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Modeling ligand-protein interactions is essential in various scientific and industrial applications, especially in
drug discovery and structural biology. In the past year, several Al-driven computational tools, such as AlphaFold
3 and Chai-1r, have revolutionized the field of biomolecular structure prediction. Most recently, an open-source
deep learning model called Boltz-1 has also been introduced, marking a significant advancement in biomolecular
interaction modeling. To assess the performance of Boltz-1 in comparison to other computational tools, we
benchmarked its capability to accurately reproduce the 3D structures of various biomolecular complexes. These
complexes included essential enzymes and ligands of varying complexities, such as low-molecular organic lig-
ands, sterols, and peptidomimetics. We found that Boltz-1 demonstrated strong performance in reproducing pro-
tein folding, achieving a root mean square deviation (RMSD) of less than 1 A. When compared to other compu-
tational tools, such as Glide by Schrédinger and AutoDock Vina, Boltz-1's ability to predict the 3D structures of
biomolecular complexes was well balanced. It successfully re-docked a diverse set of ligands with varying com-
plexities, achieving binding poses that were comparable to those of the commercial software Glide. In terms of a
RMSD and ligand-binding ranking, Boltz-1 outperformed the widely used docking tool AutoDock Vina for all eval-
uated ligands, creating opportunities to enhance computational screening of ligand-protein interactions.

Keywords: protein folding, ligand-protein interaction, drug design, artificial intelligence, Boltz-1.

Introduction

Understanding how small molecules (ligands) interact with proteins is fundamental to designing ef-
fective drugs. Modeling these interactions helps identify potential drug candidates that can bind to spe-
cific protein targets, inhibiting or activating their functions to treat diseases [1-3]. By predicting the
3D structure of ligand-protein complexes, researchers can optimize the design of compounds to im-
prove binding affinity, selectivity, and other pharmacological properties [4-6]. This approach acceler-
ates the drug development process and reduces costs.

Boltz-1 is an open-source deep learning model designed to predict the 3D structures of biomolecu-
lar complexes, including interactions between proteins and ligands [7]. Boltz-1 achieves AlphaFold3-
level accuracy in predicting biomolecular structures, making it a powerful tool for modeling complex
interactions involving proteins, RNA, DNA, and other molecules. It demonstrates strong performance
in predicting protein-ligand interactions, with a notable LDDT-PLI score of 65%, outperforming Chai-
1, which is another open-source Al model developed for predicting molecular structures and interac-
tions.

The Boltz-1 model supports a wide range of molecular interactions, including modified residues,
covalent ligands, and glycans. It can also condition predictions on specified interaction pockets or con-
tacts, enhancing its flexibility in modeling diverse biomolecular complexes. It demonstrates particu-
larly strong protein-ligand and protein-protein performance. The model's ability to accurately predict
ligand-protein binding interactions is crucial for drug discovery and therapeutic design, as it helps in
understanding and designing molecular interactions at a detailed level.

Boltz-1 combines open-source accessibility with performance comparable to proprietary tools,
making it a groundbreaking resource in structural biology. Fig. 1 illustrate a typical pipeline of Botlz-1
processing. It accepts FASTA files, YAML schemas, or directories for batch processing, simplifying
integration into diverse workflows. It outputs five predicted 3D structures of the ligand-protein com-
plex in CIF format.

© Prud M.V., Kyrychenko A., 2025
This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0.
57



https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0002-6223-0990
https://orcid.org/0000-0002-0051-8104
https://doi.org/10.26565/2220-637X-2025-44-06
http://creativecommons.org/licenses/by/4.0/

Studying Ligand-Protein Interactions in the Era of Artificial Intelligence: Benchmarking Boltz-1 ...

Protein’s FASTA Sequence 3D-Structure of
Ligand-Protein Complex

éGFRKMAFPSGKVEGCMVQVTCGTTTLI‘Q
LWLDDVVYCPRHVICTSEDMLNPNYEDLLIR
KSNHNFLVQAGNVQLRVIGHSMQNCVLKLK
VDTANPKTPKYKFVRIQPGQTFSVLACYNGS
PSGVYQCAMRPNFTIKGSFLNGSCGSVGFN
IDYDCVSFCYMHHMELPTGVHAGTDLEGNF
YGPFVDRQTAQAAGTDTTITVNVLAWLYAAV
INGDRWFLNRFTTTLNDFNLVAMKYNYEPLT
QDHVDILGPLSAQTGIAVLDMCASLKELLQN
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BOLTZ-1

Ligand’s SMILES
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Figure 1. The typical Boltz-1 pipeline scheme illustrates how Boltz-1 processes input data. It accepts a primary
protein structure in FASTA sequence format along with a ligand's 2D structure provided in SMILES notation.
The output files include up to five predicted 3D structures of the ligand-protein complex in CIF format, accom -
panied by corresponding confidence metrics.

