seeds was 1, and use_dropout
was unchecked (false).

Molecular dynamics simulations were performed to
assess the stability of de novo predicted protein structures
using Maestro 12.0 (Schrodinger, LLC). The Protein
Preparation Wizard was employed for preprocessing,
optimization, and water molecule removal. Salt ions were
added to the docked complex, and the SPC force field was
chosen as the solvent model. A 50-nanosecond (ns)
simulation was run at 300 K. Trajectories were analyzed
using the interaction diagram module to calculate Root
Mean Square Deviation (RMSD) and Root Mean Square
Fluctuations (RMSF). The top three most stable de novo
structures were selected based on these results.

2.4. Protein-Protein Molecular Docking Between
HSP90 and Designed Inhibitors

The 3D structures of the biggest HSP90 sequences of
R. microsporus (AOAOA1PIV1), R. stolonifer (AOA367ILT8)
were retrieved from AlphaFold due to the unavailability of
the structures on the Protein Data Bank (PDB)
(https://www.rcsh.org/) database. While for R. oryzae, the
structure was predicted through ColabFold (AlphaFold)
due to the unavailability of a pre-predicted structure in the
AlphaFold database (https://alphafold.ebi.ac.uk/).

The structures were docked against the top three most
stable de novo models obtained in the previous step. For
protein-protein molecular docking, the GRAMM (Global
RAnge Molecular Matching) algorithm (available at
https://gramm.compbio.ku.edu/) was used. GRAMM
systematically explores the intermolecular energy
landscape, predicting various docking poses that corres-
pond to both stable interactions (deep energy minima) and
transient interactions (shallow minima) [31]. Only the top-
ranked complexes were selected for further analysis.

Among these complexes, the de novo structure with the
best average binding affinity across all three species was
chosen for additional investigation. The resulting docking
conformations were analyzed for potential protein-protein
interactions based on their energy profiles using the
PDBSum tool (https://www.ebi.ac.uk/thornton-srv/databases
/pdbsum/), which provided detailed visualizations and
insights into key interaction features, such as hydrogen
bonds, salt bridges, and hydrophobic contacts between the
docked proteins [32]. Additionally, as a control, the human
HSP90 protein structure was retrieved from AlphaFold and
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docked with the best-binding de novo structure obtained
previously using GRAMM. The interactions were then
analyzed using PDBSum to assess differences in hydrogen
bonding and other interactions. ProtScale (https://web.
expasy.org/protscale/) was used to assess the hydrophobic
and hydrophilic regions of the binding site.

2.5. Molecular Dynamics Simulations

The best-binding de novo structure-HSP90 complexes
obtained previously were simulated for 30 ns using the
same methodology mentioned above. This was conducted
to assess the inhibition capabilities of the de novo
generated structures against the HSP90 compared to the
human control. Furthermore, we assessed the confor-
mational stability of the de novo-HSP90-stolonifer protein
in relation to Geldanamycin, a naturally sourced antitumor
agent. This benzoquinone ansamycin, synthesized by the
bacterium Streptomyces hygroscopicus, serves as a
specific inhibitor of HSP90 function through its interaction
with the ATP-binding domain of HSP90.

3. RESULTS

3.1. Diversity of HSP90 Protein Lengths in Rhizopus
Strains

A total of 12 protein sequences for HSP90 were
retrieved from UniProt for various strains of R. oryzae, R.
microsporus, and R. stolonifer. R. microsporus is repre-
sented by multiple strains, including R. microsporus var.
microsporus and R. microsporus ATCC 52813, with
sequence lengths ranging from 699 to 738 amino acids.
The shortest sequence (304 amino acids) comes from R.
oryzae (also known as R. arrhizus var. delemar), a
mucormycosis-causing agent, while the longest sequences
are from R. microsporus at 738 amino acids. Additionally,
R. stolonifer, commonly known as bread mold, has HSP90
sequences of 454, 504, and 699 amino acids, reflecting the
variety within this species. Supplementary Document 1
provides information regarding the UniProt ID and strain.

3.2. Identification of Conserved Regions in HSP90
Protein among Rhizopus Strains

To investigate evolutionary trends and identify
conserved regions in the HSP90 protein among Rhizopus
strains, an MSA was performed using T-Coffee. The
analysis yielded intriguing results, revealing a conserved
region comprising only 96 residues across the selected
strains. This conserved region was extracted using a
custom Python script, which was subsequently used to
generate a consensus sequence. The conserved region
within the MSA is depicted in Fig. (1A), while the
extracted sequences are provided in Supplementary
File 1. The resulting consensus sequence is:
“MFQEIAEDNKXXFDKFYEAFSKNLKLGIHEDTQNRXKLAX
LLRYXSTKSGTDXXTSXKDYVTRMPEKQKNIYYITGESRXAX
EXSPFLEGFKKKGIEV”, where “X” represents any residue.
For R. microsporus, the conserved residues are between
395 and 490, for R. oryzae, it is between 1 and 96, while
for R. stolonifer, it is between 360 and 454. Structural
visualization of the conserved regions is given in Fig. (1B).
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3.3. Structural and Dynamic Analysis of De Novo
Protein Structures Reveals Stable Structures

Using the conserved consensus protein sequence
among Rhizopus species, the Protein Generator tool
(available at Hugging Face) was utilized to generate ten
distinct de novo protein sequences, along with their
corresponding structural models. The detailed sequences
can be found in Supplementary File 1, while the amino
acid compositions of these generated sequences are
illustrated in Fig. (1C).

The comparison of the amino acid compositions in the
gen 1-4 and gen 6-10 indicates strong consistency in the
amino acid profiles, indicating that the biochemical
environment was stable. However, sequence gen5 has a
different amino acid composition in specifics, such as the
increased proportion of aspartic acid (D) and glutamic acid
(E), which suggests the possibility of a functional or
structural ambiguity. In all sequences, some amino acids
have the same recurrence rate: Alanine (A), cysteine (C),
phenylalanine (F), glycine (G), and isoleucine (I) are
represented at percentages of 5.1, 10, 7.1, 5.1, and 1,
respectively. On the same note, lysine (K), leucine (L), and
methionine (M) are always found at 13%, 7.1, and 2,
respectively. Other amino acids, such as asparagine (N),
proline (P), glutamine (Q), arginine (R), threonine (T),
valine (V), and tyrosine (Y) have also had fixed
percentages across the sequences, and they were 2, 6.1, 2,
3.1, 4.1, 6.1, and 2, respectively. It is important to note
that serine (S), threonine (T), and tyrosine (Y) have
hydroxyl (-OH) groups interacting greatly in hydrogen
bonding, and are found in similar levels of 4.1%, 4.1, and
2. Moreover, asparagine (N) and glutamine (Q) contain
amide (-CONH2) groups, which allow forming additional
hydrogen bonds; glutamine, in its turn, is slightly
increased in genb.

The structures generated were screened based on the
pLDDT score, which showed high-quality predicted struc-
tures, as shown in Fig. (1D). Additionally, the resulting
structures are visualized in Fig. (1E) as superimposed
structures. We also used the Maestro 12.0 in order to
simulate the three most stable de novo structures. The
RMSD and RMSF values analysis shows different trends of
protein structural behaviors during a 20 ns simulation,
and it offers information on the dynamic stability of
different protein structures and their flexibility. The
general increase in RMSD is observed in most structures,
implying that they have a deviation that increases with the
course of the simulation in relation to the reference
structure. Interestingly enough, the values of RMSD in
Hydro2 are the lowest in the whole simulation, which
means that this chemical is the structurally closest to the
reference. Conversely, structures, such as 6 and 7, show
significant increments of RMSD, especially in the initial
few nanoseconds. As an illustration, structure 7 has a
steep increase in RMSD in the initial 2 ns, followed by a
slow stabilization at the 12 ns point, which indicates that it
undergoes significant conformational changes during the
first few nanoseconds, then attains relative stability, as
seen in Fig. (2B).
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Fig. (1). (A) Multiple Sequence Alignment (MSA) highlighting the conserved region.

