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Abstract: This study investigates stable mutants and ligand interactions of Bacteriophage T4 lysozyme 

encoded by PDB ID 2LZM using computational approaches. The objective was to identify mutations 

that could enhance protein stability or alter functional properties. Using ThermoMPNN, a message-

passing neural network (MPNN), a total of 3280 mutants were generated and systematically screened 

based on their predicted ΔΔG values. The analysis identified the top 10 mutants, with the C54T mutation 

showing the highest predicted stability enhancement. To understand the impact of these mutations on 

ligand binding, molecular docking simulations with CBDock Vina were performed, focusing on the 

interaction between the wild-type protein and β-N, N', N''-triacetylchitotriose. Comparative analysis of 

docking results for the wild-type and mutant (C54T) proteins suggested that the C54T mutation does 

not significantly alter the ligand binding properties. These findings offer insights into protein stability 

and ligand binding, supporting future validation and biotechnological applications. 

Keywords: ThermoMPNN analysis; molecular docking; protein-ligand interactions; stability 

prediction; mutant screening. 
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1. Introduction 

Proteins are essential biomolecules that fulfil diverse functions ranging from catalysis 

to structural support and signaling regulation. Understanding the intricate relationship between 

protein structure and function is pivotal for unravelling the mechanisms underlying cellular 

processes and diseases, as well as for guiding the design of novel therapeutics. Even a single 

amino acid mutation at the protein sequence level can alter local atomic changes in its 3D 

structure, influence diverse aspects of protein behavior such as kinetics of folding, stability, 
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flexibility, dynamics, and overall activity of the protein [1]. Computational methods have 

become indispensable tools in this endeavour, offering predictive insights into protein stability, 

functional residues, and interactions with ligands [2,3]. 

Here, we focus on Bacteriophage T4 lysozyme (PDB ID: 2LZM) a well-characterized 

model owing to its potential implications in both biotechnological and biomedical domains. It 

exhibits significant conformational flexibility, particularly in its hinge-bending domain motion, 

making it an ideal model for exploring protein dynamics and the effects of different molecular 

dynamics simulation parameters [4-6]. T4 lysozyme breaks down bacterial cell walls, while N, 

N′, N″-triacetylchitotriose is a substrate and inhibitor of lysozyme, consisting of three N-

acetylglucosamine units [7,8]. It’s crystal at 1.7 Å resolution provides us with the refined 

strcuture of T4 bacteriophage lysozyme, including precise bond lengths and angles, and 

including 118 solvent molecules, many of which are mostly dispersed on the molecule’s 

surface with clustering near the active site [9]. Computational tools are crucial for identifying 

stabilizing mutations, but their accuracy is limited by data biases and the greater difficulty of 

predicting stabilizing changes, even though they aid in protein interaction prediction and drug 

discovery [10–13]. Thermostability in industrial enzymes is achieved through various 

engineering strategies, including amino acid substitutions, enhancing hydrogen bonds, salt 

bridges, hydrophobic interactions, and optimizing secondary structure compatibility to 

maintain enzyme functionality at high temperature [14-16]. Artificial intelligence, particularly 

deep learning techniques like 3D convolutional neural networks, has been increasingly 

employed to predict the impact of mutations on protein stability, addressing longstanding 

challenges and improving the accuracy and unbiased prediction of both stabilizing and 

destabilizing mutations [17-19]. These systems outperform modelling protein structures and 

allow voxel-based analysis, capturing complex biochemical mutation sites, hence advancing 

prediction quality [20]. Among recent advances, ThermoMPNN, a message-passing neural 

network, leverages large-scale stability data and transfer learning to predict and screen stable 

protein mutants with potential functional or structural benefits [21–24]. Using high–throughput 

experimental datasets, i.e., mega-scale, gives us promising results in predicting mutant stability 

while addressing current limitations and outlining strategies for future enhancements [25]. 

Meanwhile, molecular docking simulations provide detailed insights into the binding affinity 

and conformational arrangements of the wild-type protein with specific ligands, thereby 

furnishing valuable information on protein-ligand interactions and potential binding sites [26-

28]. ThermoMPNN analysis and molecular docking simulations have revolutionized our ability 

to predict and explore protein structure-function relationships with unprecedented accuracy and 

efficiency. Valuable protein-ligand dynamics and stability predictions are offered by these 

techniques, eventually enhancing the identification of potential therapeutic targets [29,30]. By 

harnessing these computational tools, we can delve deeper into the functional significance of 

proteins like PDB ID 2LZM, laying the groundwork for potential biotechnological applications 

and therapeutic interventions in diverse biomedical contexts [31].  

The study aims to comprehensively analyze stable mutants of the protein encoded by 

PDB ID 2LZM and explore its interaction with β-N, N',N''-triacetylchitotriose, a ligand of 

interest. By combining computational methods with experimental validation, we seek to 

elucidate the structural and functional implications of specific mutations and their potential 

applications in biotechnological and biomedical contexts. Overall, this study contributes to our 

understanding of protein structure-function relationships and lays the groundwork for future 

research in protein engineering and drug discovery. 
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2. Materials and Methods 

In this study, we employed ThermoMPNN, a message-passing neural network (MPNN) 

[32], to identify stable mutants within the protein structure encoded by the PDB ID 2LZM. 

