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Abstract: This review critically examines the current landscape of protein biophysics, highlighting a 

significant epistemological divide emerging from the rapid advancement of predictive algorithms 

compared to the slower pace of experimental validation. While artificial intelligence models and 

inferential statistical methods can generate millions of in silico protein interactions, experimental 

biophysics remains limited by physiological and technical challenges, leading to a scarcity of 

confirmed, functional data. This imbalance creates an environment where hypotheses and large-scale 

interactome networks proliferate based on unverified interactions. This fosters a false sense of causal 

understanding, potential misdirection in therapeutic development, and overinterpreting omics datasets. 

The challenge becomes even more urgent with complex, multifactorial diseases such as cancer and 

viral infections. Recognizing this subtle but crucial disparity is essential for researchers in protein 

biophysics to navigate the evolving landscape effectively and to focus validation efforts that support 

meaningful scientific and clinical progress. The review emphasizes the critical need for rigorous 

experimental validation alongside rapid computational advances. It highlights key challenges, 

including complexities in protein folding, dynamics, membrane interactions, and quantum effects. It 

discusses emerging technologies such as AI-based structure prediction (e.g., AlphaFold), cryo-electron 

microscopy, and integrated biophysical approaches. The importance of multidisciplinary collaboration 

and orthogonal validation methods is underscored to enhance the reliability of protein interaction data. 

While technological advances promise to deepen our understanding of protein functions and their roles 

in health and disease, the review advocates for cautious integration of predictive models with 

meticulous experimental verification, ensuring the development of accurate, biologically meaningful 

insights poised to advance medicine and biotechnology. 
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1. Introduction 

Protein biophysics is a crucial field at the crossroads of biology, physics, and chemistry. It offers 

the quantitative tools to understand the complex mechanisms that control life. This discipline explains 

fundamental processes, from how individual polypeptide chains fold to the intricate interactions within 

cellular machinery, and has significant implications for advances in medicine and biotechnology [1]. 

Over the past decades, we have made significant progress in determining protein structures and 

understanding their functions, thanks to technological innovations and theoretical breakthroughs [1,2]. 

However, despite these achievements, major limitations still exist that hinder a full and dynamic 

understanding of protein behavior in the complex and constantly changing environment of a living cell [3]. 

This report seeks to analyze these current challenges in various areas of protein biophysics research 

and to examine promising opportunities and emerging technologies that are likely to overcome these 

obstacles, leading to a deeper understanding of the molecular foundations of life.  

Understanding the deep molecular mechanisms that cause cancer, viral, and many chronic 

diseases is the current frontier of human knowledge in the fight against these conditions [4]. One of 

the few reliable tools for studying metabolism at the molecular level is interactomics of protein–protein 

interactions. Protein biophysics is essential in this context. However, indirect algorithmic methods are 

significantly faster and more efficient than experimental approaches. As time progresses, the number 

of interactions identified through computational methods increasingly outnumbers those obtained 

through experiments. The issue with indirect methods is that they often contain a high level of 

misinformation, as they are based on predicted hypotheses that require experimental validation. This 

situation has created a speculative science filled with misinformation and unverified data, which 

consequently hinders progress in fields like cancer and viral disease research. [5]. What is the point of 

developing new techniques if they do not assist with the reckless use of methods that explain deep 

molecular mechanisms through unvalidated predictions? 

Predictive algorithms can generate millions of protein interactions in silico, and the speed 

difference arises because experimental biophysics relies on human intervention, which is significantly 

slower and more costly. This discrepancy creates an epistemological divide: while we have an 

abundance of hypotheses and vast interactome networks, there is a scarcity of confirmations and actual 

functional studies [6]. This asymmetry is leading to genuine scientific speculation resembling 

economic speculative bubbles. When articles, grants, and models are based on untested hypothetical 

interactions, they foster a false sense of causal knowledge, resulting in illusory therapeutic options and 

overinterpreting omics data. In the context of cancer and viral diseases, with highly multifactorial and 

dynamic conditions, this issue becomes even more critical. We should question why biophysical 

techniques are not “keeping pace” with predictive algorithms. The reasons are concrete and significant:  

1. Precision experimentation: Validating an interaction requires isolating it, reconstructing it in 

vitro or in cells, and quantifying its affinity and dynamics. 

