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ABSTRACT

Artificial intelligence (Al) is revolutionizing protein science and transforming the fields of analytical and bioanalytical chemistry by
harnessing advanced machine learning and deep learning techniques to address longstanding challenges. Al can now predict protein
structures from amino acid sequences with near-experimental accuracy, as exemplified by breakthroughs such as AlphaFold2, significantly
enhancing our understanding of protein function, dynamics, and interactions. In analytical chemistry, Al enables high-throughput protein
characterization, structural analysis, and real-time data interpretation. In bioanalytical chemistry, it supports precise biomarker
identification, protein quantification, and modeling of complex protein—protein interactions. Beyond structure prediction, Al accelerates
the design of novel proteins and enzymes, facilitates proteomic data analysis for biomarker discovery, and aids drug development. While
challenges remain in modeling dynamic systems and intrinsically disordered regions, the integration of Al promises to revolutionize
analytical and bioanalytical methodologies, improve precision, and drive innovations in drug discovery, synthetic biology, and
personalized medicine, positioning Al as a cornerstone of modern protein research.
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INTRODUCTION

Artificial intelligence (Al) is a revolutionary technology that enables machines to
mimic human intelligence using advanced algorithms, large datasets, and increased
computational power (Radanliev, 2004). Since its formal introduction in 1956 by
John McCarthy, Al has progressed from automated reasoning to solving complex
analytical and scientific problems (Xu et al. 2024). In bioanalytical chemistry, Al
and machine learning (ML) enhance the analysis of complex biological datasets,
improving workflow efficiency, precision, and reliability (Rial, 2024; Shaikh and
Uzgare, 2026; Schmidt, 2024). Al is also accelerating advances in genomics,
proteomics, pharmacogenomics, and drug discovery (Rawat, 2024). In protein
science, Al enables accurate prediction, design, and evolution of proteins using
pattern recognition and vector modeling, improving understanding and
engineering of biological systems (Villalobos-Alva et al., 2022; Baetu and Carl,
2015). The aim of this review is to highlight the role of artificial intelligence (AI)
in transforming structural biology by enabling accurate prediction of protein
structures, and functions. It focuses on the applications of Al in analytical and
bioanalytical chemistry, including proteomic analysis. This review also discusses
recent advancements, current challenges, and future perspectives of Al in protein
science.

Literature review strategy

This review was conducted using a structured and systematic literature search
strategy to ensure comprehensive coverage and scientific transparency. Relevant
publications from 1986 to 2026 were identified through major scientific databases,
including Scopus, Google Scholar, ResearchGate, and the Directory of Open
Access Journals (DOAJ). Additional references were obtained through citation
tracking of key articles to ensure completeness. The literature search was
performed using specific keywords and their combinations, including “artificial
intelligence,” “machine learning,” “protein science,” “proteomics,” “analytical
chemistry,” “bioanalytical chemistry,” “neural networks,” and “Al in drug
discovery,”. The selection process involved an initial screening of titles and
abstracts, followed by full-text evaluation to confirm relevance and eligibility.

Exclusion criteria included duplicate records, non-peer-reviewed sources, articles
without accessible full text, and studies not directly relevant to the review
objectives. Following this systematic screening and eligibility assessment,
approximately 53 studies were included based on their scientific quality, relevance,
and contribution to the field. This structured methodology enhances the reliability,
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transparency, and scientific rigor of the review and ensures a comprehensive
overview of the integration of artificial intelligence in protein science and
analytical and bioanalytical chemistry.

Advances in Protein Science Through Artificial Intelligence (AI)

Proteins are amino acid polymers joined by a-peptide bonds and are fundamental
to biological structure, catalysis, signaling, and regulation (Shaikh and Uzgare,
2026). They are derived from plants, animals, and microorganisms, with plant
proteins representing an abundant and economical source for therapeutic and
nutritional applications (Pikosky et al. 2022; Nehete et al. 2013). Proteomics,
defined as the comprehensive study of protein structures, functions, and
interactions, provides critical insights into cellular processes and organismal
biology (Chandramouli and Qian, 2009; Al-Amrani ef al. 2021). Advances in
fractionation, labeling, and analytical technologies have enabled detection of low-
abundance proteins, yet the scale, heterogeneity, and multidimensional nature of
proteomic data remain major analytical challenges (Chandramouli and Qian,
2009; Yan et al. 2025). Artificial intelligence (AI) addresses these challenges by
improving pattern recognition, structural prediction, functional annotation, and
integration of large biological datasets, thereby accelerating drug discovery,
biomarker identification, and systems biology research (Srivastava, 2024; Gholap
et al. 2025; Wang et al. 2023; Percudani and Rito, 2025). Figure | indicates
Advances of Al in Protein Science.
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Figure 1 Advances of Al in Protein Science