ThermoMPNN utilizes a neural network architecture tailored for molecular property 

prediction, leveraging message passing between atoms to capture intricate structural and 

chemical features. Initially, the 3D structure of the protein encoded by the PDB ID 2LZM was 

retrieved from the Protein Data Bank. The structural quality of PDB ID 2LZM was assessed 

using PDB validation metrics, including RMSD for bond lengths (0.019 Å) and angles (2.70°), 

as well as model-to-density fit indicators such as a Fo–Fc correlation of 0.96. The structure 

shows high overall quality with minimal geometric outliers as per the wwPDB validation 

report. Subsequently, ThermoMPNN was utilized to predict the stability of various mutant 

variants generated by introducing single-point mutations at specific residues. The stability 

predictions were based on thermodynamic properties such as folding free energy or stability 

scores inferred from the neural network model. This computational approach enabled the 

systematic screening of potential mutations, aiding in the identification of stable variants with 

potential functional implications. 

In this study, we employed computational techniques to introduce a specific mutation, 

C54T, in the protein structure encoded by the PDB file "2lzm.pdb". To achieve this, we utilized 

the Biopython library within the Google Colab environment. Initially, the Biopython package 

was installed [33], and subsequently, the PDB file was loaded using the PDBParser module. A 

custom class, MutantSelect, was then defined to facilitate the mutation process. Within this 

class, the residue at position 54 in chain 'A' was identified and replaced with threonine (THR), 

as per the mutation requirement. The mutated structure was then saved as a new PDB file, 

"2lzm_C54T.pdb". 

In this study, we employed CB-Dock, a cavity-detection guided blind docking approach 

[34,35], to investigate the interaction between the wild-type protein structure encoded by PDB 

ID 2LZM and its mutant counterpart represented by the 2LZM_C54T.pdb file. The docking 

simulations aimed to explore the binding affinity and conformational preferences of beta-

N,N',N''-triacetylchitotriose, a ligand of interest, within the binding site of the protein. CB-

Dock utilizes a cavity detection algorithm to identify potential binding sites on the protein 

surface, followed by blind docking simulations to explore ligand binding modes within these 

cavities. The wild-type and mutant protein structures were subjected to docking simulations 

separately to compare their respective binding interactions with the ligand. This computational 

approach facilitated the elucidation of structural and energetic characteristics underlying the 

ligand-protein interactions, providing insights into the impact of the C54T mutation on ligand 

binding affinity and specificity. 

3. Results and Discussion 

3.1. Identification of stable mutants using ThermoMPNN analysis. 

In general, the natural form of a protein can be influenced by factors, from within and 

outside, like changes in its structure due to mutations, pH levels, temperature variations, ions 

present, in the environment, and many more [36,37]. A total of 3280 mutants were generated 

using computational methods facilitated by Google Colab and ThermoMPNN. These mutants 

were systematically screened to identify variants with potentially enhanced stability or altered 
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functional properties. ThermoMPNN is designed to forecast changes, in energy for proteins. 

Its accuracy, in predicting the behavior of the homodimeric CcdBl protein raises interest in 

assessing its efficacy with NA, a tetrameric protein [38,39]. ThermoMPNN analysis enabled 

the prediction of the ΔΔG (change in free energy of folding) for each mutant, providing insights 

into the potential impact of single-point mutations on protein stability [32]. ThermoMPNN is 

a model,for predicting protein stability based on its structure, where it uses learned information 

from ProteinMPNN to make predictions about the impact of mutations, on protein stability 

(ΔΔG) [40,41]. The top 10 mutants, ranked based on their predicted ΔΔG values, are presented 

in Table 1. These mutants represent promising candidates for further experimental validation 

and characterization. Among them, the mutant C54T exhibited the highest predicted stability 

enhancement, with a ΔΔG value of -0.811 kcal/mol. This mutation involves substituting 

cysteine (C) at position 54 with threonine (T), potentially leading to improved protein stability 

or altered structural dynamics. Additionally, mutants such as D70R, V149I, G110C, and 

G110Y demonstrated significant stability enhancements, indicating their potential utility in 

protein engineering or therapeutic applications. 

The identification of key mutations, such as those at positions 54, 70, 110, and 149, 

suggests potential functional implications for the corresponding residues in the protein 

structure. These mutations may affect protein-ligand interactions, catalytic activity, or 

structural stability, thereby influencing the protein's biological function [42]. For instance, 

mutations at position 110 (G110C, G110Y, G110L, and G110F) may modulate the local 

environment around this residue, potentially impacting substrate binding or protein 

conformational dynamics. Comparative analysis between the wild-type and mutant protein 

structures provides valuable insights into the structural consequences of specific mutations. 

Docking simulations and structural modeling techniques can elucidate changes in ligand 

binding affinity, protein-ligand interactions, and conformational dynamics induced by 

mutations [43]. Further experimental validation, including biochemical assays and structural 

characterization, will be essential to validate the functional relevance of the identified 

mutations and their potential applications in biotechnology and drug discovery. Overall, the 

comprehensive analysis of mutants generated through computational methods and 

ThermoMPNN predictions offers valuable insights into protein stability, structure-function 

relationships, and the potential for rational protein engineering. These findings lay the 

foundation for future studies aimed at elucidating the functional significance of specific 

mutations and their applications in various biotechnological and biomedical contexts. 