By democratizing high-precision biomolecular modeling, Boltz-1 promises to accelerate drug
discovery, enzyme engineering, and systems biology research. However, Boltz-1's performance in pre-
dicting the correct ligand-protein binding mode has not been well demonstrated yet, which limits its
broad use among the biomolecular computational community. To address this gap, we assessed Boltz-
1’s ability to predict the 3D structure of various ligand-protein complexes. Our primary focus was to
select a series of structurally diverse ligands, spanning range from drug-like heterocyclic molecules,
containing multiple branches and macrocyclic moieties, up to sterols and peptidomimetics

Computational Methods

To reproduce the ligand positions from X-ray structures using orthodox methods, we applied two
approaches: redocking with the publicly available free AutoDock Vina software and redocking in the
Schrodinger Maestro software package using the Glide module.

For the first approach, the molecular docking setup was carried out with the AutoDock Tools
(ADT) software, version 1.5.7 [8]. The geometry of the ligands was prepared from its co-crystallized
structure with the protein. The ligand structure was conformationally flexible, so that all possible rota-
tions around torsional angles were allowed. The addition of hydrogen, the calculation of the Gasteiger
charges of the receptor, and ligands were also performed using the ADT software. Molecular docking
calculations were performed with the AutoDock Vina 1.1.2 software [9]. For each complex, one dock-
ing calculation was performed with exhaustiveness of 8, which generated 9 docking poses.

In the second case, the Schrodinger Maestro software package version 2024-1 was employed. The
targets were prepared using the Protein Preparation Wizard [10], which involved removing solvent
molecules and adding missing hydrogen atoms. Protein structure optimization was carried out in "Sim-
plified Rules" mode at neutral pH. The energy of the protein structure was minimized using the
OPLS4 force field [11]. Ligand preparation was conducted using the LigPrep module, followed by
minimization with the OPLS4 force field. The Epik Classic submodule was utilized to reproduce the
correct protonation state under biological conditions. The Receptor Grid Generation module was then
used to create the binding site, and redocking was performed using Glide SP [12-15].

Boltz-1 was accessed via the web version available on the TamarindBio website
(https://app.tamarind.bio/boltz, Version 0.4.0). The number of predicted samples was set to 5, while all
other settings remained at their default values.

The PyMOL Molecular Graphics System, Version 3.0 Schrodinger, LLC was used for visualization
and RMSD analysis.
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Results and Discusion

To evaluate the performance of Boltz-1, we selected a series of ligand-protein complexes with
known X-ray structures available in the Protein Data Bank (PDB) that involve essential enzymes and
small ligands. Considering that the studied Boltz model was trained on public PDB data available until
November 2024, our benchmarking set also included some structures published after that. The main
metrics used for assessment include the root mean square deviation (RMSD), which quantifies the dif-
ference between predicted and experimental structures of the protein and its bound ligand. Addition-
ally, we assessed the accuracy and reliability of binding affinity predictions by evaluating two popular
molecular docking scoring functions: Schrodinger Glide and AutoDock Vina.

Main protease M"™ of SARS-CoV-2 virus in complex with Ensitrelvir. The main protease, known
as M (a 3C-like protease), is responsible for cleaving eleven specific sites on the two SARS-CoV-2
polyproteins. MP* is comprised of three domains: a chymotrypsin-like domain (Domain I), a 3C-pro-
tease-like domain (Domain II), and a third domain (Domain III) that contains five a-helices [16]. The
binding pocket of M is situated between Domains I and Il and features a catalytic Cys-His dyad,
consisting of Cys145 and His41 [17-18]. Therefore, MP* has attracted essential attention and is consid-
ered an ideal target for developing antiviral agents [19-23].

Figure 2. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between the main protease
MP® of the SARS-CoV-2 virus and co-crystalized non-covalent inhibitor S-217622 (Ensitrelvir). The X-ray
structures of M"* was obtained from PDB ID: 8HEF [24]. (b) The detailed overlap of the X-ray and Boltz-1 esti-
mated binding modes of Ensitrelvir at M™ pocket. (¢) Comparison of the X-ray binding mode of Ensitrelvir at
MP™ pocket (yellow) with molecular docking calculations using Glide (red) and AutoDock Vina (blue).