(B) Structural visualization of the conserved regions identified in the MSA.

(C) Amino acid composition of the ten generated de novo sequences.

(D) Predicted high-quality structures selected based on pLDDT scores.

(E) Superimposition of the generated protein structures to assess structural consistency.
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Fig. (2). (A) Root Mean Square Fluctuation (RMSF) analysis showing per-residue flexibility of the generated protein structures.

(B) Root Mean Square Deviation (RMSD) plot indicating that structure 7 undergoes early conformational changes before stabilizing.

(C) Superimposed structures of Hydro 2, Hydro 3, and structure 7, identified as the most stable during molecular dynamics simulations.
(D) Hydrogen bonds and salt bridges formed between the de novo designed protein Gen7 and HSP90 from various fungal species and
humans, indicating interaction specificity.

(E) Number of interface residues involved in binding between Gen7 and HSP90 from different fungal species and human, reflecting
interaction surface size.
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Hydrol and structure 5, in their turn, show the first
increase in the RMSD, and then a flat or even decreasing
trend, which means that these structures can develop a
relatively stable conformation following the initial
fluctuations. Notably, structure 8 has variable values of
RMSD, indicating that it is sampling a variation of
conformations throughout the simulation.

At 10 ns, Hydro2 is also apparent with the lowest
RMSD values, whereas structure 6 has the highest RMSD,
which is a significant deviation from the reference
structure. Additionally, the fact that the values of Hydro2
are low and steady in every part of the simulation is also a
representative of the overall stability. By contrast, the
RMSD values of Hydro3 are usually within the range of
middle values, according to the moderate structural
deviations over time. On the whole, structure 7 has a
range of 2.8 to 3.5 AA, hydro 2 is between 2.0 and 4.1AA
and hydro 3 is between 2.1 and 4.1AA in relation to 3.1 to
5.9 AA on average in other structures.

Moreover, the RMSFD analysis gives an extra view
into the versatility of these protein structures per-residue
scale, which is presented in Fig. (2A). The values of RMSF
of Hydro2 are low in most residues, meaning it has a very
rigid structure with only minor changes in flexibility at 25
and 80 residues. However, in contrast, Hydro3 depicts a
more diverse RMSF profile and has both areas of flexibility
and rigidity. The presence of a significant peak at residue
80, with an approximate 3.5 A, implies that this area was
more flexible. This variation indicates that the residues
surrounding residue 80 in Hydro 3 undergo a large
movement as compared to the less flexible Hydro 2.
Structure 7 particularly has large values of RMSF in its
beginning, and is then comparatively low when compared
with those of its residues throughout the structure.

The flexibility between Hydro 2 and Hydro 3 is also
compared, highlighting the overall rigidity of Hydro 2.
Hydro 2 is noted to have lower values of RMSF, usually
ranging between 1 A and 2 A, implying that there are
minimal fluctuations and the structure is more stable.
However, the Hydro 3 values of RMSF are 0.8 to 3.5 A,
which is more dynamic. The greatest variation occurs in
structure 10, where there is a maximum RMSF of about 5
A around residue 25, such that this area is the most
flexible in all the analyzed structures. These differences in
flexibility and rigidity point to the difference in structural
behaviors with Hydro 2, Hydro 3, and structure 7
becoming the most stable, which were shortlisted as
structural protein-protein docking with HSP90. These
three structures are visualized as superimposed structures
in Fig. (2C).

3.4. Designing of Fungal-Specific HSP90 De Novo
Protein Inhibitor

The 3D structures of HSP90 of R. microsporus, R.
stolonifer, and R. oryzae were docked against the gen7,
hydro2, and hydro3 (the three most stable de novo
models). For protein-protein molecular docking, the
GRAMM was used by specifying the highly conserved
regions of each protein structure (as mentioned above).

The molecular docking results revealed that for the
Gen7 structure, R. oryzae exhibited the strongest binding
affinity with a score of -494, followed by R. microsporus at
-452 and R. stolonifer at -422. The average docking score
for Gen7 was calculated as -456, indicating that, on
average, the ligands designed wusing this method
demonstrated relatively strong binding across all species
tested. However, the human receptor also showed a
relatively strong interaction with a score of -443, but it is
still below the fungal species’ average binding score.

The Hydro 2 structure showed a slightly different
trend. R. oryzae displayed a weaker binding affinity than
with the Gen7 structure, with a docking score of -416,
while R. microsporus remained relatively consistent with a
score of -455. Stolonifer, however, had a slightly stronger
interaction than with Gen7, with a docking score of -433.
The average score for Hydro2 was -434, slightly worse
than the Gen7 structure for these species.

With the Hydro 3 structure, R. oryzae had the weakest
binding among the methods, with a score of -443. R.
stolonifer and R. microsporus showed improved binding
affinities relative to Hydro 2, with scores of -430 and -439,
respectively. The overall average score for Hydro 3 was
-437, indicating that this method produced results
between those of Gen7 and Hydro 2, with moderate
binding affinities across the species tested. Among these
complexes, the Gen7 structure with the best average
binding affinity of -456 was chosen for further
investigation.

The resulting docking conformations were analyzed for
potential protein-protein interactions based on their
energy profiles using the PDBSum tool, which provided
detailed visualizations and insights into key interaction
features, such as hydrogen bonds, salt bridges, and
hydrophobic contacts between the docked complexes. The
docking results indicate that the de novo designed protein
Gen7 interacts with different fungal species with varying
effectiveness.

Among the species, the number of interface residues,
which reflects the size of the binding interaction, is largest
for R. stolonifer (44 and 39 residues) and smallest for the
human protein (30 and 26 residues from de novo
structure), suggesting a less extensive interaction in
humans, given in Fig. (2E). R. microsporus and R. oryzae
have intermediate interface residue counts, with 36 and
26 for R. microsporus and 36 and 30 for R. oryzae.
Similarly, R. stolonifer also has the highest number of
stabilizing hydrogen bonds (12), whereas the human
protein has only 5. R. microsporus forms 9 hydrogen
bonds, and R. oryzae forms 5, indicating varying degrees
of stability. Although the human protein has a relatively
higher number of salt bridges (3), R. stolonifer has 4, R.
oryzae has 2, and R. microsporus only has 1, as shown in
Fig. (2D).

However, the human protein's low non-bonded
contacts (370, the lowest among the species) further
suggest a weaker overall interaction. In contrast, R.
stolonifer has 893 non-bonded contacts, while R.
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microsporus and R. oryzae have 599 and 681, respectively,
highlighting more extensive interaction networks in these
species. While Gen7 shows moderate binding with the
human target, the weaker hydrogen bonding, smaller
interface, and fewer contacts suggest that it may not be as
effective for human applications compared to its
performance with R. oryzae or R. microsporus.