Table 1. Stable mutations identified in T4 lysozyme. 

S.No. Mutation ddG (kcal/mol) Position Wild-type amino acid Mutant amino acid 

1 C54T -0.811 54 C T 

2 D70R -0.598 70 D R 

3 V149I -0.5355 149 V I 

4 G110C -0.5184 110 G C 

5 G110Y -0.5009 110 G Y 

6 K16C -0.4883 16 K C 

7 N140R -0.4789 140 N R 

8 G110L -0.4514 110 G L 

9 N68R -0.4509 68 N R 

10 G110F -0.4497 110 G F 
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3.2. Docking analysis of wild-type protein. 

The structural comparison of the wild-type and mutant proteins highlights the mutation-

induced conformational changes, as illustrated in Figure 1. The docking analysis of the wild-

type protein structure with β-N, N', N''-triacetylchitotriose using CBDock Vina resulted in 

multiple potential binding poses. The Vina scores ranged from -4.8 to -7.9 kcal/mol, indicating 

favorable binding affinities between the ligand and the protein (Table 2).  

 
Figure 1. Structural comparison of the wild-type and mutant proteins. The wild-type protein is shown in yellow, 

while the mutant protein is depicted in cyan. The site of mutation is highlighted in purple in the wild-type and 

magenta in the mutant structure. This visualization illustrates the spatial positioning and structural alteration 

induced by the mutation. 

Table 2. Docking results of wild-type T4 lysozyme with β-N, N', N''-triacetylchitotriose using AutoDock Vina. 

Vina score Cavity size (Å³) Center coordinates (x, y, z) 

-7.9 901 35,16,10 

-5.6 46 38,9,-8 

-5.4 53 27,14,-4 

-5 106 44,7,18 

-4.8 60 19,8,0 

The top-ranked pose exhibited a Vina score of -7.9 kcal/mol, suggesting a strong 

binding interaction between the ligand and the protein. This pose corresponded to a cavity with 

a size of 901 Å³, located at coordinates (x=16, y=10, z=25). Comparatively, the docking 

analysis of the mutant protein structures also revealed potential binding poses for β-N, N', N''-

triacetylchitotriose. The Vina scores for the mutant structures ranged from -5.6 to -7.5 kcal/mol, 

indicating favorable binding affinities similar to those observed for the wild-type structure. The 

top-ranked pose for the mutant structures exhibited a Vina score of -7.5 kcal/mol, 

corresponding to a cavity with a size of 901 Å³, located at coordinates (x=16, y=10, z=25), 

which was consistent with the top pose of the wild-type structure (Table 3). Figure 2 illustrates 

the docking poses of wild-type and mutant T4 Lysozyme (C54T) with β-N, N', N''-

triacetylchitotriose. Panel A shows the surface representation of the wild-type T4 Lysozyme, 

revealing the ligand nestled within a prominent cavity, indicating strong binding with a Vina 

score of -7.9 kcal/mol. Panel B, with the receptor hidden, provides a clearer view of the ligand 

interactions within the binding pocket, highlighting specific contacts with amino acid residues. 

Panels C and D display the C54T mutant T4 Lysozyme in surface and hidden receptor 

representations, respectively. The ligand binding poses in the mutant appear similar to the wild-
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type, with a slightly reduced Vina score of -7.5 kcal/mol, indicating that the C54T mutation 

does not significantly disrupt the binding site’s topography or ligand interactions. These visual 

comparisons support the conclusion that the C54T mutation maintains the binding properties 

and configuration of the ligand within the pocket, suggesting the mutation enhances stability 

without compromising functional interactions (Figure 2). Comparative analysis of the docking 

results between the wild-type and mutant structures revealed similar Vina scores and cavity 

characteristics for the top-ranked binding poses. Both the wild-type and mutant structures 

exhibited comparable binding affinities and binding site configurations for β-N, N', N''-

triacetylchitotriose. This suggests that the C54T mutation may not significantly alter the ligand-

binding properties or binding site accessibility of the protein. The consistent docking results 

between the wild-type and mutant structures indicate that the C54T mutation may not directly 

influence the protein's interaction with β-N, N', N''-triacetylchitotriose. However, further 

analysis, including molecular dynamics simulations and experimental validation, is warranted 

to fully understand the functional implications of the mutation and its potential effects on 

protein-ligand interactions. These findings provide valuable insights into the structural 

dynamics and ligand binding properties of the protein, laying the foundation for future studies 

aimed at elucidating its biological function and therapeutic potential [44-46]. 

 

Figure 2. (A) Docking pose image of wild-type T4 Lysozyme with surface representation; (B) Docking pose 

image of wild-type T4 Lysozyme with hidden receptor representation; (C) Docking pose image of mutant-type 

T4 Lysozyme with surface representation; (D) Docking pose image of mutant-type T4 Lysozyme with hidden 

receptor representation. 