Non-peptide oral drug called ensitrelvir has received approval for sale in Japan on November 22,
2022. Ensitrelvir showed significant inhibitory activity against SARS-CoV-2 MP® as a non-covalent
non-peptide inhibitor [24-25]. Figure 2 illustrates the performance of Botlz-1 in predicting the fold of
the MP™ protease and the binding mode of Ensitrelvir. The predicted M fold matches the known X-
ray structure remarkably well, with RMSD value as low as 0.806 A (see Fig. 2a and Table 1). Addi-
tionally, the binding conformation of Ensitrelvir was accurately captured, yielding a RMSD of 2.230
A (Fig. 2b), which is close to the best-predicted pose determined by Glide, with a RMSD of 0.666 A
(Fig. 2¢).

Peroxisome Proliferator-Activated Receptor Delta (PPARJ). Peroxisome Proliferator-Activated
Receptors (PPARs) are a class of nuclear receptor proteins that act as transcription factors to regulate
the expression of genes associated with various cellular processes [26].

Recently, high-throughput screening combined with X-ray analysis has revealed that some sul-
fonylthiadiazole derivatives exhibit an unusual binding mode at both PPARy and PPARS receptors.
The ligand WLM has demonstrated partial dual action as an agonist, showing high potency and in vivo
efficacy (Fig. 3a). It selectively binds to PPARS, characterized by an ECs, of 738 nM [27]. Therefore,
the PPARS-WLM complex presents a challenging system for the Boltz-1 benchmark.
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Figure 3 illustrates the benchmarking of the Boltz-1 method for the PPARS-WLM complex. The
3D structure of the ligand-binding domain (LBD) of PPARS was accurately reconstructed by Boltz-1,
achieving a protein RMSD of 0.853 A (see Fig. 3a and Table 1). Additionally, the binding conforma-
tion of the conformationally flexible ligand WLM was perfectly reproduced, with a RMSD of 0.688 A
(Fig. 3b), which is the best result currently in the field (Fig. 3c). In contrast, docking with Autodock
Vina failed to replicate the correct binding mode for WLM (Fig. 3c¢).

X-ray (Green)

RMSD = 2.529 A (Glide) RMSD = 10.933 A (Vina)

Figure 3. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between the PPARS LBD
and the ligand WLM. The X-ray structures of PPARS estimated at a resolution of 2.3 A was obtained from PDB
ID: 2XYJ [27]."(b) The detailed overlap of the X-ray and Boltz-1 estimated binding modes of WLM at PPARGS.
(c) Comparison of the X-ray binding mode of WLM at PPARS (yellow) with molecular docking calculations
using Glide (red) and AutoDock Vina (blue).

Table 1. Summary of Boltz-1 predictions for the 3D structure of ligand-protein complexes in relation to their X-
ray structures (PDB ID). The binding mode of the ligand was also compared with molecular docking calculations
erformed using Schrédinger Glide and AutoDock Vina.™"

Boltz-1 Glide AutoDock Vina
PDB Score Protein Ligand docking Ligand Binding Ligand
D RMSD, A | RMSD, A score RMSD, A affinity, RMSD, A
kcal/mol

8HEF 0.939 0.806 2.230 -9.6 0.666 -9.1 4.300
2XYJ 0.934 0.853 0.688 -9.0 2.529 -9.7 10.933
2YXJ 0.867 1.188 1.410 -12.1 1.340 -10.2 12.370
1HPV 0.975 0.483 6.080 -8.1 0.953 -6.1 20.970
8P81 0.909 1.683 2.096 -11.2 1.427 -6.8 8.461
3UUD 0.963 0.724 0.472 -10.9 0.621 -11.2 0.540
60QB 0.963 0.505 0.528 -9.6 2.672 -8.5 5.985
6754 0.951 0.557 1.108 -5.0 9.680 -8.7 6.730
8VVE 0.779 2.216 7.356 =13 1.409 -10.9 6.694
5IM4 0.731 0.901 5.607 -7.7 10.653 -6.6 10.466

a — the smallest RMSD corresponding to the best-predicted mode is highlighted in yellow.

b — note, the Boltz score does not in any way describe the pose of the ligand, but only reflects the model's confi-
dence in reproducing the protein structure.

Bcl-xL in complex with ABT-737. B-cell lymphoma-extra large (Bcl-xL) is a protein encoded by
the BCL2L1 gene and belongs to the Bcl-2 family of proteins. Bel-xL is primarily recognized for its
anti-apoptotic properties, which means it prevents programmed cell death [28-29]. Specifically, it in-
hibits the release of mitochondrial contents such as cytochrome C, a crucial step in the apoptosis path-
way [30-31]. By doing so, Bcl-xL helps maintain the integrity of the mitochondrial membrane, thereby
preventing cell death [32-33]. Ligand ABT-737 mimics the BH3 domains of BH3-only proteins and
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has potential as anti-cancer therapeutics (Fig. 4a) [34]. Therefore, understanding the precise molecular
structure of ABT-737 in Bcl-xL may clarify why it binds strongly to the Bcl-2 pro-survival proteins
but fails to interact with the related target Mcl-1.