A major area of advancement lies in Al-driven protein structure prediction, which
addresses the long-standing protein folding problem. Traditional experimental
methods such as X-ray crystallography and NMR spectroscopy are time-
consuming and limited in scalability, resulting in structural data for only a fraction
of known protein sequences (Jumper et al. 2025; Schauperl and Denny, 2022).
Al models such as AlphaFold2, RoseTTAFold, and ESMFold have fundamentally
transformed this field by enabling accurate prediction of protein three-dimensional
structures directly from amino acid sequences (Yang et al. 2023; Chen et al. 2024;
Qiu et al. 2024). AlphaFold2 represents a landmark breakthrough, achieving near-
experimental accuracy by integrating evolutionary information, multiple sequence
alignments, and deep neural networks, significantly outperforming traditional
computational approaches in CASP benchmarks (Jumper et al. 2025; Service,
2020; Versini et al. 2025). RoseTTAFold complements AlphaFold2 through its
three-track neural network architecture, enabling efficient modeling of protein
complexes and biomolecular interactions, particularly with extensions such as
RoseTTAFold All-Atom and RFdiffusion All-Atom (Fang et al. 2024; Versini et
al. 2025). While, ESMFold and protein language model-based approaches reduce
reliance on evolutionary alignments, enabling faster and scalable predictions
suitable for large proteomic datasets (Qiu et al. 2024; Bordin et al. 2023). These
complementary approaches demonstrate a transition from template-dependent and
alignment-based prediction toward sequence-based inference using large-scale
deep learning models.

Despite their success, current structural Al models have important limitations.
They often struggle to accurately capture intrinsically disordered proteins,
conformational dynamics, membrane protein structures, and multi-component
biomolecular assemblies (Longhi et al. 2025; Ramanathan et al. 2021; Versini
et al. 2025; Fang et al. 2024). Specialized Al models such as RibbonFold
incorporate amyloid-specific constraints to improve prediction of amyloid fibril
polymorphism, outperforming conventional AlphaFold-based methods (Guo et al.
2025). Ensemble-based approaches such as FoldScript further improve reliability
by comparing multiple Al-generated structural models rather than relying on a
single prediction, enabling better assessment of structural variability and
intermolecular interactions (Robert et al. 2025). Al has also expanded structural
coverage through integration with biological databases such as the RCSB Protein
Data Bank and Pfam, which now incorporate millions of Al-predicted protein
structures and enhance functional annotation and classification (Burley ez al. 2023;
Paysan-Lafosse et al. 2025). These advances have accelerated structural biology,
drug discovery, and protein function prediction, including applications in disease
research, anesthesia, and biomedical engineering (Zhang et al. 2025; Schauperl
and Denny, 2022).

Beyond structure prediction, Al has enabled a paradigm shift toward protein design
and generative modeling. Traditional protein engineering relied heavily on natural
templates and experimental screening, whereas modern Al approaches use deep
learning, diffusion models, and protein language models to generate entirely novel
protein sequences with specific structural and functional properties (Jin et al
2025; Khakzad et al. 2023; Mahmoudi e? al. 2025). Generative Al enables design
of proteins with improved catalytic efficiency, stability, and therapeutic potential,
expanding beyond naturally occurring protein space (Jin et al. 2025). Systems such
as ProtAgents integrate large language models with physics-based simulations to
automate protein design and functional optimization (Ghafarollahi and Buehler,

2024). Hybrid approaches combining Al predictions with physics-based force
fields, such as TriCombine, demonstrate improved performance in protein redesign
compared to individual methods (Cianferoni et al. 2025). Al also enables
prediction of mutation effects, protein stability, and functional consequences of
sequence variation, facilitating protein engineering and disease research (Pucci et
al. 2022; Pandurangan and Blundell, 2019). However, generative Al still faces
challenges in preserving biological function, ensuring experimental validation, and
addressing biosecurity concerns, highlighting the need for robust evaluation
frameworks (Ikonomova et al. 2025).