2. Biological context: Interactions are often transient, conditional, or multiple, making them 

difficult to reproduce in the laboratory. 

3. Instrumental limitations: Even emerging techniques such as cryo-EM, in-cell NMR, and HDX 

have specific applicability ranges and do not always capture the complexity of the proteome. 

All stakeholders must recognize that technologies are tools to limit ambiguity, not shortcuts to 

finding ambiguity. These tools assist in revealing relevant and reproducible interactions, but do not 

verify every algorithmic output. Protein biophysics progresses slowly because it is meticulous. It 
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emphasizes molecular verification over speed, which is crucial for medical progress. If we do not limit 

the algorithmic creation of unvalidated interactomes, we risk developing a science that is more like 

science fiction. Progress is the accumulation of data and the extraction of truth from potential. 

Biophysics functions as one of the defenses working to preserve this vital boundary. 

The “proteome’’ is a fascinating and complex concept often oversimplified to around 20,000 gene 

products. However, the true complexity of the human proteome is much greater! It involves a dynamic 

interplay of alternative splicing, post-translational modifications (PTMs), diverse isoforms, and 

various states of molecular activity [7]. These factors vary significantly depending on the tissue, 

cellular environment, and time, generating a huge number of proteoforms [8]. Each proteoform must 

have a specific location, a method of function, and the right timing to pursue particular functions [7]. 

Excitingly, the estimated number of unique proteoforms exceeds what standard databases suggest, with 

some estimates indicating numbers greater than 10^6 up to 10^27. However, we should have an 

average of 100 proteoforms for each native protein [7]. Let us examine projects like HuRI (Human 

Reference Interactome) and the BioSNAP (Stanford Biomedical Network Dataset Collection) database. 

These initiatives gather interactions of biomedical interest by documenting experimentally validated 

physical interactions. We find that, on average, only about 10% of the collected interactions are 

validated. Which means that while a small number of interactions meet reliability requirements, they 

are insignificant when compared to the total number of existing proteoforms. All this illustrates not 

only the vastness of the proteome but also emphasizes the risks of reducing “the protein” to a simple 

term, which has led to some speculative bubbles in molecular science. It is essential to recognize the 

existence and risks of this bubble. If an interaction is not functionally or biophysically validated, it 

cannot be considered part of reliable molecular knowledge. While it may contribute to a hypothesis, a 

hypothesis alone is not a sufficient basis for therapy. Factors fueling this bubble include academic 

pressure to produce extensive data and impressive interactome networks, funding models prioritizing 

quantity over quality, and the misconception that omic correlations imply biological significance and 

causation. 

2. State of the art in protein biophysics 

Protein biophysics is one of the most dynamic and interdisciplinary fields in modern science [9]. 

Here is an overview of the key points of the current state of the art: 

1. Integration of structure, dynamics, and function: Proteins are not static entities; flexibility and 

conformational dynamics are essential to their function. Next-generation methods (cryo-EM, NMR, 

HDX, SAXS/SANS) enable the study of proteins under near-physiological conditions. 

2. Studying proteins in their native context: Techniques such as in-cell NMR and cryo-electron 

tomography facilitate in vivo analysis, revealing molecular interactions within the cell. The goal is to 

overcome the limitations of purified systems and to approach real biological conditions. 

3. Emerging technologies and multimodality: New platforms combine multiple methods to 

reconstruct energetic landscapes and interaction networks. Integrating paramagnetic NMR, spin 

labeling, and advanced imaging allows investigation of transient interactions and functional states. 

4. Intrinsically disordered proteins (IDPs). Thanks to IDPs, the traditional “structure-function” 

paradigm has been reformulated. These proteins perform structureless functions and are often involved 

in signaling, regulation, and neurodegenerative diseases. 

5. Role of artificial intelligence and computational models: Algorithms like AlphaFold have 
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transformed structural prediction. Big data analysis in proteomics and biophysics aids in identifying 

new therapeutic targets and understanding complex protein networks. 