Figure 4 and Table 1 summarize the benchmarking results of the Boltz-1 method applied to the
Bcl-xL:ABT-737 complex. The three-dimensional structure of Bel-xLL was accurately reconstructed by
Boltz-1, achieving a RMSD of 1.188 A. However, the prediction score was relatively low at 0.867,
which indicates challenges in accurately modeling the flexible loops (see Fig. 4a).

X-ray (Green) RMSD = 1.340 A (Glide) RMSD = 12.370 A (Vina)
Figure 4. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between the Bcl-xL and the
ligand ABT-737. The X-ray structures of Bcl-xL, acquired a resolution of 2.2 A, was obtained from PDB ID:
2YXIJ [34]. (b) The detailed overlap of the X-ray and Boltz-1 estimated binding modes of ligand ABT-737 at
Bcl-xL pocket. (c) Comparison of the X-ray binding mode of ABT-737 at Bcl-xL pocket (yellow) with molecular
docking calculations using Glide (red) and AutoDock Vina (blue).

The binding conformation of the conformationally flexible ligand ABT-737 was also well repro-
duced, resulting in a RMSD of 1.410 A (Fig. 4b). This result is quite similar to the 1.340 A RMSD
predicted by Glide (Fig. 4¢). Autodock Vina, on the other hand, was able to capture the crystal pose of
ligand ABT-737 but placed the ligand in the reverse orientation, leading to a significantly higher
RMSD of 12.370 A (Fig. 4c).

Hiv-1 protease in complex with ligand VX-478. The HIV-1 protease is an enzyme crucial for the
life cycle of the human immunodeficiency virus type 1 (HIV-1) (Fig. 5a), which causes AIDS [35].

Boltz-1 performed well in reproducing the native fold of the HIV-1 protease, achieving a RMSD of
0.483 A and the best prediction score of 0.975 (see Fig. 5a and Table 1). However, it faced significant
challenges in accurately recovering the binding pose of the ligand VX-478, as shown by a large
RMSD of 6.080 A (Fig. 5b). In contrast, the ligand binding test was successfully passed by Glide,
which recorded an impressive RMSD of 0.953 A (Fig. 5c), while AutoDock Vina completely failed in
this aspect.

X-ray (Green) RMSD = 0.953 A (Glide) RMSD = 20.970 A (Vina)

Figure 5. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between the Hiv-1 protease
and the ligand VX-478. The X-ray structure of Hiv-1 protease, measured at resolution of 2.2 A, was obtained
from PDB ID: 1HPV [36]. (b) The Panel illustrates the detailed overlap between the X-ray binding mode and the
binding mode estimated by Boltz-1 for VX-478 at the HIV-1 pocket. (c) Comparison of the X-ray binding mode
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of VX-478 at the HIV-1 pocket (yellow) with molecular docking calculations using Glide (red) and AutoDock
Vina (blue).

Human cyclin-dependent kinase 12 in complex with inhibitor SR-4835. Human Cyclin-Depen-
dent Kinase 12 (CDK12) is a serine/threonine kinase that forms an active complex with Cyclin K
(CycK). This complex is essential for transcriptional regulation, maintaining genome stability, and has
a significant role in cancer biology. CDK12 consists of a central kinase domain and a unique C-termi-
nal extension, both of which are crucial for ATP binding and its catalytic activity [37].

X-ray (Green) RMSD = 1.427 A (Glide) RMSD = 8.461 A (Vina)
Figure 6. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between human CDK12 and
the inhibitor SR-4835. The X-ray structures of human CDK 12, measured at a resolution of 2.68 A, was obtained
from PDB ID: 8P81 [37]. (b) The detailed overlap of the X-ray and Boltz-1 estimated binding modes of ligand
SR-4835 at CDK12 pocket. (c) Comparison of the X-ray binding mode of SR-4835 at CDK12 pocket (yellow)
with molecular docking calculations using Glide (red) and AutoDock Vina (blue).

Understanding the binding interactions between CDK12 and small-molecule inhibitors is crucial
for elucidating its structure-function relationships. As a result, CDK 12 has emerged as a promising tar-
get for various computational chemistry tools, including docking, in silico screening, and deep learn-
ing-based design of novel therapeutic agents [38-39].