Table 3. Docking results of mutant-type T4 lysozyme with β-N,N',N''-triacetylchitotriose using AutoDock Vina.  

Vina score Cavity size (Å³) Center coordinates (x, y, z) 

-7.5 901 35,16,10 

-5.9 106 44,7,18 

-5.7 53 27,14,-4 

-5.6 60 19,8,0 

-5.6 46 38,9,-8 
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3.3. Experimental validation. 

In this research, we took advantage of the robust computational tools for docking 

analysis and mutant stability prediction, but our key limitation was the absence of experimental 

validation. We may still yield false positives even though they are powerful tools; this is due 

to their training bias or static structure assumptions. To confirm, site-directed mutagenesis can 

be used to introduce specific amino acid changes into the T4 lysozyme gene, followed by 

recombinant protein expression and purification for the predicted stability of mutants like 

C54T. Also, using differential scanning calorimetry (DSC) or thermal shift assays (TSA), the 

stability of these proteins can be assessed. Using these methods, we will be able to validate 

whether the computationally predicted mutant’s stability corresponds to actual thermodynamic 

improvements in vitro [47-49]. 

While this study leverages advanced computational tools to predict protein stability and 

ligand binding interactions, several limitations must be acknowledged. First, the predictions 

generated by ThermoMPNN and CB-Dock are inherently dependent on the accuracy of the 

training data and algorithms, which may introduce biases, particularly in overestimating 

stabilizing mutations. Consequently, there is a risk of false positives, where predicted stable 

mutants (e.g., C54T) may not confer actual thermodynamic advantages upon experimental 

validation. Additionally, molecular docking simulations were performed on static protein 

structures, which may not fully capture the dynamic conformational flexibility of the protein 

in a physiological environment. This can limit the reliability of the predicted ligand-protein 

interaction profiles. Therefore, the findings of this study should be interpreted as preliminary 

and hypothesis-generating, requiring rigorous in vitro and in vivo validation to confirm the 

functional and structural relevance of the identified mutations. 

4. Conclusions 

In this study, we employed computational methods to identify stable mutants and 

investigate ligand-protein interactions of the protein encoded by PDB ID 2LZM. Utilizing 

ThermoMPNN analysis, we generated 3280 mutants and systematically screened them to 

identify variants with potential stability enhancements or altered functional properties. The 

analysis facilitated the prediction of ΔΔG values for each mutant, revealing promising 

candidates for further experimental validation. Among the top 10 mutants identified, C54T 

showed the highest predicted stability enhancement, suggesting its utility in protein 

engineering or therapeutic applications. Additionally, mutations at positions 70, 110, and 149 

demonstrated significant stability enhancements, indicating their potential relevance in 

modulating protein-ligand interactions and structural stability. Molecular docking simulations 

using AutoDock Vina provided insights into the binding affinity and configuration of the wild-

type protein with β-N,N',N''-triacetylchitotriose. Comparative analysis with mutant docking 

results suggested that the C54T mutation did not significantly alter ligand binding properties. 

These findings offer valuable insights into protein stability, structure-function relationships, 

and ligand binding properties, laying the foundation for further experimental validation and 

future studies aimed at elucidating the functional significance of specific mutations and their 

applications in biotechnological and biomedical contexts.  

  

https://doi.org/10.33263/LIANBS143.184
https://nanobioletters.com/


https://doi.org/10.33263/LIANBS143.184 

 https://nanobioletters.com/ 8 of 11 

 

Author Contributions 

Conceptualization, V.K.Y. and S.R.D.; methodology, R.K. and B.S.M.; software, B.K.K.; 

validation, V.K.Y., S.R.D., and B.S.M.; formal analysis, B.S.M.; investigation, V.K.Y. and 

S.R.D.; resources, B.K.K; data curation, B.S.M.; writing—original draft preparation, S.R.D.; 

writing—review and editing, V.K.Y; visualization, B.S.M.; supervision, V.K.Y; project 

administration, V.K.Y.. All authors have read and agreed to the published version of the 

manuscript. 

Institutional Review Board Statement 

Not applicable. 

Informed Consent Statement 

Not applicable.. 

Data Availability Statement 

Data supporting the findings of this study are available upon reasonable request from the 

corresponding author.  

Funding 

This research received no external funding. 

Acknowledgments 

The authors would like to thank the Deanship of Scientific Research at Shaqra University for 

supporting this work.  

Conflicts of Interest 

The authors declare no conflict of interest. 

References  

1. Gong, J.; Jiang, L.; Chen, Y.; Zhang, Y.; Li, X.; Ma, Z.; Fu, Z.; He, F.; Sun, P.; Ren, Z.; Tian, M. THPLM: 

a sequence-based deep learning framework for protein stability changes prediction upon point variations 

using pretrained protein language model. Bioinformatics 2023, 39, btad646, 

https://doi.org/10.1093/bioinformatics/btad646.  

2. AlQuraishi, M. End-to-End Differentiable Learning of Protein Structure. Cell Systems 2019, 8, 292–

301.e3. https://doi.org/10.1016/j.cels.2019.03.006. 