In short, protein biophysics today is becoming increasingly interdisciplinary, quantitative, and 

contextual. It is evolving into a holistic-systemic view of the protein as a dynamic biological actor 

immersed in a highly variable environment [10]. The biomedical implications are significant. Protein 

biophysics is making an increasingly profound contribution to clinical research, transforming how we 

understand, diagnose, and treat diseases. Key areas where the impact is already evident include: 

1. Understanding molecular diseases: Biophysical techniques enable us to study pathological 

protein mutations, such as those involved in cancer, Alzheimer’s, Parkinson’s, and others. Through 

structural and dynamic analysis, previously undiscovered pathogenetic mechanisms are identified. 

2. Development of targeted therapies (drug design): New technologies facilitate precise modeling 

of drug–protein interactions. This rational approach helps optimize drug efficacy and reduce side 

effects. 

3. Biomarkers and advanced diagnostics: Changes in protein conformation or molecular dynamics 

can serve as early biomarkers. Techniques such as MS/HDX and NMR detect altered proteins in blood 

or tissue. 

4. Personalized therapies: Combining protein biophysics with omics and AI approaches enables 

precision medicine tailored to the individual patient's molecular profile. These methods help identify 

specific and dynamic therapeutic targets, even in multifactorial diseases. 

5. Real-time monitoring: In-cell and real-time NMR techniques provide tools to observe treatment 

effects directly in cells under physiological conditions. They enable rapid assessment of therapy 

effectiveness. 

Therefore, the future direction of protein biophysics in the clinical field increasingly points 

toward dynamic molecular medicine [11], shifting from mere observation to active interaction with the 

target protein. 

2.1. Inherent limitations facing protein biophysics 

Despite its impressive progress, protein biophysics faces several fundamental issues and hurdles. 

Here are some thoughts on the field’s inherent limitations: 

1. Complexity of biological systems: Proteins operate within intricate cellular environments, 

where many variables are beyond experimental control. Cells are complex systems, making precise 

predictions inherently difficult. Consequently, accurate reconstructions of molecular mechanisms are 

often incomplete or probabilistic [12]. 

2. High costs and extended timelines: Techniques like cryo-electron microscopy (cryo-EM), 

advanced nuclear magnetic resonance (NMR), and electron tomography require significant financial 

resources and specialized expertise. This complexity can result in lengthy data collection and analysis, 

slowing progress and complicating widespread clinical use. 

3. Difficulties in data interpretation: Results from these techniques are complex and 

multidimensional [13]. Substantial computational effort is usually needed to interpret the data, which 

can introduce errors or biases. 

4. Technological and solution constraints: Certain methods may not be suitable for studying 

highly dynamic, disordered, or low-concentration proteins. Consequently, artificial in vitro conditions 

might alter the proteins’ natural behavior [14]. 
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5. Risks of overinterpretation: Pursuing predictive models or “virtual” structures can lead to 

premature conclusions. Enthusiasm for tools like AlphaFold, without experimental validation, can 

create a false sense of understanding. It is important to remember that proteins are dynamic, utilizing 

their intrinsic flexibility for functions; AlphaFold models depict static snapshots. 

6. Interdisciplinary barriers: Effective collaboration between physicists, biologists, chemists, and 

clinicians is vital in protein biophysics. However, cultural and linguistic differences across disciplines 

can obstruct collaborative progress. 

Concluding, protein biophysics is a promising yet sensitive field that requires rigor, balance, and 

critical thinking. The goal is not merely to understand life at the molecular level but to do so 

systematically and ethically. 

3. Advances in protein biophysics 

3.1. Advances in understanding protein dynamics and function 

Analyzing protein dynamics involves a range of sophisticated techniques. Single-molecule 

FRET (smFRET) allows researchers to examine conformational changes and interactions at the 

individual molecule level, offering insights into dynamic processes that are often hidden in ensemble 

measurements [15]. High-speed atomic force microscopy (HS-AFM) enables real-time visualization 

of protein dynamics, capturing conformational changes and interactions as they happen [16,17]. NMR 

spectroscopy is a powerful tool for characterizing protein dynamics across different timescales, 

providing detailed information about backbone and side-chain motions [18]. Computational methods 

and molecular dynamics simulations facilitate the modeling and analysis of protein motions and 

conformational changes at atomic resolution, offering a theoretical framework for interpreting 

experimental data [19,20]. This combination of experimental and computational approaches gives a 

comprehensive view of the complex dynamics that regulate protein function. 