SR-4835 is a reversible ATP-competitive inhibitor of CDK12 and CDK13. It reduces phosphoryla-
tion of RNA Polymerase II (specifically at Ser2 in RPB1) and inhibits transcription elongation [37, 40-
41]. Unlike other inhibitors, SR-4835 functions as a molecular glue [42]. Recent crystallographic stud-
ies have shown that SR-4835 binds to CDK12/cyclin K in a noncanonical conformation (Fig. 6a-b)
[37]. Its benzimidazole component forms hydrogen bonds with the kinase hinge region, while the al-
tered glycine-rich loop and inward aC-helix help stabilize the binding interaction.

Despite the complex 3D structure of CDK 12, Botlz-1 successfully recovered its native fold with a
RMSD of 1.683 A (see Fig. 6a). In contrast, the relatively rigid conformation of the inhibitor SR-4835
posed challenges for accurately recovering the X-ray data across all considered scoring methods, with
Glide demonstrating slightly better performance (refer to Table 1 and Figs. 6b-c).

Human estrogen receptors (ER) alpha in complex with estradiol. Estrogen receptor alpha (hERa)
is a nuclear receptor protein that is activated by the sex hormone estrogen. ERa functions as a ligand-
activated transcription factor and is made up of several important domains responsible for hormone
binding, DNA binding, and transcription activation. It primarily acts as a chromatin-binding protein
and is encoded by the ESR1 gene in humans [43].

Figure 7 presents a summary of the benchmarking results for the complex formed between hERa
and estradiol. Notably, Boltz-1 successfully reproduced both the protein folding and ligand binding
poses, achieving a RMSD of 0.724 A for the protein and 0.472 A for the ligand (see Fig. 7a-b and Ta-
ble 1). In terms of docking score ranking, Boltz-1 outperformed both Glide and Autodock Vina, which
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also produced commendable results, with corresponding RMSD values of 0.621 A and 0.540 A (Fig.
7¢), respectively.

HO pe 5
estradiol

G

X-ray (Green) Boltz-1 (Cyan RMSD = 0.621 A (Glide) RMSD = 0.540 A (Vina)
Figure 7. (a) Boltz-1"s prediction of the 3D structure of the ligand-protein complex between the hERa-LBD and
estradiol. The X-ray structures of hERa-LBD (1.6 A resolution) was obtained from PDB ID: 3UUD [44]. (b) The
detailed overlap of the X-ray and Boltz-1 estimated binding modes of ligand estradiol within the hERa-LBD
pocket. (c) Comparison of the X-ray binding mode of estradiol within the hERa-LBD pocket (yellow) with
molecular docking calculations using Glide (red) and AutoDock Vina (blue).

Mpyeloid Cell Leukemia-1 in complex with AMG 176. MCL1 is a protein encoded by the MCL1
gene in humans. It belongs to the pro-survival BCL2 family and is often dysregulated in cancer. To
address the significant challenges associated with inhibiting MCL1 protein-protein interactions, small-
molecule conformational restriction methods, such as those involving ligand AMG 176, are rigorously
applied [45].

The biomolecular complex between MCL1 and the ligand AMG 176 was chosen for benchmarking
due to the flexible macrocyclic structure and spiro-carbon atom of the ligand, which often present
challenges for many scoring algorithms. Surprisingly, Boltz-1 performed exceptionally well, reproduc-
ing the ligand binding conformation with a RMSD as small as 0.528 A (Fig. 8a-b). The protein's 3D
structure was also accurately recovered, with a RMSD of 0.505 A. In comparison, Glide and
AutoDock Vina exhibited a decline in binding prediction performance, as indicated by larger RMSD
values of 2.672 A and 5.985 A, respectively (Fig. 8c). It suggests that Boltz-1 performs better for
docking ligands with flexible macrocycles.

X-ray (Green)  Boltz-1 (C RMSD = 2672 A (Glide) RMSD =5.985 A (Vina)
Figure 8. (a) Boltz-1's prediction of the 3D structure of the ligand-protein complex between MCL1 and the lig-
and AMG 176. The X-ray structures of MCL1 (1.6 A resolution) was obtained from PDB ID: 60QB [45]. (b)
The overlap of the X-ray and Boltz-1 estimated binding modes of the ligand AMG 176 within the MCL1 pocket.
(c) Comparison of the X-ray binding mode of the ligand AMG 176 (yellow) with molecular docking calculations
by Glide (red) and AutoDock Vina (blue).
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CDC-Like Kinase 3 in complex with ligand ODS2003178. CLK3 is a dual-specificity protein ki-
nase that plays a vital role in regulating RNA splicing. It phosphorylates serine/arginine-rich (SR) pro-
teins, which are essential components of the spliceosomal complex. This phosphorylation regulates the
activity of SR proteins, influencing the splicing of pre-mRNA and ultimately affecting gene expres-
sion [46].