Al has also transformed proteomics by enabling large-scale analysis of protein
expression, interactions, and functional networks. Mass spectrometry-based
proteomics generates complex datasets requiring advanced computational tools,
and Al methods significantly improve peptide identification, spectrum prediction,
and protein quantification (Shao et al. 2025; Liu et al. 2025). Deep learning
models enable accurate prediction of protein—-DNA and protein—RNA interactions,
facilitating functional annotation and regulatory analysis (Cui et al. 2022). Al also
enables prediction of post-translational modifications, molecular interactions, and
biological pathways, improving understanding of disease mechanisms and
therapeutic targets (Yan et al. 2025). Context-aware models such as PINNACLE
integrate multi-organ and single-cell proteomic data to generate biologically
meaningful protein representations, enhancing prediction of protein interactions
and therapeutic targets (Li et al. 2023). Explainable Al approaches such as layer-
wise relevance propagation enable reconstruction of patient-specific protein
interaction networks, supporting precision medicine and personalized therapeutic
strategies (Keyl ef al. 2022). These advances demonstrate that proteomics-focused
Al complements structural prediction by providing functional and systems-level
insights into protein behavior.

Al has further expanded protein science through integration with computational
biology, molecular databases, and experimental workflows. Al-driven tools
accelerate drug discovery, biomarker identification, and personalized medicine by
enabling rapid structural prediction and functional analysis (Gholap et al. 2025;
Wang et al. 2025). Advances in machine learning also support hypothesis
generation, experimental design, and molecular discovery through self-supervised
learning and geometric deep learning (Wang et al. 2023). Al contributes to
functional annotation of protein families and structural classification through
databases such as Pfam and RCSB PDB, improving biological interpretation and
discovery (Burley et al. 2023; Paysan-Lafosse et al. 2025). Al methods have also
enabled novel conceptual approaches to protein representation and design,
including sequence embedding, protein language modeling, and innovative
representations such as musical encoding of protein sequences (Yu et al. 2019;
Bordin et al. 2023).

Overall, Al has transformed protein science across multiple interconnected
domains, including structural prediction, protein engineering, and proteomics.
Structural Al models such as AlphaFold2, RoseTTAFold, and ESMFold provide
highly accurate structural predictions, while generative Al enables design of novel
proteins with customized functions. Proteomics-focused Al complements these
advances by enabling large-scale functional analysis and systems-level
understanding of protein interactions and disease mechanisms. Despite challenges
related to protein dynamics, functional validation, interpretability, and ethical
considerations, Al continues to expand the scope of structural biology, proteomics,
and biomedical research, accelerating scientific discovery and enabling new
therapeutic applications (Zhan et al. 2025; Longhi ef al. 2025; Mahmoudi et al.
2025).

Applications, Advantages, and Limitations of Artificial Intelligence (AI) in
Protein Science

Artificial intelligence has significantly transformed multiple areas of protein
science, although its performance, reliability, and limitations vary depending on
the specific application (Table 1). In protein structure prediction, advanced deep
learning models such as AlphaFold and RoseTTAFold have achieved near-
experimental accuracy, greatly accelerating structural characterization and
reducing reliance on traditional experimental techniques such as X-ray
crystallography and cryo-electron microscopy (Jin e al. 2025; Gainza et al.
2020). Despite these advances, challenges remain in accurately predicting
intrinsically disordered proteins, protein complexes, and conformational dynamics,
highlighting the need for integration with molecular dynamics and experimental
validation. In protein design and engineering, Al enables the generation and
optimization of novel protein sequences with improved stability and functional
properties, significantly accelerating enzyme development and therapeutic protein
engineering (Langan et al. 2023). However, Al-generated protein designs often
lack mechanistic interpretability and require experimental verification, limiting
their immediate practical implementation.

Similarly, Al-based protein—protein interaction prediction has enhanced drug
discovery and improved understanding of biological interaction networks by
identifying potential binding interfaces and functional relationships (Senior et al.
2020; Zhang et al. 2025). Nevertheless, predictive accuracy is constrained by
incomplete datasets, biological variability, and high false-positive rates. In protein
folding studies, Al has provided faster alternatives to traditional simulation
approaches and improved understanding of folding mechanisms and misfolding-
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related diseases (Chothia and Lesk, 1986). However, current Al models often
oversimplify complex folding pathways and lack accurate kinetic and
thermodynamic representation. Furthermore, Al has shown substantial potential in
disease mechanism analysis and biomarker discovery by identifying disease-
associated proteomic patterns and supporting precision medicine approaches
(Service, 2020). Despite these advantages, limitations such as dataset bias, lack of

standardized validation, and challenges in clinical translation remain significant
barriers. Overall, while Al has revolutionized protein science, addressing these
limitations through improved model interpretability, hybrid experimental-
computational approaches, and high-quality datasets will be essential for
advancing future applications, as summarized in Table 1.

Table 1 Applications, Advantages, Limitations and Research Gap of Artificial Intelligence (Al) in Protein Science

Validation

Application Area Description Advantages Limitations Level Research Gaps References

. Al predicts 3D High accuracy; faster Limited for o Dynamic structure Jin et al. (2025);
Protein Structure . . . In silico, L. .