Through a detailed investigation of hydrogen bond
interaction, it was observed that in the interaction
between Gen 7 and human HSP90, hydrogen bonds are
less likely to occur at highly conserved regions. The
residues involved include LYS 203, GLU 220, LYS 273,
TYR 276, and ARG 338 on Chain A, binding with PHE 20,
THR 51, GLU 83, ASP 52, and GLN 33 on Chain C. The
distances range from 1.75 A to 3.33 A, suggesting
moderate to strong interactions. The key takeaway here is
that these residues are not from highly conserved regions
of HSP90 identified and used for generating the de novo
structures in this study, indicating that Gen 7 avoids
binding to critical functional regions in humans.

In R. oryzae, Gen 7 shows stronger and more precise
hydrogen bonding interactions. The residues involved,
such as LYS 9, ASP 13, and ARG 61 on Chain A, bind to
ILE 74, THR 75, ALA 80, and THR 51 on Chain C with
distances ranging from 2.03 A to 3.14 A. Notably, these
residues, especially the LYS-ILE and ASP-THR
interactions, occur at highly conserved regions of R.
oryzae HSP90. The tight bonding distances reflect a more
stable interaction. The protein-protein docked R. oryzae-
gen7 is given in Fig. (3C).

Moreover, in R. microsporous, a similar pattern of
interaction is observed, with Gen 7 forming hydrogen
bonds with conserved regions of HSP90. The residues SER
414, SER 470, THR 472, and LYS 484 on Chain A form
bonds with ASN 23, TYR 54, ARG 43, and GLY 76 on Chain
C, with distances ranging from 2.55 A to 3.30 A. The
critical interaction between THR 472 and ARG 43
(distance: 2.58 A) as well as SER 470 and TYR 54
(distance: 2.70 A) indicates strong binding to highly
conserved residues. The protein-protein docked R.
microsporous-gen7 is given in Fig. (3A).

Finally, in R. stolonifer, Gen 7 forms numerous
hydrogen bonds, such as between HIS 387, ARG 393, ASP
398, and ILE 428 on Chain A, and THR 62, GLU 7, ASN 40,
and TYR 44 on Chain C. Distances range from 2.08 A to
3.23 A. Importantly, many of these bonds, like the THR
432 to GLU 97 interaction (distance: 2.08 A), target
conserved areas of the R. stolonifer. The protein-protein
docked R. stolonifer-gen7 is given in Fig. (3B).

3.5. Molecular Dynamics Trends of Designed
Inhibitor with Fungal and Human HSP90

The best-binding gen7-HSP90 complexes obtained
previously were simulated for 30 ns using DESMOND,
aiming to assess the inhibitory capabilities of gen7 against
HSP90 compared to the human control. The RMSD
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analysis of the four protein structures over the 30 ns
molecular dynamics simulation reveals distinct patterns
for each complex. The gen7-microsporus complex shows a
general upward trend in RMSD over time, with some
minor fluctuations. Notably, there is a significant increase
in RMSD between 5 ns and 10 ns, after which the
structure enters a period of relative stability, maintaining
an RMSD range of 8-10 A. This indicates that, despite the
initial rise, the structure stabilizes as the simulation
progresses. Compared to the other complexes, gen7-
microsporus exhibits a relatively strong stability
throughout the simulation. However, the gen7-stolonifer
complex also stabilizes after reaching equilibrium around
the same time as gen7-microsporus. It achieves a stable
RMSD range between 4-5 A, showing stronger stability
than gen7-microsporus. However, a notable peak of 6.1 A
is observed at 22 ns, after which the RMSD returns to its
stable range of 4-5 A, reflecting minor perturbations but
overall consistent stability, as given in Fig. (3D).

In contrast, the gen7-oryzae complex exhibits a
pronounced upward trend in RMSD with more significant
fluctuations than both gen7-microsporus and gen7-
stolonifer. Large peaks are observed at 5 ns, 8 ns, 15 ns,
and 23 ns, with the RMSD values consistently fluctuating
between 7.5 A and 12 A throughout the simulation period.
This pattern indicates a more dynamic and less stable
complex compared to the previous structures.

Similarly, the gen7-human complex displays
substantial fluctuations, showing a similar trend to that of
gen7-oryzae, where the structure fluctuates significantly
throughout the entire simulation period. RMSD values
range from 8 A to 15 A, with a continuous upward trend
and no stability observed at any point in the simulation.
Large peaks are particularly pronounced after 20 ns, with
the highest peak at 25 ns reaching 14.1 A, further
highlighting the lack of stability in this complex compared
to the others. Of note, gen7-stolonifer demonstrates the
strongest stability, followed by gen7-microsporus, while
gen7-oryzae and gen7-human exhibit significant
fluctuations and less stable behavior over the 30 ns
simulation period.

RMSF analysis reveals distinct fluctuations across the
structures of gen7 variants. Both gen7-human and gen7-
microsporous exhibit relatively high RMSF values (~20 A)
at the starting residues, whereas gen7-stolonifer and
gen7-oryzae display lower values (~5 A) in the same
region. All structures remain stable up to residue 200,
with gen7-stolonifer showing a spike up to 14 A, while
gen7-oryzae has the smallest peak (~5 A) among the
variants. Around residue 225, gen7-microsporous shows a
notable peak, and gen7-human has several smaller peaks
in this region. Gen7-oryzae displays the largest peak (~20
A) at residue 300. After this, the structures generally
remain stable, though gen7-human and gen7-microsporous
experience high RMSF peaks (~32 A and ~23 A,
respectively) at residues 700 and 690, before returning to
stable values around 5 A&, as given in Fig. (3E).
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Fig. (3). (A-C) Protein-protein docked complexes of Gen7 with HSP90 from R. microsporus, R. stolonifer, and R. oryzae, respectively.
(D) RMSD analysis over a 30 ns simulation showing distinct structural dynamics of each Gen7-HSP90 complex, including human.
(E) RMSF analysis highlighting fluctuation patterns across Gen7 complexes with fungal and human HSP90.
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Fig. (4). (A) RMSD analysis of the HSP90-Geldanamycin complex over time.
(B) RMSF analysis showing residue-level flexibility in the HSP90-Geldanamycin complex.

Finally, based on the molecular dynamics analysis of
the HSP90-Geldanamycin complex, we compared it with
gen7-stolonifer, highlighting differences in stability and
flexibility. The HSP90-Geldanamycin complex exhibits an
initial rise in RMSD followed by a sharp conformational
change between 7 and 11 ns, after which it stabilizes
around 5-5.5 A. In contrast, the gen7-stolonifer complex
stabilizes more quickly, maintaining an RMSD of
approximately 4.5 and 5.5 A throughout most of the
simulation and ending near 5 A, without the pronounced
shift seen with Geldanamycin. This suggests that gen7-
stolonifer promotes a more consistent and earlier
stabilization. Regarding residue flexibility (RMSF), the
Geldanamycin-bound complex shows multiple flexible
regions, particularly at the N-terminus, around residues
90-100, and significantly in the C-terminal region

(residues ~400-460), with a peak around 200-210. In
comparison, gen7-stolonifer generally induces lower
overall fluctuations, especially reducing flexibility in the C-
terminal region and lacking the 90-100 peak seen with
Geldanamycin. However, it causes a higher degree of
flexibility in the 200-220 region than Geldanamycin. Taken
together, gen7-stolonifer appears to stabilize the protein
earlier and more smoothly than Geldanamycin, while
altering the flexibility profile by decreasing motion in
some regions (e.g., the C-terminus) and increasing it in
others (notably around residues 200-220). Therefore, we
show here a potentially more stable inhibitory mechanism
against HSP90 than geldanamycin. The RMSD and RMSF
for HSP90-Geldanamycin are visualized in Fig. (4A-B),
respectively. Finally, we summarize the findings in
Table 1.