3. Salsbury, A.M.; Lemkul, J.A. Recent developments in empirical atomistic force fields for nucleic acids and 

applications to studies of folding and dynamics. Current Opinion in Structural Biology 2021, 67, 9-17, 

https://doi.org/10.1016/j.sbi.2020.08.003. 

4. Kim, S.; Kim, S.I.; Hwang, S. Enhancement of hydrolysis efficiency and biogas production by treatment 

of secondary sludge with bacteriophage lysozymes. Sustain. Energy Technol. Assess. 2022, 54, 102897, 

https://doi.org/10.1016/j.seta.2022.102897.  

5. Xi, K.; Zhu, L. Automated Path Searching Reveals the Mechanism of Hydrolysis Enhancement by T4 

Lysozyme Mutants. Int. J. Mol. Sci. 2022, 23, 14628, https://doi.org/10.3390/ijms232314628.  

6. Bodor, K.; Kazmier, K.N. An improved lysozyme substrate preparation method for the biochemistry 

kinetics laboratory. Biophysical Journal 2023, 122, 554a-554a, https://doi.org/10.1016/j.bpj.2022.11.2929.  

https://doi.org/10.33263/LIANBS143.184
https://nanobioletters.com/
https://doi.org/10.1093/bioinformatics/btad646
https://doi.org/10.1016/j.seta.2022.102897
https://doi.org/10.3390/ijms232314628
https://doi.org/10.1016/j.bpj.2022.11.2929


https://doi.org/10.33263/LIANBS143.184 

 https://nanobioletters.com/ 9 of 11 

 

7. Chen, P.W.; Tseng, C.Y.; Shi, F.; Bi, B.; Lo, Y.H. Detecting Protein-Ligand Interaction from Integrated 

Transient Induced Molecular Electronic Signal (i-TIMES). Analytical chemistry 2020, 92, 3852-3859, 

https://doi.org/10.1021/acs.analchem.9b05310.  

8. Dörner, P.J.; Anandakumar, H.; Röwekamp, I.; Fiocca Vernengo, F.; Millet Pascual-Leone, B.; 

Krzanowski, M.; Sellmaier, J.; Brüning, U.; Fritsche-Guenther, R.; Pfannkuch, L.; et al. Clinically used 

broad-spectrum antibiotics compromise inflammatory monocyte-dependent antibacterial defense in the 

lung. Nature communications 2024, 15, 2788, https://doi.org/10.1038/s41467-024-47149-z.  

9. Weaver, L.H.; Matthews, B.W. Structure of bacteriophage T4 lysozyme refined at 1.7 Å resolution. J. Mol. 

Biol. 1987, 193, 189-199, https://doi.org/10.1016/0022-2836(87)90636-x.  

10. Ganesan, S.; Mittal, N.; Bhat, A.; Adiga, R.S.; Ganesan, A.; Nagarajan, D.; Varadarajan, R. Improved 

Prediction of Stabilizing Mutations in Proteins by Incorporation of Mutational Effects on Ligand Binding. 

Proteins 2025, 93, 384-395, https://doi.org/10.1002/prot.26738.  

11. Dieckhaus, H.; Brocidiacono, M.; Randolph, N.Z.; Kuhlman, B. Transfer learning to leverage larger 

datasets for improved prediction of protein stability changes. Proc. Natl. Acad. Sci. U.S.A. 2024, 121, 

e2314853121, https://doi.org/10.1073/pnas.2314853121.  

12. Zheng, F.; Liu, Y.; Yang, Y.; Wen, Y.; Li, M. Assessing computational tools for predicting protein stability 

changes upon missense mutations using a new dataset. Protein Sci. 2024, 33, e4861, 

https://doi.org/10.1002/pro.4861.  

13. Marabotti, A.; Scafuri, B.; Facchiano, A. Predicting the stability of mutant proteins by computational 

approaches: an overview. Brief. Bioinform. 2021, 22, bbaa074, https://doi.org/10.1093/bib/bbaa074.  

14. Nezhad, N.G.; Rahman, R.N.Z.R.A.; Normi, Y.M.; Oslan, S.N.; Shariff, F.M.; Leow, T.C. Thermostability 

engineering of industrial enzymes through structure modification. Appl. Microbiol. Biotechnol. 2022, 106, 

4845-4866, https://doi.org/10.1007/s00253-022-12067-x.  

15. Nezhad, N.G.; Rahman, R.N.Z.R.A.; Normi, Y.M.; Oslan, S.N.; Shariff, F.M.; Leow, T.C. Recent advances 

in simultaneous thermostability-activity improvement of industrial enzymes through structure 

modification. Int. J. Biol. Macromol. 2023, 232, 123440, https://doi.org/10.1016/j.ijbiomac.2023.123440.  

16. Guo, Q.; Dan, M.; Zheng, Y.; Shen, J.; Zhao, G.; Wang, D. Improving the thermostability of a novel PL-6 

family alginate lyase by rational design engineering for industrial preparation of alginate oligosaccharides. 

Int. J. Biol. Macromol. 2023, 249, 125998, https://doi.org/10.1016/j.ijbiomac.2023.125998.  

17. Pucci, F.; Schwersensky, M.; Rooman, M. Artificial intelligence challenges for predicting the impact of 

mutations on protein stability. Current Opinion in Structural Biology, 2022, 72, 161-168, 

https://doi.org/10.1016/j.sbi.2021.11.001.  