There is a growing emphasis in the field on understanding the complex relationships between 

protein structure, dynamics, and function, moving beyond the traditional focus on static structures. 

New computational methods are quickly and cost-effectively predicting protein dynamics, offering 

valuable tools for pharmacology and drug discovery by showing how proteins change shape during 

cellular processes [21,22]. Integrative approaches that combine evolutionary analysis with studies of 

protein dynamics [23] provide deeper insights into how mutations impact protein function, as seen in 

research on viral variants [24]. These advancements highlight the increasing recognition that protein 

flexibility and movement are essential to their function and are vital for developing a comprehensive 

understanding of biological systems. 

3.2. Cutting-edge techniques for functional characterization 

Characterizing protein function involves various innovative biophysical techniques. Native mass 

spectrometry (nMS) enables the study of protein complexes and their interactions under near-native 

conditions, providing information about stoichiometry and binding partners [25]. Surface plasmon 

resonance (SPR) is a label-free technique used to analyze biomolecular interactions in real-time, 

offering kinetic and affinity data [26]. Isothermal titration calorimetry (ITC) measures the thermodynamic 

parameters of biomolecular interactions, giving insight into the forces driving binding [27]. 
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Fluorescence spectroscopy remains a versatile method for examining protein conformation, dynamics, 

and interactions, often used to explore local environments and conformational changes [28]. These 

techniques, together with others like enzyme activity and cell-based assays, form a comprehensive 

toolkit for understanding the diverse functions of proteins. 

3.3. Understanding cell migration mechanisms at the atomic level 

Recent research has made a breakthrough in understanding how cells move by revealing the 

atomic-level assembly of filopodia, finger-like protrusions crucial for cell movement and linked to 

cancer spread [29,30]. Using advanced cryo-EM and sophisticated computational image analysis, 

scientists have shown the flexible and adaptive way that the protein fascin bundles actin filaments to 

create these structures [30,31]. This discovery solves a long-standing puzzle in the field and has 

important implications for developing more effective cancer treatments by targeting fascin’s role in 

cell migration. Being able to visualize such a complex protein assembly at the atomic level [32] marks 

a significant technological advance and opens the door for future studies of complex cellular 

components. 

3.4. Progress in single-molecule protein analysis 

Single-molecule techniques, including Förster resonance energy transfer (FRET), optical 

tweezers, and atomic force microscopy (AFM), play a vital role in protein biophysics by enabling the 

study of individual protein molecules. These methods reveal the heterogeneity and dynamic behaviors 

often hidden in ensemble averaging experiments [33−35]. Advances in fluorophore technology and 

customized labeling strategies improve the sensitivity and resolution of single-molecule fluorescence 

microscopy, allowing for more accurate measurements of biomolecular interactions and dynamics [36]. 

Single-molecule force spectroscopy techniques reveal the mechanical properties of proteins and their 

conformational changes under force, clarifying their stability and function [37]. These single-molecule 

approaches are essential for moving beyond population averages and uncovering the inherent diversity 

and dynamic nature of protein behavior at the most basic level. Ongoing developments in these tools 

and methods will broaden the range of questions that can be addressed, from detailed conformational 

dynamics to interactions within complex biological systems. 

3.5. Computational methods and AI-driven breakthroughs 

Computational methods, those leveraging the power of machine learning and artificial 

intelligence (AI), are revolutionizing various aspects of protein biophysics research [38]. AI algorithms, 

such as AlphaFold, have achieved remarkable accuracy in predicting protein structures from their 

amino acid sequences, addressing a long-standing challenge in the field [39]. Beyond structure 

prediction, AI is also applied to predict protein–protein interactions, design novel proteins with desired 

functions, and analyze the vast datasets generated from biophysical experiments [40−42]. Machine 

learning techniques are also being used to interpolate and extrapolate RNA fitness landscapes based 

on limited experimental data, providing a more comprehensive view of sequence-function 

relationships [43]. AI-powered methods are being developed to predict not only static structures but 

also protein dynamics and the ensemble of conformations that a protein can adopt, addressing a key 
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limitation of earlier prediction methods [44]. Applying AI is proving to be a transformative force in 

protein biophysics, enabling researchers to tackle intractable problems and opening up new avenues 

for discovery and protein engineering. AI is also being employed to predict protein interactions and to 

design new proteins with specific functions, opening new avenues for therapeutic development and 

other applications [46−48]. 