Table 1. Summary of the molecular docking and dynamics analysis.

Target Protein

Docking Analysis (Binding and Specificity)

MD Simulation (Stability)

R. stolonifer HSP90

« Strongest Interaction
* 12 Hydrogen Bonds
« 4 Salt Bridges

* Most Stable Complex
« Stable RMSD (4-5 &)
» More stable than Geldanamycin complex

R. microsporus HSP90

« Strong Interaction
* 9 Hydrogen Bonds
« 1 Salt Bridge

* Stable Complex
« Stable RMSD (8-10 A) after initial rise

R. oryzae HSP90

¢ Good Interaction
* 5 Hydrogen Bonds
« 2 Salt Bridges

« Less Stable
« High fluctuations in RMSD (7.5-12 A)

Human HSP90

* Weakest Interaction
« 5 Hydrogen Bonds
« 3 Salt Bridges

¢ Unstable Complex
« Significant fluctuations; no stability observed (RMSD up to 15 A)
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3.6. Hydropathic Characterization of the HSP90
Binding Pocket

To further guide the design of new drug candidates, an
analysis of the HSP90 binding site was conducted to map
its hydrophilic and hydrophobic characteristics using
ProtScale. The results indicate that the conserved binding
pocket across Rhizopus species is predominantly
hydrophilic, a finding consistent with our docking analysis
that identified an extensive network of hydrogen bonds
and salt bridges stabilizing the Gen7-HSP90 complex.
Specifically, in R. stolonifer, which demonstrated the
strongest interaction stability, the binding interface
(residues 360-454) exhibits high hydration potential,
creating a favorable environment for the numerous polar
interactions observed. However, this region is not
uniform; the analysis also revealed distinct hydrophobic
pockets, such as the area around residue 391, suggesting
an amphipathic nature. Similarly, the binding regions in R.
microsporus (residues 395-490) and R. oryzae (residues
1-96) are also largely hydrophilic but interspersed with
hydrophobic patches. This detailed mapping underscores
the need for optimal inhibitor design to consider this
amphipathic topology. Future drug candidates could be
enhanced by incorporating both polar functional groups to
engage with the hydrophilic surface and nonpolar moieties
strategically positioned to occupy the hydrophobic
pockets, thereby maximizing binding affinity and
specificity.

4. DISCUSSION

Developing fungal-specific HSP90 inhibitors is difficult
because of the high conservation between fungal and
human HSP90, leading to off-target toxicity and limited
therapeutic efficacy. This study utilized a novel deep
learning approach to design de novo inhibitors that
specifically target HSP90 in clinically significant Rhizopus
species. The aim is to improve inhibitor specificity and
efficacy while minimizing side effects, leveraging deep
learning's successful application in designing therapeutics
for deadly diseases such as bacterial infections, cancer,
neurodegenerative diseases, and cardiovascular diseases
[33, 34, 35, 36, 37].

The findings of this work provide important insights on
the diversity, evolutionary conservation, and structural
stability of the HSP90 proteins in the various Rhizopus
species and their strains, and this indicates that the
HSP90 proteins are dynamic in various species and
strains. In particular, R. oryzae (synonyms R. arrhizus var.
delemar) introduces the shortest ones, whereas R.
microsporus has the longest ones. This implies that there
may be differences in the functional roles or regulatory
needs of HSP90 across these organisms, which may be
indicative of differences in the stress response mechanism
or differences in the degree of environmental adaptation.
These differences could also be attributed to differences in
the pathogenicity of strains. The conservation mechanism
of HSP90 in fungi has been reported in other studies in
the past [13, 38, 39]. The multiple MSA has indicated the
uneven distribution of the conserved areas among the

species, with R. microsporus, R. oryzae, and R. stolonifer
conserved in various regions of the sequence. This
conservation difference might indicate species-specific
functions of HSP90 protein, yet which are nonetheless
needed by protein-folding core functional domains, as
found in previous studies, including an example in which
conservation is observed in HSP90 domain structure,
including an N-terminal ATPase domain, a middle domain
to interact with clients, and a C-terminal domain to
dimerize which are required in the functions of HSP90 in
protein  homeostasis and environmental stress.
Additionally, one of the studies found that in Candida
albicans, HSP90 is the only protein that regulates
virulence functions such as morphogenesis and drug
resistance. However, this is not the case with C. albicans,
where HSP90 regulates the yeast-to-filamentous
transition, which is an important pathogenicity process [8,
41]. 1t has been demonstrated that non-coding influences
can drive these processes, i.e., post-translational
modifications, including phosphorylation, which can
adversely impact the virulence by changing the stability of
the protein and interactions with the client [42]. Fungal
and human HSP90 Comparative analysis of fungal and
human HSP90 has shown differences in functionality,
particularly in their interactions with co-chaperones and in
ATPase activity [40, 43].

The sequence and dynamics of these de novo proteins
indicate that most of the resulting sequences exhibit
variations in biochemical stability. Nevertheless, the
unique amino acid structure of sequence Gen5, with high
concentrations of aspartic acid and glutamic acid,
indicates the possible differences in functionality that
could be studied further in the interaction or particular
adhesion characteristics. Earlier research has indicated
that de novo inhibitors that are designed to have stable
backbones and unique amino acid sequences can be better
in terms of binding, to enhance their molecular
recognition and affinity to the target proteins. Researchers
have used fine-tuning models such as RoseTTAFold to
denoise design tasks in protein structure, creating
generative models capable of solving a wide variety of
design tasks, such as protein monomer design, binder
design, and symmetric oligomer assembling tasks. The
correctness and functionality of these designs are proved
by experimental findings; the cryogenic electron
microscopy structure of a designed binder is almost
similar to the model [44, 45, 46]. Besides, our data
obtained on molecular dynamics simulations gave some
vital information on the dynamic stability of these
designed proteins, and it was found that out of the ten
structures created, only three Hydro 2, Gen 7, and Hydro
3 structures were relatively stable compared to others. It
is worth noting that Hydro 2 exhibited a high level of
stability, and its RMSD and RMSF levels were constantly
low throughout the simulation, which indicates that the
given structure could be used as a powerful basis for
fungal HSP90 inhibition. Gen 7 and Hydro 3 were also
stable, but had more fluctuations, potentially indicating
that the two are more flexible and adaptable, which, under
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certain biological conditions, can be beneficial. It is
especially applicable in the context of the interaction
dynamics of the structures with HSP90 in any given fungal
species. Hydro 2 exhibited outstanding stability with low
RMSD and RMSF, and this reflects that it can be greatly
exploited to inhibit fungal HSP90. The stable Gen 7 and
Hydro 3 had more fluctuations, and this is an indication of
flexibility that could help in some biological situations, as
reported earlier [44, 46]. The molecular docking study
between the de novo protein structures and HSP90 of R.
microsporus, R. oryzae, and R. stolonifer showed that Gen
7 had the highest average binding affinity with R. oryzae,
suggesting it could be a potent inhibitor of this pathogenic
species. Interestingly, despite the fact that Gen 7 also
showed moderate interaction with human HSP90, the
interaction of binding was weak and less dense compared
with the fungal species. This selectivity is important in the
formulation of therapeutic agents that can act on fungi
pathogens with a reduced off-target effect in humans. The
step-by-step hydrogen bond and salt bridge interactions
found in the docking assays also confirm the hypothesis
that Gen7 binds more to conserved regions of fungal
HSP9I0, those that formed the largest interaction network
with Gen 7, and that they are R. stolonifer. Salt bridges
are also highly useful in drug potency, where the
combination of electrostatic attraction and hydrogen
bonding is more potent than the simple hydrogen bonds.
They usually happen in proteins between the positive Lys
or Arg residues and the negative Asp or Glu residues. Salt
bridges are important in protein-protein interactions,
protein folding, protein recognition, protein
conformational rigidity, and protein stability [47]. This
paper also demonstrated that the ability of the inhibitor to
act was due to the formation of a salt bridge between a
positively charged group of the inhibitor and the
negatively charged C-terminus of the target enzyme.
Replacement of the charged group by a neutral group
resulted in a high activity loss, pointing to the need for salt
bridges in stabilizing N-myristoyltransferases (NMT)-
ligand complexes as well as their possible use as a rational
drug design tool. These results were further confirmed by
our molecular dynamics simulation, which showed that
Gen7 Hsp90 fungi were more stable than Gen7 Hsp90
human. The gen7-R. stolonifer and gen7-R. microsporus
complexes had a constant RMSD value across the 30 ns
simulation, which denotes the robust and affirmative
interaction. However, the gen7-R. oryzae and gen7-human
complexes were more variable, implying that the
interactions were weak and unstable. Gen 7 selectivity for
fungal HSP90 and the less avid binding of the human
protein are important advances towards the creation of
specific antifungal therapy applications. Recent research
has examined the critical importance of MD simulations in
understanding the complex interactions between protein
stability, dynamics, and functionality. For example, a study
of SARS-CoV-2 spike protein variants found to have a
higher capacity to stabilize structure, especially the
omicron variant, a major factor contributing to greater
viral infectivity. Equally, MD simulations of this type,
which estimate the binding of the ligand, showed that
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native forms were more stable than decoys, thus
improving structure-based drug design approaches [48,
49, 50, 51, 52]. Thus, those structures that are more stable
upon formation of a protein-inhibitor complex are more
likely to undergo successful binding and make therapeutic
agents.