18. Meller, A.; Ward, M.; Borowsky, J.; Kshirsagar, M.; Lotthammer, J.M.; Oviedo, F.; Ferres, J.L.; Bowman, 

G.R. Predicting locations of cryptic pockets from single protein structures using the PocketMiner graph 

neural network. Nature communications 2023, 14, 1177, https://doi.org/10.1038/s41467-023-36699-3.  

19. Pancotti, C.; Benevenuta, S.; Birolo, G.; Alberini, V.; Repetto, V.; Sanavia, T.; Capriotti, E.; Fariselli, P. 

Predicting protein stability changes upon single-point mutation: a thorough comparison of the available 

tools on a new dataset. Brief. Bioinform. 2022, 23, bbab555, https://doi.org/10.1093/bib/bbab555.  

20. Blaabjerg, L.M.; Kassem, M.M.; Good, L.L.; Jonsson, N.; Cagiada, M.; Johansson, K.E.; Boomsma, W.; 

Stein, A.; Lindorff-Larsen, K. Rapid protein stability prediction using deep learning representations. eLife 

2023, 12, e82593, https://doi.org/10.7554/eLife.82593.  

21. Cuturello, F.; Celoria, M.; Ansuini, A.; Cazzaniga, A. Enhancing predictions of protein stability changes 

induced by single mutations using MSA-based language models. Bioinformatics 2024, 40, btae447, 

https://doi.org/10.1093/bioinformatics/btae447.  

22. Beltran, A.; Jiang, X.e.; Shen, Y.; Lehner, B. Site-saturation mutagenesis of 500 human protein domains. 

Nature 2025, 637, 885-894, https://doi.org/10.1038/s41586-024-08370-4.  

23. Drake, Z.C.; Day, E.H.; Toth, P.D.; Lindert, S. Deep-learning structure elucidation from single-mutant 

deep mutational scanning. Nature communications 2025, 16, 6874, https://doi.org/10.1038/s41467-025-

62261-4.  

24. Umerenkov, D.; Nikolaev, F.; Shashkova, T.I.; Strashnov, P.V.; Sindeeva, M.; Shevtsov, A.; Ivanisenko, 

N.V.; Kardymon, O.L. PROSTATA: a framework for protein stability assessment using transformers. 

Bioinformatics 2023, 39, btad671, https://doi.org/10.1093/bioinformatics/btad671.  

25. Boyer, S.; Money-Kyrle, S.; Bent, O. Predicting protein stability changes under multiple amino acid 

substitutions using equivariant graph neural networks. arXiv preprint arXiv:2305.19801 2023, 

http://dx.doi.org/10.48550/arXiv.2305.19801.  

https://doi.org/10.33263/LIANBS143.184
https://nanobioletters.com/
https://doi.org/10.1021/acs.analchem.9b05310
https://doi.org/10.1038/s41467-024-47149-z
https://doi.org/10.1016/0022-2836(87)90636-x
https://doi.org/10.1002/prot.26738
https://doi.org/10.1073/pnas.2314853121
https://doi.org/10.1002/pro.4861
https://doi.org/10.1093/bib/bbaa074
https://doi.org/10.1007/s00253-022-12067-x
https://doi.org/10.1016/j.ijbiomac.2023.123440
https://doi.org/10.1016/j.ijbiomac.2023.125998
https://doi.org/10.1016/j.sbi.2021.11.001
https://doi.org/10.1038/s41467-023-36699-3
https://doi.org/10.1093/bib/bbab555
https://doi.org/10.7554/eLife.82593
https://doi.org/10.1093/bioinformatics/btae447
https://doi.org/10.1038/s41586-024-08370-4
https://doi.org/10.1038/s41467-025-62261-4
https://doi.org/10.1038/s41467-025-62261-4
https://doi.org/10.1093/bioinformatics/btad671
http://dx.doi.org/10.48550/arXiv.2305.19801


https://doi.org/10.33263/LIANBS143.184 

 https://nanobioletters.com/ 10 of 11 

 

26. Schindler, C.E.M.; Chauvot de Beauchêne, I.; de Vries, S.J.; Zacharias, M. Protein-protein and peptide-

protein docking and refinement using ATTRACT in CAPRI. Proteins: Structure, Function, and 

Bioinformatics 2017, 85, 391-398, https://doi.org/10.1002/prot.25196.  

27. Yang, J.; Zhang, Y. I-TASSER server: new development for protein structure and function predictions. 

Nucleic Acids Res. 2015, 43, W174–W181, https://doi.org/10.1093/nar/gkv342.  

28. Min, Y.; Wei, Y.; Wang, P.; Wang, X.; Li, H.; Wu, N.; Bauer, S.; Zheng, S.; Shi, Y.; Wang, Y.; Wu, J.; 

Zhao, D.; Zeng, J. From Static to Dynamic Structures: Improving Binding Affinity Prediction with Graph-

Based Deep Learning. Adv. Sci. 2024, 11, 2405404, https://doi.org/10.1002/advs.202405404.  