The crystal structure of the dual-specificity protein kinase CLK3 in complex with the macrocyclic
ligand ODS2003178 has been determined and is available in the Protein Data Bank under the acces-
sion code 6Z54 (Fig. 9a). The structure was solved using X-ray diffraction, providing valuable insights
into the binding interactions between CLK3 and ODS2003178. This structure may be valuable for
drug design aimed at targeting this kinase [47]. Many inhibitors target multiple kinases, including
CLKI1, CLK2, and PI3K [48], making it challenging to find selective inhibitors for CLK3. In this con -
text, the ligand identified as ODS2003178 is a macrocyclic compound that serves as a promising can-
didate for benchmarking (Fig. 9a). This type of scaffold poses a well-known challenge for many on-
line predictors of ligand-protein interactions, as well as for popular molecular docking software like
AutoDock Vina.

The biomolecular complex formed between CLK3 and a macrocyclic ligand ODS2003178 presents
another challenging example of cyclic ligands. In this case, Boltz-1 performed also very well, achiev-
ing a RMSD as low as 1.108 A for the bound ligand conformation (Fig. 9a-b). Similarly to the above
described cyclic AMG 176, Glide and Autodock Vina systematically declined in their performance, as
seen by unusually more significant RMSD values of 9.680 A and 6.730 A, respectively (Fig. 9c).

CH,
/
o~
HiC

. A (b)

0DS2003178

X-ray (Green) RMSD = 9.680 A (Glide) RMSD =6.730 A (Vina)
Figure 9. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between CLK3 and the
macrocyclic ligand ODS2003178. The X-ray structures of the enzyme CLK3, measured at a resolution of 1.73
A, was obtained from PDB ID: 6Z54. (b) The overlap of the X-ray and Boltz-1 estimated binding modes of the
ligand ODS2003178 within the CLK3 pocket. (c) Comparison of the X-ray binding mode of the ligand
0ODS2003178 (vellow) with molecular docking calculations by Glide (red) and AutoDock Vina (blue).

Kappa-opioid receptor-G protein in complex with inverse agonist norBNI. k-Opioid receptors
(KOR), a subfamily of G protein-coupled receptors (GPCRs), are crucial therapeutic targets. In the
standard GPCR activation model, the binding of an agonist is necessary for the formation of the recep-
tor—G protein complex, while antagonists inhibit G protein coupling. Therefore, KOR is an important
target for in silico screening, molecular docking and drug discovery for pain and depression therapeu-
tics [49-50].

Very few potent selective KOR antagonists are known to date, making the discovery of novel,
promising candidates for the treatment of opioid addiction of tremendous importance [51-52]. NorBNI
(norbinaltorphimine) is a synthetic organic compound composed of two naltrexone moieties with in-
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version symmetry, which is classified as a highly selective KOR inverse agonist and antagonist (Fig.
10). NorBNI is a key ligand in opioid research, providing valuable insights into the role of KOR in
neuropsychiatric disorders [53]. It is primarily used in scientific studies to investigate KOR's involve-
ment in pain, addiction, mood disorders, and stress responses [54]. Although NorBNI was one of the
first identified KOR-selective antagonists, the X-ray structure of its complex with KOR was only re-
leased last year (PDB ID: 8VVE) (Fig. 10a) [55]. This makes it an ideal model for our benchmarking,
as it falls outside the PDB training dataset of Boltz-1.

The structure prediction of the complex between KOR and the inverse agonist norBNI presents
challenges for many computational algorithms due to the unique characteristics of both components:
the protein structure is dominated by long a-helices, while the ligand norBNI is a rigid polycyclic
compound. In this context, Botlz-1 successfully predicts KOR folding with an acceptable accuracy
level, achieving a RMSD of 2.216 A, although it has one of the lowest prediction scores among the
proteins studied, with a score of 0.779 (see Table 1 and Fig. 10a). On the other hand, the prediction of
ligand binding accuracy was also low, with an RMSD of 7.356 A (see Fig. 10b). Despite the complex
3D structure of norBNI, the Glide module effectively predicted its binding mode, resulting in a much
lower RMSD of 1.409 A (see Fig. 10c).