Nonetheless, this research has a number of
weaknesses that must be noted. First, the results are
purely computational, and they were not experimentally
validated. Its efficacy, stability, and selectivity as
predicted by the de novo inhibitor Gen 7 should be verified
using in vitro activity and later justified in in vivo models
to determine its real (therapeutic) potential. Second, the
research used AlphaFold-predicted protein structures in
certain species, which, even though highly accurate, might
not accurately reflect the native protein structures.
Molecular dynamic simulations (30-50 ns) may also not be
long enough to include all the long-term conformational
dynamics of the protein-inhibitor complexes. These
restrictions provide significant opportunities for future
research in order to make these computational results a
clinically viable antifungal agent. Finally, the paper has
identified the applicability of protein design based on
bioinformatics in the design of selective antifungal
compounds. These studies of evolutionary analysis,
structural modeling, molecular dynamics simulations, and
docking studies offer a holistic approach to fungal-specific
inhibitors identification and optimization. Further
optimization of the Gen 7 structure to increase its
specificity and efficacy, and in vitro and in vivo testing to
confirm its potential as a therapeutic agent, could be
considered for future work. The method used in this
research can be applied to other pathogenic fungi, thus
broadening antifungal drug research and creating new
channels of fungal infection control.

CONCLUSION

This paper demonstrates that a deep learning
approach can be used to develop selective inhibitors
against HSP90 in clinically relevant Rhizopus species.
Through the study of evolutionary trends and the design of
complex proteins using current protein design tools, we
were able to produce the de novo inhibitor Gen 7, which
had high binding affinity ability to fungal HSP90 but had
little interaction with human proteins. The differences in
the lengths and conserved regions of the HSP90 protein
among Rhizopus species indicate special functional
purposes depending on the evolutionary pressures. Gen 7
proved to be extremely stable and selective, as confirmed
by molecular dynamics studies and docking studies, and
an augmented salt bridge formation further strengthened
it. Moreover, the HSP90-Geldanamycin comparison
complex with gen7-stolonifer indicates that gen7-stolonifer
may be able to offer a more stable inhibitory mode of
action over HSP90 compared to Geldanamycin due to
earlier and smoother stabilization and changes in the
flexibility profile. These results highlight the possibility of
the use of bioinformatics-based protein design to develop
specific antifungal agents. The Gen 7 structure needs to
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be optimized in future studies to be more effective, and in
vitro and in vivo analyses should be carried out to
determine its therapeutic value. The study forms the basis
for developing antifungal agents that can be able to
effectively counter the effects of fungi and reduce off-
target effects on the human body.

AUTHORS’ CONTRIBUTIONS

The authors confirm their contribution to the paper as
follows: M.S.F.: Study conception and design; Y.N.H.:
Analysis and interpretation of results; S.S.: Investigation.
All authors reviewed the results and approved the final
version of the manuscript.

LIST OF ABBREVIATIONS

HSP90 = Heat Shock Protein 90

RMSD = Root-Mean-Square Deviation

MSA = Multiple Sequence Alignment

pLDDT = Predicted Local Distance Difference Test
ns = Nanosecond

RMSF = Root Mean Square Fluctuations

PDB = Protein Data Bank
GRAMM = Global Range Molecular Matching
KDAC = Lysine Deacetylase
MD = Molecular Dynamics
NMT = N-myristoyltransferases
ETHICS APPROVAL AND CONSENT TO
PARTICIPATE
Not applicable.

HUMAN AND ANIMAL RIGHTS
No animals/humans were used in this research.

CONSENT FOR PUBLICATION
Not applicable.

AVAILABILITY OF DATA AND MATERIALS

The data and supportive information are available
within the article.

FUNDING
None.

CONFLICT OF INTEREST

The authors declare no conflict of interest, financial or
otherwise.

ACKNOWLEDGEMENTS
Declared none.

SUPPLEMENTARY MATERIAL

Supplementary material is available on the Publisher’s
website.

REFERENCES

[1] Gardiner BJ, Simpson I, Khuu MH, Kidd SE, Lo CH, Jenkin GA. An
unusual ulcer: A case of cutaneous mucormycosis caused by
Rhizopus oryzae. Med Mycol Case Rep 2015; 7: 8-11.
http://dx.doi.org/10.1016/j.mmcr.2014.11.003 PMID: 27330940

[2] Dai M, Tan X, Chen X, et al. Green control for inhibiting Rhizopus
oryzae growth by stress factors in forage grass factory. Front
Microbiol 2024; 15: 1437799.
http://dx.doi.org/10.3389/fmich.2024.1437799 PMID: 39161598

[3] Ibrahim AS, Spellberg B, Avanessian V, Fu Y, Edwards JE ]r.
Rhizopus oryzae adheres to, is phagocytosed by, and damages
endothelial cells in vitro. Infect Immun 2005; 73(2): 778-83.
http://dx.doi.org/10.1128/1A1.73.2.778-783.2005 PMID: 15664916

[4] Kavaliauskas P, Gu Y, Hasin N, et al. Multiple roles for hypoxia
inducible factor 1-alpha in airway epithelial cells during
mucormycosis. Nat Commun 2024; 15(1): 5282.
http://dx.doi.org/10.1038/s41467-024-49637-8 PMID: 38902255