29. Gu, S.; Shen, C.; Yu, J.; Zhao, H.; Liu, H.; Liu, L.; Sheng, R.; Xu, L.; Wang, Z.; Hou, T.; Kang, Y. Can 

molecular dynamics simulations improve predictions of protein-ligand binding affinity with machine 

learning? Brief. Bioinform. 2023, 24, bbad008, https://doi.org/10.1093/bib/bbad008.  

30. Sasidharan, S.; Gosu, V.; Tripathi, T.; Saudagar, P. Molecular Dynamics Simulation to Study Protein 

Conformation and Ligand Interaction. In Protein Folding Dynamics and Stability: Experimental and 

Computational Methods, Saudagar, P., Tripathi, T., Eds.; Springer Nature Singapore: Singapore, 2023; pp. 

107-127, https://doi.org/10.1007/978-981-99-2079-2_6.  

31. Leaver-Fay, A.; Tyka, M.; Lewis, S.M.; Lange, O.F.; Thompson, J.; Jacak, R.; Kaufman, K.W.; Renfrew, 

P.D.; Smith, C.A.; Sheffler, W.; Davis, I.W.; Cooper, S.; Treuille, A.; Mandell, D.J.; Richter, F.; Ban, Y.-

E.A.; Fleishman, S.J.; Corn, J.E.; Kim, D.E.; Lyskov, S.; Berrondo, M.; Mentzer, S.; Popović, Z.; 

Havranek, J.J.; Karanicolas, J.; Das, R.; Meiler, J.; Kortemme, T.; Gray, J.J.; Kuhlman, B.; Baker, D.; 

Bradley, P. Chapter nineteen - Rosetta3: An Object-Oriented Software Suite for the Simulation and Design 

of Macromolecules. In Methods in Enzymology, Johnson, M.L., Brand, L., Eds.; Academic Press: 2011; 

Volume 487, pp. 545-574, https://doi.org/10.1016/B978-0-12-381270-4.00019-6.  

32. Dauparas, J.; Anishchenko, I.; Bennett, N.; Bai, H.; Ragotte, R.J.; Milles, L.F.; Wicky, B.I.M.; Courbet, 

A.; de Haas, R.J.; Bethel, N.; Leung, P.J.Y.; Huddy, T.F.; Pellock, S.; Tischer, D.; Chan, F.; Koepnick, B.; 

Nguyen, H.; Kang, A.; Sankaran, B.; Bera, A.K.; King, N.P.; Baker, D. Robust deep learning–based protein 

sequence design using ProteinMPNN. Science 2022, 378, 49-56, https://doi.org/10.1126/science.add2187.  

33. Cock, P.J.A.; Antao, T.; Chang, J.T.; Chapman, B.A.; Cox, C.J.; Dalke, A.; Friedberg, I.; Hamelryck, T.; 

Kauff, F.; Wilczynski, B.; de Hoon, M.J.L. Biopython: freely available Python tools for computational 

molecular biology and bioinformatics. Bioinformatics 2009, 25, 1422-1423, 

https://doi.org/10.1093/bioinformatics/btp163.  

34. Liu, Y.; Grimm, M.; Dai, W.-t.; Hou, M.-c.; Xiao, Z.-X.; Cao, Y. CB-Dock: a web server for cavity 

detection-guided protein–ligand blind docking. Acta Pharmacol. Sin. 2020, 41, 138-144, 

https://doi.org/10.1038/s41401-019-0228-6.  

35. Liu, Y.; Yang, X.; Gan, J.; Chen, S.; Xiao, Z.-X.; Cao, Y. CB-Dock2: improved protein–ligand blind 

docking by integrating cavity detection, docking and homologous template fitting. Nucleic Acids Research 

2022, 50, W159-W164, https://doi.org/10.1093/nar/gkac394.  

36. Kulandaisamy, A.; Zaucha, J.; Frishman, D.; Gromiha, M.M. MPTherm-pred: Analysis and Prediction of 

Thermal Stability Changes upon Mutations in Transmembrane Proteins. J. Mol. Biol. 2021, 433, 166646, 

https://doi.org/10.1016/j.jmb.2020.09.005.  

37. Kuang, J.; Zhao, Z.; Yang, Y.; Yan, W. PON-Tm: A Sequence-Based Method for Prediction of Missense 

Mutation Effects on Protein Thermal Stability Changes. Int. J. Mol. Sci. 2024, 25, 8379, 

https://doi.org/10.3390/ijms25158379.  

38. Mishra, S.K. PSP-GNM: Predicting Protein Stability Changes upon Point Mutations with a Gaussian 

Network Model. Int. J. Mol. Sci. 2022, 23, 10711, https://doi.org/10.3390/ijms231810711.  

39. Mishra, S.K. Protein Stability Changes upon Point Mutations Identified with a Gaussian Network Model 

Simulating Protein Unfolding Behavior. bioRxiv 2022, 2022.2002.2017.480818, 

https://doi.org/10.1101/2022.02.17.480818.  