4. Advancements in structural biology techniques: future prospects and emerging technologies 

in protein biophysics 

4.1. Advanced techniques for structure determination 

Structural biology continually advances, with key techniques that address many current 

limitations [49−51]. Today’s state-of-the-art protein structure determination depends on a powerful 

combination of advanced experimental methods. Cryo-electron microscopy (Cryo-EM) consistently 

improves its resolution, automation, and sample preparation techniques. This progress broadens its 

ability to study various proteins and complexes, including those in different dynamic states and 

challenging targets like membrane proteins and spliceosomes [52]. Nuclear magnetic resonance (NMR) 

spectroscopy remains essential, offering unique insights into protein structures and dynamics in 

solution, especially for smaller proteins [50]. This data complements information from other structural 

methods. Time-resolved crystallography, which employs intense, ultrashort pulses generated by X-ray 

free-electron lasers (XFELs) and advanced synchrotrons, provides exceptional temporal resolution [53]. 

This technique enables researchers to capture dynamic processes, such as enzyme catalysis and 

conformational changes at the molecular level [54]. 

The growth of integrative structural biology involves combining data from multiple experimental 

techniques, such as Cryo-EM, X-ray crystallography, NMR, and mass spectrometry, with 

computational modeling [55]. This approach promotes a more comprehensive understanding of 

complex biological systems in their cellular environments. These improvements allow researchers to 

study intricate and dynamic systems more precisely and under physiologically relevant conditions. 

Integrating experimental methods with computational modeling provides a powerful way to determine 

complex protein structures. Highly accurate AI tools like AlphaFold represent a breakthrough in 

protein science, offering detailed structural information and transforming how biologists analyze 

proteins [55]. These advancements also facilitate the prediction of protein interactions and the design 

of new proteins, opening new possibilities for therapeutic development and other applications. 

4.2. Emerging biophysical methodologies 

Several emerging biophysical methodologies will enhance the field. Mass photometry, a new 

technique, allows for the characterization of biomolecules, including proteins and mRNA, at the intact 

level by measuring their mass through light scattering [56]. This method offers insights into 

biomolecule size, stoichiometry, and interactions, even for large and heterogeneous samples [57]. 

There is also a growing focus on automation and miniaturization in biophysical techniques, with high-

throughput methods and microfluidics being explored to improve the efficiency and capacity of sample 

analysis [58−60]. Advances in mass spectrometry, such as charge detection mass spectrometry, enable 

the characterization of large and complex biomolecules, including next-generation bio-therapeutics [61]. 
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New tools and approaches are being developed for high-throughput and comprehensive analysis of 

protein stability, a crucial parameter for both fundamental research and pharmaceutical development [62]. 

These emerging methodologies expand the biophysical toolkit, allowing researchers to study 

challenging systems and properties more efficiently and in greater detail. However, other technologies 

are still emerging and providing support for advanced protein structural and functional biophysics. Let 

us briefly examine them. 

Electron cryo-tomography (ECT or Cryo-ET) is an imaging technique that enables the 3D 

reconstruction of biological samples, such as macromolecular complexes, organelles, or even entire 

small cells, in a near-native, vitrified state [63]. ECT provides unprecedented insights into the cell's 

“molecular sociology”, allowing visualization of biomolecules within their native cellular environment 

without extraction or crystallization. It determines the 3D organization of macromolecular complexes, 

organelles, and their interactions within cells, capturing different conformational states of dynamic 

biological systems. This technique can visualize complexes within their crowded cellular environment 

at a molecular resolution of approximately 1–4 nm. 

SAXS/SANS (small-angle x-ray scattering/small-angle neutron scattering) are complementary 

small-angle scattering techniques used to analyze the overall size, shape, and quaternary structure of 

biological macromolecules (such as proteins, nucleic acids, and complexes) in solution, as well as their 

interactions and dynamics [64,65]. They examine structures at a mesoscopic scale, typically 1–100 nm. 