[5] BuiDC, Lee Y, Lim JY, et al. Heat shock protein 90 is required for
sexual and asexual development, virulence, and heat shock
response in Fusarium graminearum. Sci Rep 2016; 6(1): 28154.
http://dx.doi.org/10.1038/srep28154 PMID: 27306495

[6] Chatterjee S, Tatu U. Heat shock protein 90 localizes to the
surface and augments virulence factors of Cryptococcus
neoformans. PLoS Negl Trop Dis 2017; 11(8): e0005836.
http://dx.doi.org/10.1371/journal.pntd.0005836 PMID: 28783748

[7] Gong Y, LiT, Yu C, Sun S. Candida albicans Heat Shock Proteins
and Hsps-Associated Signaling Pathways as Potential Antifungal
Targets. Front Cell Infect Microbiol 2017; 7: 520.
http://dx.doi.org/10.3389/fcimb.2017.00520 PMID: 29312897

[8] Robbins N, Cowen LE. Roles of Hsp90 in Candida albicans
morphogenesis and virulence. Curr Opin Microbiol 2023; 75:
102351.
http://dx.doi.org/10.1016/j.mib.2023.102351 PMID: 37399670

[9] Lamoth F, Juvvadi PR, Fortwendel JR, Steinbach WJ. Heat shock
protein 90 is required for conidiation and cell wall integrity in
Aspergillus fumigatus. Eukaryot Cell 2012; 11(11): 1324-32.
http://dx.doi.org/10.1128/EC.00032-12 PMID: 22822234

[10] Lamoth F, Juvvadi PR, Steinbach W]. Heat shock protein 90
(Hsp90): A novel antifungal target against Aspergillus fumigatus.
Crit Rev Microbiol 2016; 42(2): 310-21.
http://dx.doi.org/10.3109/1040841X.2014.947239 PMID:
25153691

[11] Jacob TR, Peres NTA, Martins MP, et al. Heat Shock Protein 90
(Hsp90) as a Molecular Target for the Development of Novel
Drugs Against the Dermatophyte Trichophyton rubrum. Front
Microbiol 2015; 6: 1241.
http://dx.doi.org/10.3389/fmich.2015.01241 PMID: 26617583

[12] Verma A K. Evolutionary conservation and emerging functional
diversity of the cytosolic Hsp70:] Protein Chaperone Network of
Arabidopsis thaliana. G3 (Bethesda) 2017; 7(6): 1941.
http://dx.doi.org/10.1534/g3.117.042291

[13] Johnson JL. Evolution and function of diverse Hsp90 homologs and
cochaperone proteins. Biochim Biophys Acta Mol Cell Res 2012;
1823(3): 607-13.
http://dx.doi.org/10.1016/j.bbamcr.2011.09.020 PMID: 22157651

[14] Lamoth F, Juvvadi PR, Steinbach WJ. Heat Shock Protein 90
(Hsp90) in Fungal Growth and Pathogenesis. Curr Fungal Infect
Rep 2014; 8(4): 296-301.
http://dx.doi.org/10.1007/s12281-014-0195-9

[15] Xiong J, Wang L, Feng Y, et al. Geldanamycin confers fungicidal
properties to azole by triggering the activation of succinate
dehydrogenase. Life Sci 2024; 348: 122699.
http://dx.doi.org/10.1016/j.1fs.2024.122699 PMID: 38718854

[16] Whitesell L, Robbins N, Huang DS, et al. Structural basis for
species-selective targeting of Hsp90 in a pathogenic fungus. Nat
Commun 2019; 10(1): 402.
http://dx.doi.org/10.1038/s41467-018-08248-w PMID: 30679438

[17] Fu C, Beattie SR, Jezewski AJ, et al. Genetic analysis of Hsp90
function in Cryptococcus neoformans highlights key roles in stress


http://dx.doi.org/10.1016/j.mmcr.2014.11.003
http://www.ncbi.nlm.nih.gov/pubmed/27330940
http://dx.doi.org/10.3389/fmicb.2024.1437799
http://www.ncbi.nlm.nih.gov/pubmed/39161598
http://dx.doi.org/10.1128/IAI.73.2.778-783.2005
http://www.ncbi.nlm.nih.gov/pubmed/15664916
http://dx.doi.org/10.1038/s41467-024-49637-8
http://www.ncbi.nlm.nih.gov/pubmed/38902255
http://dx.doi.org/10.1038/srep28154
http://www.ncbi.nlm.nih.gov/pubmed/27306495
http://dx.doi.org/10.1371/journal.pntd.0005836
http://www.ncbi.nlm.nih.gov/pubmed/28783748
http://dx.doi.org/10.3389/fcimb.2017.00520
http://www.ncbi.nlm.nih.gov/pubmed/29312897
http://dx.doi.org/10.1016/j.mib.2023.102351
http://www.ncbi.nlm.nih.gov/pubmed/37399670
http://dx.doi.org/10.1128/EC.00032-12
http://www.ncbi.nlm.nih.gov/pubmed/22822234
http://dx.doi.org/10.3109/1040841X.2014.947239
http://www.ncbi.nlm.nih.gov/pubmed/25153691
http://dx.doi.org/10.3389/fmicb.2015.01241
http://www.ncbi.nlm.nih.gov/pubmed/26617583
http://dx.doi.org/10.1534/g3.117.042291
http://dx.doi.org/10.1016/j.bbamcr.2011.09.020
http://www.ncbi.nlm.nih.gov/pubmed/22157651
http://dx.doi.org/10.1007/s12281-014-0195-9
http://dx.doi.org/10.1016/j.lfs.2024.122699
http://www.ncbi.nlm.nih.gov/pubmed/38718854
http://dx.doi.org/10.1038/s41467-018-08248-w
http://www.ncbi.nlm.nih.gov/pubmed/30679438

14 The Open Biotechnology Journal, 2026, Vol. 20

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

tolerance and virulence. Genetics 2022; 220(1): iyab164.
http://dx.doi.org/10.1093/genetics/iyab164 PMID: 34849848
Carmo PHF, Costa MC, Leocéadio VAT, et al. Exposure to
itraconazole influences the susceptibility to antifungals,
physiology, and virulence of Trichophyton interdigitale. Med
Mycol 2022; 60(11): myac088.
http://dx.doi.org/10.1093/mmy/myac088 PMID: 36367546

Roana J, Mandras N, Scalas D, Campagna P, Tullio V. Antifungal
activity of Melaleuca alternifolia Essential Oil (TTO) and its
synergy with itraconazole or ketoconazole against Trichophyton
rubrum. Molecules 2021; 26(2): 461.
http://dx.doi.org/10.3390/molecules26020461 PMID: 33477259
PMCID: PMC7830555

Cowen LE, Singh SD, Kéhler JR, et al. Harnessing Hsp90 function
as a powerful, broadly effective therapeutic strategy for fungal
infectious disease. Proc Natl Acad Sci USA 2009; 106(8): 2818-23.
http://dx.doi.org/10.1073/pnas.0813394106 PMID: 19196973
Posch W, Blatzer M, Wilflingseder D, Lass-Florl C. Aspergillus
terreus: Novel lessons learned on amphotericin B resistance. Med
Mycol 2018; 56: S73.

http://dx.doi.org/10.1093/mmy/myx119

Rios EI, Hunsberger IL, Johnson JL. Insights into Hsp90
mechanism and in vivo functions learned from studies in the
yeast, Saccharomyces cerevisiae. Front Mol Biosci 2024; 11:
1325590.