X-ray (Green) | Cy RMSD = 1.409 A (Glide) RMSD = 6.694 A (Vina)
Figure 10. (a) Boltz-1's prediction of the 3D-structure of the ligand-protein complex between KOR and an in-
verse agonist norBNI. The Cryo-EM structures of KOR, measured at a resolution of 3.3 A, was obtained from
PDB ID: 8VVE [55]. (b) The overlap of the Cryo-EM and Boltz-1 estimated binding modes of the ligand
norBNI within the KOR pocket. (c) Comparison of the Cryo-EM binding mode of the ligand norBNI (yellow)
with molecular docking calculations by Glide (red) and AutoDock Vina (blue).

Protein 14-3-3¢ in a complex a peptide involving an adamantyl and a dicarboxy side chain. The
14-3-3 proteins are a family of conserved regulatory molecules found in all eukaryotic cells. They play
a crucial role in various cellular processes, including signal transduction, cell cycle regulation, apopto-
sis, and metabolism. Among the seven known isoforms in mammals, the 14-3-3 (/3 isoform stands out
due to its unique functions and distribution across different tissues.
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Figure 11. (a) Boltz-1's predlcnon of the 3D-structure of the ligand-protein complex between protein 14-3-3¢
and a oligopeptide involving an adamantyl and a dicarboxy side chain. The X-ray structures of 14-3-3&, mea-
sured at a resolution of 2.34 A, was obtained from PDB ID: 5]JM4 [56]. (b) The overlap of the X-ray and Boltz-1
estimated binding modes of the oligopeptide within the 14-3-3¢ pocket. (c) Comparison of the X-ray binding
mode of the peptide (yellow) with molecular docking calculations by Glide (red) and AutoDock Vina (blue).

Macrocyclic scaffolds are commonly found in natural products and are considered promising can-
didates for developing bioactive macrocyclic peptides aimed at inhibiting protein-protein interactions
[57-58]. Recently, novel peptides have been designed that exhibit high affinity for the protein 14-3-3C.
These peptides incorporate a hydrophobic and a hydrophilic non-natural amino acid into sequences
consisting of 11 to 12 residues [56]. Figure 11a shows the X-ray structure of the protein 14-3-3( co-
crystallized with the oligopeptide with sequence GLN-GLY-MKD-ANG-ASP-MKD-LEU-ASP-LEU-
ALA-CLU.

Figure 11 summarizes the benchmarking results for the biomolecular complex between 14-3-3&
and the adamantane-containing oligopeptide. The Boltz-1 algorithm successfully reproduced protein
folding, achieving a RMSD of 0.901 A (see Table 1). As expected, all three algorithms studied faced
challenges in accurately predicting the binding mode (Figures 11b-c). However, while the overall
RMSD values were above 5 A for the three docking tools, Boltz-1 outperformed both Glide and
AutoDock Vina in capturing the pharmacophore features of the peptide, positioning the adamantane
moiety closer to the X-ray data (Figure 11c).

Conclusions and Future Perspectives

Understanding ligand-protein interactions is essential for advancing drug discovery, protein design,
and structural biology. Therefore, modeling ligand-protein interactions is a cornerstone of modern
drug discovery and molecular biology, enabling the rational design of therapeutics and a deeper under-
standing of biological processes [59]. Current commercial tools, such as AlphaFold3, have established
a high standard for predicting the 3D structures of biomolecular complexes [6, 60]. However, their ac-
cessibility and high costs limit broader adoption. The recently introduced fully open-source model,
such as Boltz-1, addresses this issue and competes with these state-of-the-art tools in both accuracy
and usability.

We found that Boltz-1 demonstrated strong performance in reproducing protein folding, deriving
its capabilities from the parent source code of AlphaFold 3. Boltz-1 effectively reproduces the 3D
structures of biomolecular complexes, demonstrating excellent performance, particularly in docking
ligands with flexible macrocycles. It successfully re-docked a diverse set of ligands with varying com-
plexities, achieving binding scores comparable to commercial tools such as Glide by Schrodinger. In
terms of RMSD ligand-binding ranking, Botlz-1 outperformed the popular docking tool AutoDock
Vina for all ligands studied. Finally, while capturing the binding modes of low-molecular-weight or -
ganics, predicting complex peptidomimetics remains beyond the current capabilities of Boltz-1. To
summarize, our benchmarking indicates that Botlz-1 presents opportunities to improve computational
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screening of small molecular libraries and may play a significant role in the future of Al-driven pre-
dicting of ligand-protein interactions.