SAXS commonly determines the overall shapes of proteins and nucleic acids, oligomerization states, 

and conformational changes. SANS is especially suitable for studying large assemblies, membrane 

proteins (by matching out lipids), protein–ligand interactions, and hydration layers around 

biomolecules. Both techniques study molecules in solution under near-physiological conditions and 

can characterize flexible and heterogeneous systems [64,65]. SANS provides unique contrast variation 

capabilities. However, they offer low-resolution structural information, lacking atomic detail. They 

may face challenges such as aggregation issues and require specialized facilities, like synchrotrons for 

SAXS and neutron sources for SANS. 

In-cell NMR is an NMR spectroscopy technique that studies the structure, dynamics, and 

interactions of biomolecules inside living cells [66]. This method overcomes the limitations of 

traditional in vitro NMR, where scientists examine molecules in isolated, highly purified solutions, 

often far from their physiological environment. Using this technique, we can gain insights into native 

environment studies: post-translational modifications, drug delivery and target engagement, protein–

protein interactions (identifying and characterizing transient or weak interactions within the cellular 

milieu), and protein folding or misfolding [67]. It provides atomic-level information in a near-native 

setting and allows direct observation of biomolecular processes within living cells [68]. However, 

cellular crowding causes signal broadening and sensitivity issues, and the technique is limited to 

relatively small-to-medium-sized proteins or highly soluble domains.  

Real-time NMR (RT-NMR) uses NMR spectroscopy to observe biochemical or biophysical 

processes as they happen. This allows for direct monitoring of reaction kinetics, conformational 

changes, or interaction dynamics [69]. NMR spectroscopy supports the study of enzyme kinetics, 

tracking enzymatic reactions, identifying transient intermediates, and examining protein folding and 

unfolding. It also helps analyze the kinetics of folding or unfolding pathways, ligand binding, and 

metabolic activities. This technique provides high-resolution, real-time insights into dynamic 

processes and captures often difficult-to-detect transient intermediates [69]. However, it is best suited 

for relatively fast processes that occur within the NMR acquisition time, while low-concentration 
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species or rapid events might pose sensitivity challenges. 

Paramagnetic NMR/spin labeling for studying dynamics and transient interactions is a technique 

that combines NMR spectroscopy with the introduction of paramagnetic centers (unpaired electrons) 

into biomolecules [70]. The presence of these paramagnetic centers significantly alters the NMR 

signals of nearby nuclei, providing unique long-range structural and dynamic information that is difficult 

to obtain with conventional NMR [71]. It enables the study of long-range distance restraints (overcoming 

the distance limitations of traditional NMR) for determining structures of larger proteins and 

complexes, examining dynamics, mapping interaction interfaces (identifying binding sites and 

transient interactions), characterizing disordered regions, and exploring the structure and dynamics of 

membrane proteins, where crystallization or high-resolution NMR can be challenging [72]. This 

technique is sensitive to weak and transient interactions and can reveal low-population conformational 

states. Some limitations are noteworthy: it requires site-specific introduction of the spin label, often 

through cysteine mutations, and data interpretation can be complex, especially for highly dynamic 

systems [73].  

HDX (hydrogen-deuterium exchange) detected by MS and NMR is a biophysical technique that 

measures the exchange rate of backbone amide hydrogens with deuterons from the solvent [74]. The 

solvent accessibility and hydrogen bonding of these hydrogens influence this rate, providing insights 

into protein conformation, dynamics, and interactions. Either mass spectrometry (MS) [75] or nuclear 

magnetic resonance (NMR) [76] can detect HDX. Researchers use HDX-MS to study conformational 

changes, responses to ligand binding, protein–protein interactions, protein folding, stability, and 

epitope mapping (identifying regions of a protein that interact with antibodies). They also use it to 

investigate protein dynamics by examining the intrinsic flexibility and solvent accessibility of various 

protein regions [77]. Researchers employ HDX-NMR to analyze residue-specific dynamics, hydrogen 

bond stability (assessing the stability of individual hydrogen bonds in protein secondary structures), 

folding intermediates, and allosteric effects. HDX-MS can study large proteins and complexes but 

requires relatively small sample amounts. At the same time, HDX-NMR offers atomic-resolution 

insights into dynamics and hydrogen bonding, complementing HDX-MS by providing more detailed, 

site-specific information. Both techniques require careful control of experimental parameters. Data 

analysis can be computationally intensive for complex datasets, and detailed experiments may be time-

consuming [75,76]. Combining these biophysical techniques provides powerful, complementary 

methods to study the complex world of biological macromolecules, transitioning from static structures 

to dynamic processes in more native environments. 