- protein structures and cheaper than disordered proteins . prediction and Gainza et al.
Prediction experimental

from sequences.

experimental methods.

and dynamics.

complex proteins

(2020)

Al designs proteins
with desired
functions.

Protein Design and
Engineering

Speeds up protein and
enzyme development.

Needs experimental
confirmation.

In silico, limited
experimental

Improving functional
reliability

Langan et al.
(2023)

Protein—Protein

Al predicts protein Supports drug discovery

False positives and

Senior et al.

In silico, partial Improving prediction

Interaction . . . T . (2020); Zhang et
Prediction interaction partners. and pathway analysis. limited data. experimental accuracy al. (2025)
Protein Folding Al models protein Faster than traditional Limited kinetic and . Modeling real folding Chothia and

. . - . . . In silico .
Simulation folding processes. simulations. dynamic accuracy. dynamics Lensk (1986)
D1sea§e Mechanism AI identifies Enables early diagnosis ~ Requires large, high- In silico, Clinical validation .
and Biomarker disease-related - . . . . - Service (2020)
Di . and precision medicine. quality datasets. experimental and interpretation

iscovery proteins.

The Future of AI-Driven Protein Science

Artificial intelligence (Al) is transforming protein science by enhancing the
prediction and design of protein structures and functions. Deep learning methods
now predict 3D protein structures from amino acid sequences with remarkable
accuracy and speed, surpassing traditional techniques. Innovations like
DeepMind’s AlphaFold2 enable near-experimental precision, accelerating
research and expanding access to complex protein data. By integrating multi-omics
information, Al advances the understanding of protein dynamics and interactions,
driving progress in drug discovery, synthetic biology, analytical and bioanalytical
science and personalized medicine (Fang et al. 2024; Jumper et al. 2021; Das,
2025). Integrating Al in protein science lies in developing advanced systems that
model dynamic biomolecular assemblies and predict diverse protein behaviors.
Emerging techniques, such as generative models, enable the design of novel
proteins, antibodies, and enzymes for therapeutics and biotechnology. Al-driven
simulations allow high-throughput screening of protein interactions, speeding
candidate identification while reducing resources. Improvements in predicting
protein stability, function, and interactions promise to transform proteomics,
accelerate vaccine development, and uncover new biological insights, solidifying
Al as a key driver of protein science innovation.

Despite major breakthroughs in Al-driven protein science, several important
research gaps remain that must be addressed to fully realize its potential. Current
deep learning systems primarily predict static protein structures, while proteins are
inherently dynamic and exist in multiple conformational states; thus, improved
modeling of folding pathways, conformational flexibility, and transient
intermediates is needed. Accurately predicting protein—protein interactions, multi-
component assemblies, and binding affinities also remains challenging,
particularly for weak or transient interactions within complex cellular networks.
Although structural prediction has advanced significantly, linking structure to
precise biological function, enzymatic activity, and regulatory mechanisms is still
limited. In addition, predicting the effects of mutations on protein stability and
function critical for understanding genetic diseases, drug resistance, and
personalized medicine requires greater accuracy and generalizability. Many Al
models rely on biased and incomplete datasets, with underrepresentation of
membrane proteins, intrinsically disordered proteins, and diverse organisms,
highlighting the need for more comprehensive experimental data and validation.
Integration of multi-omics data and realistic cellular context, including post-
translational modifications and molecular crowding, remains insufficient,
restricting biological relevance. While generative models show promise in
designing novel proteins, challenges persist in ensuring correct folding, long-term
stability, safety, and in vivo functionality. Furthermore, high computational
demands limit accessibility, and the black-box nature of many deep learning
systems raises concerns regarding interpretability, reliability, and ethical
governance. Addressing these gaps will be essential for advancing Al applications
in drug discovery, synthetic biology, proteomics, vaccine development, and
precision medicine.

CONCLUSION

The integration of artificial intelligence (Al) has significantly reshaped protein
science, shifting it from a field centered on observation to one driven by prediction
and rational design. Major breakthroughs, particularly AlphaFold2, have addressed
the long-standing protein folding challenge by predicting highly accurate three-
dimensional structures, thereby accelerating progress in de novo protein design,
interaction analysis, proteomics, and drug discovery. By processing vast and

complex biological datasets with speed and precision, Al has streamlined research
workflows and expanded possibilities across biotechnology, medicine, and
synthetic biology. Nevertheless, important challenges persist. Many Al models still
have limitations in capturing protein dynamics, complex biomolecular assemblies,
functional relationships, and the influence of the cellular environment, and their
lack of interpretability can hinder biological understanding. Addressing these
challenges will require more comprehensive and transparent Al frameworks that
integrate physical principles with multi-scale and multi-omics biological data
while maintaining ethical and responsible use. The future of protein science will
rely on effective collaboration between human expertise and Al-driven tools,
enabling deeper insights into molecular mechanisms and supporting the
development of innovative solutions for healthcare, sustainability, and
technological progress.