http://dx.doi.org/10.3389/fmolbh.2024.1325590 PMID: 38389899
Matos TGF, Morais FV, Campos CBL. Hsp90 regulates
Paracoccidioides brasiliensis proliferation and ROS levels under
thermal stress and cooperates with calcineurin to control yeast to
mycelium dimorphism. Med Mycol 2013; 51(4): 413-21.
http://dx.doi.org/10.3109/13693786.2012.725481
23013413

Singh-Babak SD, Babak T, Diezmann S, et al. Global analysis of
the evolution and mechanism of echinocandin resistance in
Candida glabrata. PLoS Pathog 2012; 8(5)e1002718
http://dx.doi.org/10.1371/journal.ppat.1002718

Doi T, Yamamoto N, Ohkubo S. Pimitespib for the treatment of
advanced gastrointestinal stromal tumors and other tumors.
Future Oncol 2024; 20(9): 507-19.
http://dx.doi.org/10.2217/fon-2022-1172 PMID: 38050698

Yc L. Searching and navigating uniprot databases. Current
Protocol 3( (3)): 300.

http://dx.doi.org/10.1002/cpz1.700

Notredame C, Higgins DG, Heringa J. T-coffee: a novel method for
fast and accurate multiple sequence alignment 1 1Edited by J.
Thornton. J Mol Biol 2000; 302(1): 205-17.
http://dx.doi.org/10.1006/jmbi.2000.4042 PMID: 10964570
Schneider TD. Consensus sequence Zen. Appl Bioinformatics
2002; 1(3): 111-9.

PMID: 15130839

Lisanza SL, Gershon JM, Tipps SWK. Multistate and functional
protein design using RoseTTAFold sequence space diffusion.
Nature Biotechnology 2025; 43: 1288-98.
http://dx.doi.org/10.1038/s41587-024-02395-w PMID: 39322764
Mirdita M, Schutze K, Moriwaki Y, Heo L, Ovchinnikov S,
Steinegger M. ColabFold: making protein folding accessible to all.
Nature Methods 2022; 19(6): 679-82.
http://dx.doi.org/10.1038/s41592-022-01488-1 PMID: 35637307
Singh A, Copeland MM, Kundrotas PJ], Vakser IA. GRAMM Web
Server for Protein Docking. Methods Mol Biol 2024; 2714: 101-12.
http://dx.doi.org/10.1007/978-1-0716-3441-7 5 PMID: 37676594
Laskowski RA, Jabtonska ], Pravda L, Varekova RS, Thornton JM.
PDBsum: Structural summaries of PDB entries. Protein Sci 2018;
27(1): 129-34.

http://dx.doi.org/10.1002/pro.3289 PMID: 28875543

Cai C, Guo P, Zhou Y, et al. Deep Learning-Based Prediction of
Drug-Induced Cardiotoxicity. ] Chem Inf Model 2019; 59(3):
1073-84.

http://dx.doi.org/10.1021/acs.jcim.8b00769 PMID: 30715873
Jiang Y, Zhang Z, Wang W, et al. Biology-guided deep learning

PMID:

[36]

[47]

(48]

[50]

Farhan et al.

predicts prognosis and cancer immunotherapy response. Nat
Commun 2023; 14(1): 5135.
http://dx.doi.org/10.1038/s41467-023-40890-x PMID: 37612313
Krittanawong C, Johnson KW, Rosenson RS, et al. Deep learning
for cardiovascular medicine: a practical primer. Eur Heart ] 2019;
40(25): 2058-73.

http://dx.doi.org/10.1093/eurheartj/ehz056 PMID: 30815669

LiY, Zhang L, Wang Y, et al. Generative deep learning enables the
discovery of a potent and selective RIPK1 inhibitor. Nat Commun
2022; 13(1): 6891.

http://dx.doi.org/10.1038/s41467-022-34692-w PMID: 36371441
Park S, Silva E, Singhal A, et al. A deep learning model of tumor
cell architecture elucidates response and resistance to CDK4/6
inhibitors. Nat Cancer 2024; 5(7): 996-1009.
http://dx.doi.org/10.1038/s43018-024-00740-1 PMID: 38443662
Chen B, Zhong D, Monteiro A. Comparative genomics and
evolution of the HSP90 family of genes across all kingdoms of
organisms. BMC Genomics 2006; 7(1): 156.
http://dx.doi.org/10.1186/1471-2164-7-156 PMID: 16780600
Gopinath RK, You ST, Chien KY, et al. The Hsp90-dependent
proteome is conserved and enriched for hub proteins with high
levels of protein-protein connectivity. Genome Biol Evol 2014;
6(10): 2851-65.

http://dx.doi.org/10.1093/ghe/evu226 PMID: 25316598

Rouges C, Asad M, Laurent AD, Marchand P, Le Pape P. Is the C-
Terminal Domain an Effective and Selective Target for the Design
of Hsp90 Inhibitors against Candida Yeast? Microorganisms 2023;
11(12): 2837.
http://dx.doi.org/10.3390/microorganisms11122837
38137982

O’Meara TR, Robbins N, Cowen LE. The Hsp90 Chaperone
Network Modulates Candida Virulence Traits. Trends Microbiol
2017; 25(10): 809-19.

http://dx.doi.org/10.1016/j.tim.2017.05.003 PMID: 28549824
Alaalm L, Crunden JL, Butcher M, et al. Identification and
Phenotypic Characterization of Hsp90 Phosphorylation Sites That
Modulate Virulence Traits in the Major Human Fungal Pathogen
Candida albicans. Front Cell Infect Microbiol 2021; 11: 637836.
http://dx.doi.org/10.3389/fcimb.2021.637836 PMID: 34513723
Reidy M, Masison DC. Mutations in the Hsp90 N Domain Identify
a Site that Controls Dimer Opening and Expand Human Hsp90a
Function in Yeast. ] Mol Biol 2020; 432(16): 4673-89.
http://dx.doi.org/10.1016/j.jmb.2020.06.015 PMID: 32565117

Pan X, Kortemme T. Recent advances in de novo protein design:
Principles, methods, and applications. J Biol Chem 2021; 296:
100558.

http://dx.doi.org/10.1016/j.jbc.2021.100558 PMID: 33744284
Huang PS, Boyken SE, Baker D. The coming of age of de novo
protein design. Nature 2016; 537(7620): 320-7.
http://dx.doi.org/10.1038/nature19946 PMID: 27629638

Watson JL, Juergens D, Bennett NR, et al. De novo design of
protein structure and function with RFdiffusion. Nature 2023;
620(7976): 1089-100.
http://dx.doi.org/10.1038/s41586-023-06415-8 PMID: 37433327
Spassov DS, Atanasova M, Doytchinova I. A role of salt bridges in
mediating drug potency: A lesson from the N-myristoyltransferase
inhibitors. Front Mol Biosci 2023; 9: 1066029.
http://dx.doi.org/10.3389/fmolb.2022.1066029 PMID: 36703920
Gonzalez NA, Li BA, McCully ME. The stability and dynamics of
computationally designed proteins. Protein Eng Des Sel 2022; 35:
gzac001.

http://dx.doi.org/10.1093/protein/gzac001 PMID: 35174855
Lasham ], Djurabekova A, Zickermann V, Vonck J, Sharma V. Role
of protonation states in the stability of molecular dynamics
simulations of high-resolution membrane protein structures. ]
Phys Chem B 2024; 128(10): 2304-16.
http://dx.doi.org/10.1021/acs.jpcb.3c07421 PMID: 38430110

Choi KE, Kim JM, Rhee JE, et al. Molecular Dynamics Studies on
the Structural Stability Prediction of SARS-CoV-2 Variants
Including Multiple Mutants. Int J] Mol Sci 2022; 23(9): 4956.