4.3. Advances in membrane protein biophysics 

Membrane proteins, which make up a significant portion of the proteome and are crucial for 

various cellular processes such as transport, signaling, and maintaining cellular integrity, present 

unique challenges to biophysical studies [78,79]. Their inherent hydrophobicity, required for 

embedding within the lipid bilayer, makes them difficult to express, purify, and stabilize outside their 

native environment [78]. Getting sufficient quantities of pure and functional membrane proteins for 

biophysical analysis remains a major hurdle [80]. Traditional techniques like X-ray crystallography often 

struggle with membrane proteins because of the difficulty in forming well-diffracting crystals [80]. 

While cryo-electron microscopy (cryo-EM) has emerged as a powerful tool for studying these 

proteins [81], it can face limitations with smaller membrane proteins [82]. The size of the protein-
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membrane complex often restricts NMR spectroscopy, another valuable technique. Mimicking the 

native lipid environment in vitro, which is crucial for maintaining the structure and function of 

membrane proteins, remains a significant challenge [83,84]. The dynamic nature and potential 

heterogeneity of membrane proteins also complicate their analysis [85,86]. 

Advancements across various biophysical techniques [80,86] revolutionized the study of 

membrane proteins. Cryo-EM has become powerful for determining high-resolution membrane 

proteins and complex structures, often in near-native states, overcoming limitations of X-ray 

crystallography. Detergent-free methods for extracting and stabilizing membrane proteins, such as 

using nanodiscs with a wide variety of lipids and apolipoproteins, are improving the quality and 

functional relevance of samples for biophysical studies [86]. Integrative approaches combining 

structural biology, computational modeling, and functional assays provide deeper insights into the 

dynamics and interactions of membrane proteins within lipid bilayers. AI-based protein structure 

prediction tools, including those designed for membrane proteins, are accelerating the discovery and 

characterization of these challenging molecules [87]. Emerging techniques like mass photometry and 

advanced fluorescence microscopy provide a more comprehensive understanding of membrane protein 

behavior (other details in § 4.2). 

4.4. Exploring quantum mechanical effects in proteins 

Applying quantum mechanics to understand protein function is an emerging and exciting frontier 

in biophysics [88,89]. Researchers are exploring phenomena such as quantum tunnelling in enzyme 

catalysis, quantum coherence in energy transfer processes within proteins, and the potential role of 

quantum entanglement in biological systems [90,91]. Advances in experimental techniques, including 

ultrafast spectroscopy and single-molecule manipulation, are enabling the investigation of these subtle 

quantum effects [92,93]. Computational methods, like hybrid quantum-classical approaches, are being 

developed to model and simulate quantum phenomena in proteins, providing insights into their 

functional significance [94]. The field of quantum biology seeks to uncover how these complex 

quantum mechanical effects might contribute to the remarkable efficiency and specificity observed in 

biological processes involving proteins [95]. Quantum biology stands as one of the most 

interdisciplinary fields ever created. Protein quantum biophysics research will use quantum computing 

for protein structure prediction, leading to innovative projects [96,97]. Combining AI and biophysical 

modeling will develop novel approaches to improve protein design for therapeutics such as antibodies 

and vaccines [86,87]. Although predicting single amino acid changes remains challenging, ongoing 

research continues to improve methods applicable to vaccine development [96]. Future studies in this 

area aim to reveal new mechanisms behind protein function and inspire advancements in fields like 

medicine and materials science. 

5. Current limitations in protein biophysics research 

5.1. Challenges in deciphering the protein folding problem 

The protein folding problem, which involves understanding the thermodynamic principles that 

control a protein’s native structure, explaining the kinetic pathways it takes to reach this state, and 

predicting its three-dimensional structure from its amino acid sequence, remains a key challenge in 
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biophysics [98,99]. However, significant difficulties still exist with larger, multi-domain proteins or 

those embedded in cell membranes [98−100], even though researchers have made notable progress in 

predicting the structures of smaller proteins. 