Acknowledgement: The authors would like to acknowledge the valuable
contributions of fellow researchers, whose work is cited in the references section,
for their insightful publications that have stimulated and enriched this review
paper. The tables and figures are made by the authors themselves and are not
copied from any sources.

Conflict of interest: The authors declare no conflicts of interest.
Funding: NA
REFERENCES

Al-Amrani, S., Al-Jabri, Z., Al-Zaabi, A., Alshekaili, J., Al-Khabori, M. (2021).
Proteomics: Concepts and applications in human medicine. World Journal of
Biological Chemistry, 12(2), 69. https://doi.org/10.4331/wjbc.v12.i5.57

Baek, M., et al. (2021). Accurate prediction of protein structures and interactions
using a three-track neural network. Science, 373, 876.

Baetu, T. (2015). Carl F. Craver and Lindley Darden: In search of mechanisms:
Discoveries across the life sciences. History and Philosophy of the Life Sciences,
36(4), 461. https://doi.org/10.1007/s40656-014-0038-6

Bordin, N., Dallago, C., Heinzinger, M., Kim, S., Littmann, M., Rauer, C.,
Steinegger, M., Rost, B., Orengo, C. (2023). Novel machine learning approaches
revolutionize protein knowledge. Trends in Biochemical Sciences, 48, 359.
https://doi.org/10.1016/j.tibs.2022.11.001

Burley, S. K., Bhikadiya, C., Bi, C., Bittrich, S., Chao, H., Chen, L., Craig, P. A.,
Crichlow, G. V., Dalenberg, K., Duarte, J. M., et al. (2023). RCSB Protein Data
Bank (RCSB.org): Delivery of experimentally determined PDB structures
alongside one million computed structure models of proteins from artificial
intelligence/machine  learning.  Nucleic ~ Acids  Research, 51, DS508.
https://doi.org/10.1093/nar/gkac1077

Chandramouli, K., & Qian, P. Y. (2009). Proteomics: Challenges, techniques and
possibilities to overcome biological sample complexity. Human Genomics and
Proteomics, 239204. https://doi.org/10.4061/2009/239204

Chen, L., Li, Q., Nasif, K. F. A., Xie, Y., Deng, B., Niu, S., Pouriyeh, S., Dai, Z.,
Chen, J., Xie, C. Y. (2024). Al-driven deep learning techniques in protein structure
prediction.  International Journal of Molecular Sciences, 25, 8426.
https://doi.org/10.3390/ijms25158426

Cianferoni, D., Vizarraga, D., Fernandez-Escamilla, A. M., Fita, 1., Hamdani, R.,
Reche, R., Delgado, J., Serrano, L. (2025). Artificial intelligence and first-principle
methods in protein redesign: A marriage of convenience? Protein Science.
https://doi.org/10.1002/pro.70210



https://doi.org/10.4331/wjbc.v12.i5.57
https://doi.org/10.1007/s40656-014-0038-6
https://doi.org/10.1016/j.tibs.2022.11.001
https://doi.org/10.1093/nar/gkac1077
https://doi.org/10.4061/2009/239204
https://doi.org/10.3390/ijms25158426
https://doi.org/10.1002/pro.70210

J Microbiol Biotech Food Sci/ Rehan & Sambhaji 2026 : 15 (5) e13736

Cui, F., Zhang, Z., Cao, C., Zou, Q., Chen, D., Su, X. (2022). Protein—DNA/RNA
interactions: Machine intelligence tools and approaches in the era of artificial
intelligence and big data. Proteomics, 22, €2100197.
https://doi.org/10.1002/pmic.202100197

Das, U. (2025). Generative Al for drug discovery and protein design: The next
frontier in Al-driven molecular science. Med Drug Discov, 27, 100213.
https://doi.org/10.1016/j.medidd.2025.100213

Fang, S., Wei, R., Cui, Y., Su, L. (2024). Advancing Al protein structure prediction
and design: From amino acid “bones” to a new era of all-atom “flesh”. Green
Carbon, 2, 210. https://doi.org/10.1016/j.greenca.2024.05.001