PMID:


http://dx.doi.org/10.1093/genetics/iyab164
http://www.ncbi.nlm.nih.gov/pubmed/34849848
http://dx.doi.org/10.1093/mmy/myac088
http://www.ncbi.nlm.nih.gov/pubmed/36367546
http://dx.doi.org/10.3390/molecules26020461
http://www.ncbi.nlm.nih.gov/pubmed/33477259
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC7830555
http://dx.doi.org/10.1073/pnas.0813394106
http://www.ncbi.nlm.nih.gov/pubmed/19196973
http://dx.doi.org/10.1093/mmy/myx119
http://dx.doi.org/10.3389/fmolb.2024.1325590
http://www.ncbi.nlm.nih.gov/pubmed/38389899
http://dx.doi.org/10.3109/13693786.2012.725481
http://www.ncbi.nlm.nih.gov/pubmed/23013413
http://dx.doi.org/10.1371/journal.ppat.1002718
http://dx.doi.org/10.2217/fon-2022-1172
http://www.ncbi.nlm.nih.gov/pubmed/38050698
http://dx.doi.org/10.1002/cpz1.700%20
http://dx.doi.org/10.1006/jmbi.2000.4042
http://www.ncbi.nlm.nih.gov/pubmed/10964570
http://www.ncbi.nlm.nih.gov/pubmed/15130839
http://dx.doi.org/10.1038/s41587-024-02395-w
http://www.ncbi.nlm.nih.gov/pubmed/39322764
http://dx.doi.org/10.1038/s41592-022-01488-1
http://www.ncbi.nlm.nih.gov/pubmed/35637307
http://dx.doi.org/10.1007/978-1-0716-3441-7_5
http://www.ncbi.nlm.nih.gov/pubmed/37676594
http://dx.doi.org/10.1002/pro.3289
http://www.ncbi.nlm.nih.gov/pubmed/28875543
http://dx.doi.org/10.1021/acs.jcim.8b00769
http://www.ncbi.nlm.nih.gov/pubmed/30715873
http://dx.doi.org/10.1038/s41467-023-40890-x
http://www.ncbi.nlm.nih.gov/pubmed/37612313
http://dx.doi.org/10.1093/eurheartj/ehz056
http://www.ncbi.nlm.nih.gov/pubmed/30815669
http://dx.doi.org/10.1038/s41467-022-34692-w
http://www.ncbi.nlm.nih.gov/pubmed/36371441
http://dx.doi.org/10.1038/s43018-024-00740-1
http://www.ncbi.nlm.nih.gov/pubmed/38443662
http://dx.doi.org/10.1186/1471-2164-7-156
http://www.ncbi.nlm.nih.gov/pubmed/16780600
http://dx.doi.org/10.1093/gbe/evu226
http://www.ncbi.nlm.nih.gov/pubmed/25316598
http://dx.doi.org/10.3390/microorganisms11122837
http://www.ncbi.nlm.nih.gov/pubmed/38137982
http://dx.doi.org/10.1016/j.tim.2017.05.003
http://www.ncbi.nlm.nih.gov/pubmed/28549824
http://dx.doi.org/10.3389/fcimb.2021.637836
http://www.ncbi.nlm.nih.gov/pubmed/34513723
http://dx.doi.org/10.1016/j.jmb.2020.06.015
http://www.ncbi.nlm.nih.gov/pubmed/32565117
http://dx.doi.org/10.1016/j.jbc.2021.100558
http://www.ncbi.nlm.nih.gov/pubmed/33744284
http://dx.doi.org/10.1038/nature19946
http://www.ncbi.nlm.nih.gov/pubmed/27629638
http://dx.doi.org/10.1038/s41586-023-06415-8
http://www.ncbi.nlm.nih.gov/pubmed/37433327
http://dx.doi.org/10.3389/fmolb.2022.1066029
http://www.ncbi.nlm.nih.gov/pubmed/36703920
http://dx.doi.org/10.1093/protein/gzac001
http://www.ncbi.nlm.nih.gov/pubmed/35174855
http://dx.doi.org/10.1021/acs.jpcb.3c07421
http://www.ncbi.nlm.nih.gov/pubmed/38430110

Heat Shock Protein 90 (HSP90) as a Universal Target in Rhizopus Strains 15

http://dx.doi.org/10.3390/ijms23094956 PMID: 35563345 [52] Darmadi D, Lindarto D, Siregar ], et al. Study of the molecular
[51]1 Liu K, Watanabe E, Kokubo H. Exploring the stability of ligand dynamics stability in the inhibitory interaction of tenofovir
binding modes to proteins by molecular dynamics simulations. J disoproxil fumarate against ctla-4 in chronic hepatitis B patients.
Comput Aided Mol Des 2017; 31(2): 201-11. Med Arch 2023; 77(3): 227-30.
http://dx.doi.org/10.1007/s10822-016-0005-2 http://dx.doi.org/10.5455/medarh.2023.77.227-230 PMID:

37700917 PMCID: PMC10495148

DISCLAIMER: The above article has been published, as is, ahead-of-print, to provide early visibility but is not the final version.
Major publication processes like copyediting, proofing, typesetting and further review are still to be done and may lead to changes in
the final published version, if it is eventually published. All legal disclaimers that apply to the final published article also apply to this
ahead-of-print version.



http://dx.doi.org/10.3390/ijms23094956
http://www.ncbi.nlm.nih.gov/pubmed/35563345
http://dx.doi.org/10.1007/s10822-016-0005-2
http://dx.doi.org/10.5455/medarh.2023.77.227-230
http://www.ncbi.nlm.nih.gov/pubmed/37700917
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC10495148

	[1. INTRODUCTION]
	1. INTRODUCTION
	2. METHODS
	2.1. Protein Sequence and Domain Retrieval
	2.2. Conserved Region Identification Using Multiple Sequence Alignment
	2.3. Deep Learning Based Protein Inhibitor Designing and Selection of De Novo Proteins
	2.4. Protein-Protein Molecular Docking Between HSP90 and Designed Inhibitors
	2.5. Molecular Dynamics Simulations

	3. RESULTS
	3.1. Diversity of HSP90 Protein Lengths in Rhizopus Strains
	3.2. Identification of Conserved Regions in HSP90 Protein among Rhizopus Strains
	3.3. Structural and Dynamic Analysis of De Novo Protein Structures Reveals Stable Structures
	3.4. Designing of Fungal-Specific HSP90 De Novo Protein Inhibitor
	3.5. Molecular Dynamics Trends of Designed Inhibitor with Fungal and Human HSP90
	3.6. Hydropathic Characterization of the HSP90 Binding Pocket

	4. DISCUSSION
	CONCLUSION
	AUTHORS’ CONTRIBUTIONS
	LIST OF ABBREVIATIONS
	ETHICS APPROVAL AND CONSENT TO PARTICIPATE
	HUMAN AND ANIMAL RIGHTS
	CONSENT FOR PUBLICATION
	AVAILABILITY OF DATA AND MATERIALS
	FUNDING
	CONFLICT OF INTEREST
	ACKNOWLEDGEMENTS
	SUPPLEMENTARY MATERIAL
	REFERENCES