40. Li, S.S.; Liu, Z.M.; Li, J.; Ma, Y.B.; Dong, Z.Y.; Hou, J.W.; Shen, F.J.; Wang, W.B.; Li, Q.M.; Su, J.G. 

Prediction of mutation-induced protein stability changes based on the geometric representations learned by 

a self-supervised method. BMC Bioinformatics 2024, 25, 282, https://doi.org/10.1186/s12859-024-05876-

6.  

41. Dieckhaus, H.; Kuhlman, B. Protein stability models fail to capture epistatic interactions of double point 

mutations. Protein Science 2025, 34, e70003, https://doi.org/10.1002/pro.70003.  

42. Christopher, M.F. Computational Methods of Protein Engineering. Recent Patents on Biomedical 

Engineering (Discontinued) 2010, 3, 1-5, https://doi.org/10.2174/1874764711003010001.  

https://doi.org/10.33263/LIANBS143.184
https://nanobioletters.com/
https://doi.org/10.1002/prot.25196
https://doi.org/10.1093/nar/gkv342
https://doi.org/10.1002/advs.202405404
https://doi.org/10.1093/bib/bbad008
https://doi.org/10.1007/978-981-99-2079-2_6
https://doi.org/10.1016/B978-0-12-381270-4.00019-6
https://doi.org/10.1126/science.add2187
https://doi.org/10.1093/bioinformatics/btp163
https://doi.org/10.1038/s41401-019-0228-6
https://doi.org/10.1093/nar/gkac394
https://doi.org/10.1016/j.jmb.2020.09.005
https://doi.org/10.3390/ijms25158379
https://doi.org/10.3390/ijms231810711
https://doi.org/10.1101/2022.02.17.480818
https://doi.org/10.1186/s12859-024-05876-6
https://doi.org/10.1186/s12859-024-05876-6
https://doi.org/10.1002/pro.70003
https://doi.org/10.2174/1874764711003010001


https://doi.org/10.33263/LIANBS143.184 

 https://nanobioletters.com/ 11 of 11 

 

43. Arnold, F.H. Directed Evolution: Bringing New Chemistry to Life. Angew. Chem. Int. Ed. 2018, 57, 4143-

4148, https://doi.org/10.1002/anie.201708408.  

44. Morris, G.M.; Huey, R.; Lindstrom, W.; Sanner, M.F.; Belew, R.K.; Goodsell, D.S.; Olson, A.J. 

AutoDock4 and AutoDockTools4: Automated docking with selective receptor flexibility. J. Comput. 

Chem. 2009, 30, 2785-2791, https://doi.org/10.1002/jcc.21256.  

45. Forli, S.; Huey, R.; Pique, M.E.; Sanner, M.F.; Goodsell, D.S.; Olson, A.J. Computational protein–ligand 

docking and virtual drug screening with the AutoDock suite. Nat. Protoc. 2016, 11, 905–919, 

https://doi.org/10.1038/nprot.2016.051.  

46. Trott, O.; Olson, A.J. AutoDock Vina: Improving the speed and accuracy of docking with a new scoring 

function, efficient optimization, and multithreading. J. Comput. Chem. 2010, 31, 455–461, 

https://doi.org/10.1002/jcc.21334.  

47. Pantoliano, M.W.; Petrella, E.C.; Kwasnoski, J.D.; Lobanov, V.S.; Myslik, J.; Graf, E.; Carver, T.; Asel, 

E.; Springer, B.A.; Lane, P.; Salemme, F.R. High-Density Miniaturized Thermal Shift Assays as a General 

Strategy for Drug Discovery*. SLAS Discov. 2001, 6, 429-440, 

https://doi.org/10.1177/108705710100600609.  

48. Zheng, L.; Baumann, U.; Reymond, J.-L. An efficient one-step site-directed and site-saturation mutagenesis 

protocol. Nucleic Acids Res. 2004, 32, e115-e115, https://doi.org/10.1093/nar/gnh110.  

49. Privalov, P.L.; Dragan, A.I. Microcalorimetry of biological macromolecules. Biophys. Chem. 2007, 126, 

16-24, https://doi.org/10.1016/j.bpc.2006.05.004.  

Publisher’s Note & Disclaimer 

The statements, opinions, and data presented in this publication are solely those of the individual author(s) and 

contributor(s) and do not necessarily reflect the views of the publisher and/or the editor(s). The publisher and/or 

the editor(s) disclaim any responsibility for the accuracy, completeness, or reliability of the content. Neither the 

publisher nor the editor(s) assume any legal liability for any errors, omissions, or consequences arising from the 

use of the information presented in this publication. Furthermore, the publisher and/or the editor(s) disclaim any 

liability for any injury, damage, or loss to persons or property that may result from the use of any ideas, methods, 

instructions, or products mentioned in the content. Readers are encouraged to independently verify any 

information before relying on it, and the publisher assumes no responsibility for any consequences arising from 

the use of materials contained in this publication. 

 

https://doi.org/10.33263/LIANBS143.184
https://nanobioletters.com/
https://doi.org/10.1002/anie.201708408
https://doi.org/10.1002/jcc.21256
https://doi.org/10.1038/nprot.2016.051
https://doi.org/10.1002/jcc.21334
https://doi.org/10.1177/108705710100600609
https://doi.org/10.1093/nar/gnh110
https://doi.org/10.1016/j.bpc.2006.05.004