Gholap, A. D., & Omri, A. (2025). Advances in artificial intelligence-envisioned
technologies for protein and nucleic acid research. Drug Discovery Today, 30,
104362. https://doi.org/10.1016/j.drudis.2025.104362

Ghafarollahi, A., & Buehler, M. J. (2024). ProtAgents: Protein discovery via large
language model multi-agent collaborations combining physics and machine
learning. Digital Discovery, 3, 1409. https://doi.org/10.1039/d4dd00013g

Guo, L., Yu, Q., Wang, D., Chen, M. (2025). Generating the polymorph landscapes
of amyloid fibrils using AL: RibbonFold. Proceedings of the National Academy of
Sciences, 122,€2501321122. https://doi.org/10.1073/pnas.2501321122
Tkonomova, S., Wittmann, B., Piorino Macruz de Oliveira, F., Ross, D., Schaffter,
S., Vasilyeva, O., Strychalski, E., Horvitz, E., Diggans, J., Lin-Gibson, S., Taghon,
G. (2025). Experimental evaluation of Al-driven protein design risks using safe
biological proxies. Science, 370. https://doi.org/10.1101/2025.05.15.654077

Jin, S., Wu, Q., Fu, G., Lu, D., Wang, F., Deng, L., Nie, K. (2025). Breaking
evolution’s ceiling: Al-powered protein engineering. Catalysts, 15, 842.
https://doi.org/10.3390/catal15090842

Jumper, J., Evans, R., Pritzel, A., Green, T., Figumov, M., Ronneberger, O.,
Tunyasuvunakool, K., Bates, R., Zidek, A., Potapenko, A., et al. (2021). Highly
accurate protein structure prediction with AlphaFold. Nature, 596, 589.
https://doi.org/10.1038/s41586-021-03819-2

Khakzad, H., Igashov, 1., Schneuing, A., Goverde, C., Bronstein, M., Correia, B.
(2023). A new age in protein design empowered by deep learning. Cell Systems,
14, 939. https://doi.org/10.1016/j.cels.2023.10.006

Keyl, P., Bockmayr, M., Heim, D., Dernbach, G., Montavon, G., Miiller, K. R.,
Klauschen, F. (2022). Patient-level proteomic network prediction by explainable
artificial intelligence. NPJ Precision Oncology, 6, 1.
https://doi.org/10.1038/s41698-022-00278-4

Li, M. M., Huang, Y., Sumathipala, M., Liang, M. Q., Valdeolivas, A.,
Ananthakrishnan, A. N., Liao, K., Marbach, D., Zitnik, M. (2024). Contextual Al
models for single-cell protein biology. Nature Methods, 21, 1557.
https://doi.org/10.1038/s41592-024-02341-3

Langan, R. A, et al. (2023). Al-guided protein engineering for enhanced stability
and function. Nature Communications, 14, 512.

Longhi, S., Ventura, S., Macedo-Ribeiro, S., Radusky, L. G., Kovaéevi¢, J., Parra,
R. G., Andrade-Navarro, M. A., Kajava, A. V., Bednarikova, Z., Monzon, A.,
Vilaga, R. (2025). When artificial intelligence meets protein research. Open
Research Europe, 5, 185. https://doi.org/10.12688/openreseurope.20628. 1
Mahmoudi Gomari, M., Alidadi, M., Rostami, N., Bencherif, S. A. (2025).
Reshaping protein-based nanoparticles: Innovative artificial intelligence-driven
strategies for structural design and applications. Advanced NanoBiomed Research,
5,202500017. https://doi.org/10.1002/anbr.202500017

Nehete, J. Y., Bhambar, R. S., Narkhede, M. R., Gawali, S. R. (2013). Natural
proteins: Sources, isolation, characterization and applications. Pharmacognosy
Reviews, 7, 116. https://doi.org/10.4103/0973-7847.120508

Pandurangan, A. P., & Blundell, T. L. (2019). Prediction of impacts of mutations
on protein structure and interactions: SDM, a statistical approach, and mCSM,
using machine learning. Protein Science, 28, 1657.
https://doi.org/10.1002/pro.3774

Percudani, R., & De Rito, C. (2025). Predicting protein function in the Al and big
data era. Biochemistry, 64, 2352. https://doi.org/10.1021/acs.biochem.5c00186
Pikosky, M. A., Ragalie-Carr, J., & Miller, G. D. (2022). Recognizing the
importance of protein quality in an era of food systems transformation. Frontiers
in Sustainable Food Systems, 6, 1012813.
https://doi.org/10.3389/fsufs.2022.1012813