Finally, when our manuscript was ready for submission, Boltz’s developing team announced the
revolutionizing update for Boltz-2 (https://github.com/jwohlwend/boltz), introducing controllability
features including experimental method conditioning, distance constraints, and multi-chain template
integration for structure prediction, and the Al model to approach the performance of free-energy per-
turbation (FEP) methods in estimating small molecule—protein binding affinity.
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M. B. Mpyas ', O. B. KupunueHko'. BueyeHHsa niraHa-GinkoBMx B3aeMOAi B €noXy LUTYYHOrO iHTENEeKTY: oujiHKa
Boltz-1 ana nporHo3ysBaHHsA 3D-CTpyKTypy GioMONEKyNnApHUX KOMMIEKCIB.

"Xapkigcbkuli HauioHanbHUl yHieepcumem imeHi B.H. KapasiHa, ximidHul ¢pakynsmem, maldaH Ceo6odu, 4,
Xapkis, 61022, YkpaiHa
"TOB «EHamiH», 8yn. Bincmona Yepyunns, 78, m. Kuis, 02094, YkpaiHa

MopentoBaHHs B3aeMogin niraHA-0iNok € Hafg3BMYaNHO BaXXKIMBUM Y Pi3HUX HAyKOBUX Ta MPOMMUCIIOBUX
3aCcTocyBaHHSX, 0COBGMMBO Yy po3pobui nikapcbknx npenapariB Ta CTPYKTYPHIin Gionorii. MpoTarom ocTaHHix
POKiB Kinbka o64McnioBanbHUX IHCTPYMEHTIB Ha OCHOBI LUTYYHOro iHTenekTy, Takux sik AlphaFold 3 ta Chai-
1r, peBontoLUiOHI3yBanu cgepy NporHo3yBaHHs GioMonekynsipHux cTpykTyp. HewopaBHo Gyno Takox npea-
CTaBIeHo BiAKpUTY Moaenb rmMnbokoro HaB4aHHA nig Haseot Boltz-1, wo o3HameHyBanocb 3Ha4YHUM NPoOpU -
BOM Y MofentoBaHHi 6iomonekynsapHux B3aemogin. o6 ouiHntn edekTnsHicTb Boltz-1 y NOpiBHAHHI 3 iHLWNK -
Mu obumcnoBanbHUMN IHCTPYMEHTamMu, M1 NPOBENU TeCTyBaHHS WMOro 34aTHOCTI TOYHO BigTBoptoBaTtn 3D-
CTPYKTYpU pi3HMX BGiomonekynsapHux komnnekciB. Lli komnnekcu Bknwo4vanu depMeHTM Ta niraHau pisHoil
CKINagHOCTI, Taki K HU3bKOMOJEKYNSAPHI OpraHivHi niraHan, cTepoign Ta nentuaomMiMeTvkn. Mu Buasunu, wo
Boltz-1 npogemoHcTpyBaB BUCOKY €(EKTMBHICTb Yy BIiOTBOPEHHI 3ropTaHHs OinkiB, [OCArHyBLUM
cepeaHbokBagpaTu4Horo BiaxuneHHa (RMSD) meHwe 1 A. Y nopiBHAHHI 3 iHWUMK oBYMCAOBANBHUMM
iHcTpymeHTamu, Takumu sk Glide Big Schrodinger Ta AutoDock Vina, 3gaTHicTe Boltz-1 nporHosyBaTtu 3D-
CTPYKTYpu BioMonekynsipHux komnnekciB 6yna gobpe 36anaHcoBaHot. BiH ycnillHO NOBTOPHO 3a40KyBaB pi-
3HOMaHITHMI Habip niraHAiB pi3HOT CKNAAHOCTI, AOCATHYBLUM TOYHOCTEW, NOPIBHAHHMX 3 NMOKa3HUKaMn KOMe -
puiiHoro nporpamHoro 3abeaneveHHsa Glide. 3 To4kn 3opy RMSD Ta nos 3B'a3yBaHH4A niraHais, Boltz-1 nepe -
BEPLUMB LUMPOKO BMKOPUCTOBYBAHUM iHCTPYMEHT Anst AokiHry - AutoDock Vina gnsi BCix ouiHeHux niraHgis,
OEMOHCTPYHUM MOXITMBOCTI AN NOJIMNWEHHS] KOMM ' IOTEPHOrO CKPUHIHIY B3aemopin niraHg-6inok.

Knroyoei cnoea: 32opmaHHs binka, chepmeHm, mpusumipHa cmpykmypa, du3alH nikie, wmy4Hul
iHmenekm, Boltz-1.

KoHcnikT iHTepeciB: aBTopu NOBIAOMIIATL NPO BiACYTHICTb KOHMNIKTY iIHTEPECIB.
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