Pucci, F., Schwersensky, M., & Rooman, M. (2022). Artificial intelligence
challenges for predicting the impact of mutations on protein stability. Current
Opinion in Structural Biology, 72, 168. https://doi.org/10.1016/1.sbi.2021.11.001
Qiu, X., Li, H., Ver Steeg, G., & Godzik, A. (2024). Advances in Al for protein
structure prediction: Implications for cancer drug discovery and development.
Biomolecules, 14, 339. https://doi.org/10.3390/biom14030339

Radanliev, P. (2024). Artificial intelligence: Reflecting on the past and looking
towards the next paradigm shift. Journal of Experimental & Theoretical Artificial
Intelligence, 37, 1062. https://doi.org/10.1080/0952813x.2024.2323042

Rawat, A. (2024). Applications of artificial intelligence in science. International
Journal of  Pharmaceutical Science and Medicine, 2, 63.
https://doi.org/10.70199/ijpsm.2.2.53-63

Rial, R. C. (2024). Al in analytical chemistry: Advancements, challenges, and
future directions. Talanta, 274, 125949.

https://doi.org/10.1016/j.talanta.2024.125949

Robert, X., Guillon, C., & Gouet, P. (2025). FoldScript: A web server for the
efficient analysis of Al-generated 3D protein models. Nucleic Acids Research, 53,
W282. https://doi.org/10.1093/nar/gkaf326

Shao, Y., Yang, C., Ni, S., Pang, M., Liu, X., Kong, R., & Chang, S. (2025).
Applications and prospects of artificial intelligence in proteomics via mass
spectrometry: A review. Current Protein & Peptide Science, 26, 20.
https://doi.org/10.2174/0113892037368295250520102121

Schauperl, M., & Denny, R. A. (2022). Al-based protein structure prediction in
drug discovery: Impacts and challenges. Journal of Chemical Information and
Modeling, 62, 2. https://doi.org/10.1021/acs.jcim.2c00026

Schmidt, T. M. (2024). Integration of Al and machine learning in bioanalytical
chemistry: Opportunities and challenges. Journal of Bioanalytical and Biomedical
Research, 16, 1.

Senior, A. W., et al. (2020). Improved protein structure prediction using potentials
from deep learning. Nature, 577, 710. https://doi.org/10.1038/s41586-019-1923-7
Service, R. F. (2020). “The game has changed.” Al triumphs at protein folding.
Science, 370, 1145. https://doi.org/10.1126/science.370.6521.1144

Sen, R., et al. (2020). Deciphering interaction fingerprints with geometric deep
learning. Nature Methods, 17, 192.

Shaikh, F., & Uzgare, A. (2026). Efficient protein purification: From basics to
advanced analytical techniques—A review. Analytical and Bioanalytical Chemistry
Research, 13(1), 133—146. https://doi.org/10.22036/abcr.2025.545961.2420
Shaikh,F. Mohammed Rehan and Uzgare,A. Sambhaji (2026). Smart Analytical
Chemistry: Advances of Artificial Intelligence (Al) and Machine Learning (ML)
in Analytical and Bioanalytical Research- A Review. Analytical and Bioanalytical
Chemistry Research, 13(2), 147-158.

Srivastava, U. (2024). Al in proteomics data analysis: Revolutionizing protein
research. Cell Molecular Biology Biomedical Research General Intern Medicine.
Versini, R., Sritharan, S., Fas, B. A., Tubiana, T., Aimeur, S. Z., Henri, J., Erard,
M., Nisse, O., Andreani, J., Baaden, M., et al. (2023). A perspective on the
prospective use of Al in protein structure prediction. Journal of Chemical
Information and Modeling.

Villalobos-Alva, J., Ochoa-Toledo, L., Villalobos-Alva, M. J., Aliseda, A., Pérez-
Escamirosa, F., Altamirano-Bustamante, N. F., Ochoa-Fernandez, F., Zamora-
Solis, R., Villalobos-Alva, S., Revilla-Monsalve, C., Kemper-Valverde, N.,
Altamirano-Bustamante, M. M. (2022). Protein science meets artificial
intelligence: A systematic review and a biochemical meta-analysis of an inter-field.
Frontiers  in  Bioengineering  and  Biotechnology, 10,  788300.
https://doi.org/10.3389/fbioe.2022.788300

Wang, D., Tan, Z., Gao, J., Zhang, S., Shen, J., Lu, Y. (2025). Al4Protein:
Transforming the future of protein design. Science China Life Sciences, 68, 2890.
https://doi.org/10.1007/s11427-024-2906-3

Wang, H., Fu, T., Du, Y., Gao, W., Huang, K., Liu, Z., Chandak, P., Liu, S., Van
Katwyk, P., Deac, A., et al. (2023). Scientific discovery in the age of artificial
intelligence. Nature, 620, 47-60. https://doi.org/10.1038/s41586-023-06221-2
Wu, Y., Zhang, Y., Wang, K., Zhang, Z., Liu, Y., Chen, Y., Yin, T., Wang, X,
Liu, S. (2025). Revolutionizing anesthesia: Al-driven protein structure prediction
and its clinical impact. Anesthesiology Perioperative Science, 3, 38.
https://doi.org/10.1007/s44254-025-00122-5

Xu, Y., Liu, X., Cao, X., Huang, C., Liu, E., Qian, S., Liu, X., Wu, Y., Dong, F.,
Qiu, C. W, Qiu, J., Hua, K., Su, W., Wu, J., Xu, H., Han, Y., Fu, C., Yin, Z., Liu,
M., Hang, J. (2021). Artificial intelligence: A powerful paradigm for scientific
research. Innovation, 2, 100179. https://doi.org/10.1016/j.xinn.2021.100179
Yang, Z., Zeng, X., Zhao, Y., Chen, R. (2023). AlphaFold2 and its applications in
the fields of biology and medicine. Signal Transduction and Targeted Therapy, 8,
115. https://doi.org/10.1038/s41392-023-01381-z

Yu, C. H., Qin, Z., Martin-Martinez, F. J., & Buehler, M. J. (2019). A self-
consistent sonification method to translate amino acid sequences into musical
compositions and application in protein design using artificial intelligence. ACS
Nano, 13, 6418. https://doi.org/10.1021/acsnano.9b02180

Zhan, Z. H., Hong, J., Li, J. Y., Wang, C., He, L., Xu, Z., Zhang, J. (2025).
Artificial intelligence-based methods for protein structure prediction: A survey.
Artificial Intelligence Review, 58, 328. https://doi.org/10.1007/s10462-025-11325-
4

Yan, Y. (2025). Harnessing AI/ML for proteomics: Post-translational modification
prediction and proteome turnover imputation. Master’s Thesis, University of
California, Los Angeles.

Zhang, Y., Wu, Y., Wang, K., Zhang, Z., Liu, Y., Chen, Y., Yin, T., Wang, X,
Liu, S. (2025). Revolutionizing anesthesia: Al-driven protein structure prediction
and its clinical impact. Anesthesiology Perioperative Science, 3, 38.
https://doi.org/10.1007/s44254-025-00122-5



https://doi.org/10.1002/pmic.202100197
https://doi.org/10.1016/j.medidd.2025.100213
https://doi.org/10.1016/j.greenca.2024.05.001
https://doi.org/10.1016/j.drudis.2025.104362
https://doi.org/10.1039/d4dd00013g
https://doi.org/10.1073/pnas.2501321122
https://doi.org/10.1101/2025.05.15.654077
https://doi.org/10.3390/catal15090842
https://doi.org/10.1038/s41586-021-03819-2
https://doi.org/10.1016/j.cels.2023.10.006
https://doi.org/10.1038/s41698-022-00278-4
https://doi.org/10.1038/s41592-024-02341-3
https://doi.org/10.12688/openreseurope.20628.1
https://doi.org/10.1002/anbr.202500017
https://doi.org/10.4103/0973-7847.120508
https://doi.org/10.1002/pro.3774
https://doi.org/10.1021/acs.biochem.5c00186
https://doi.org/10.3389/fsufs.2022.1012813
https://doi.org/10.1016/j.sbi.2021.11.001
https://doi.org/10.3390/biom14030339
https://doi.org/10.1080/0952813x.2024.2323042
https://doi.org/10.70199/ijpsm.2.2.53-63
https://doi.org/10.1016/j.talanta.2024.125949
https://doi.org/10.1093/nar/gkaf326
https://doi.org/10.2174/0113892037368295250520102121
https://doi.org/10.1021/acs.jcim.2c00026
https://doi.org/10.1038/s41586-019-1923-7
https://doi.org/10.1126/science.370.6521.1144
https://doi.org/10.22036/abcr.2025.545961.2420
https://doi.org/10.3389/fbioe.2022.788300
https://doi.org/10.1007/s11427-024-2906-3
https://doi.org/10.1038/s41586-023-06221-2
https://doi.org/10.1007/s44254-025-00122-5
https://doi.org/10.1016/j.xinn.2021.100179
https://doi.org/10.1038/s41392-023-01381-z
https://doi.org/10.1021/acsnano.9b02180
https://doi.org/10.1007/s10462-025-11325-4
https://doi.org/10.1007/s10462-025-11325-4
https://doi.org/10.1007/s44254-025-00122-5