The cellular environment, characterized by a high concentration of macromolecules, significantly 

influences the folding process, which is often difficult to replicate and study in vitro [101,102]. The 

many conformations, even for a medium-sized protein as described by Levinthal’s paradox [103], 

highlight the complexity of folding. This shows that proteins must follow complex pathways to reach 

their native state within biologically relevant timeframes. We still lack a full understanding of these 

pathways and the factors that drive them [101,102]. As a result, achieving high accuracy, especially 

for complex systems, remains challenging [104] even though computational methods have made 

substantial progress in predicting protein structures [105]. This advancement will persist until training 

data encompasses a broader range of proteins and AI’s role expands from prediction to the actual study 

of protein folding. 

5.2. Limitations of current biophysical techniques for protein analysis 

Investigating proteins depends on various biophysical techniques, each with strengths and 

limitations [106]. Cryo-electron microscopy (cryo-EM) has become a groundbreaking tool for 

determining the structures of large biomolecular complexes, often at near-atomic resolution [107]. 

However, it can sometimes offer lower resolution compared to X-ray crystallography, and issues 

related to sample preparation—such as protein adsorption and denaturation at the air–water interface—

can still affect the quality of results [108−110]. X-ray crystallography, a core technique in structural 

biology, requires proteins to form well-ordered crystals, a condition that not all proteins meet, 

especially those that are fluctuating or membrane-associated [111]. Smaller and medium-sized proteins 

are suitable for nuclear magnetic resonance (NMR) spectroscopy, a non-invasive method that provides 

valuable information about protein dynamics in solution [112,113]. Studying membrane proteins and 

receptors, key drug targets, poses significant challenges for many biophysical measurements because 

of their hydrophobic nature and the need to maintain a lipid environment mimicking biological 

membranes [114,115]. Fully characterizing heterogeneous complexes and bio-therapeutics remains 

difficult, as current analytical methods often cannot provide a complete picture [116]. The limitations 

inherent to each technique highlight the importance of integrated approaches to achieve a more 

comprehensive understanding of protein behavior. Reproducing the native cellular environment in 

vitro, especially for techniques sensitive to buffer conditions and molecular crowding [117], remains 

a persistent challenge. In Table 1, we compare some fundamental methods and their key strengths and 

limitations. 
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Table 1. Strengths and limitations of current biophysical techniques. 

Technique Key strengths Key limitations 

Cryo-EM Large, dynamic, membrane-

associated molecules can be 

resolved at near-atomic 

resolution. 

Can have lower resolution than 

X-ray crystallography, 

specialized equipment, and 

sample preparation required. 

X-ray crystallography High resolution, well-

developed, and widely adopted. 

Not all proteins crystallize well; 

not suited for large, dynamic, or 

membrane-associated 

molecules. 

NMR spectroscopy Non-invasive, provides 

dynamic information, well-

suited for small/medium 

proteins. 

Limited to smaller-to-medium-

sized molecules. 

Mass spectrometry The method features high 

sensitivity, high specificity, 

high throughput, and provides 

both qualitative and 

quantitative data. 

There is no single method for 

identifying all proteins; 

hydrophobic and basic peptides 

pose challenges. 

Single-molecule FRET Studies individual molecules, 

reveals heterogeneity and 

dynamics. 

Can be complex to establish 

and interpret; limited distance 

range. 

5.3. Difficulties in studying protein dynamics 

A significant frontier in protein biophysics is the comprehensive characterization of protein 

structural dynamics, encompassing the wide range of motions from rapid local fluctuations to slower 

global conformational changes [106,118]. Many current computational tools excel at predicting static 

protein structures but often cannot capture the inherent dynamic nature of these molecules, which is 

essential for their biological function [119]. Understanding how these observed dynamics relate to specific 

biological functions and mapping the underlying energy landscapes that govern these movements are 

complex endeavors. Modeling the unfolded state of a protein and characterizing the ensemble of 

conformations it adopts along the folding pathway also remain open questions in the field [120]. The 

effects of macromolecular crowding, phase transitions, and post-translational modifications on protein 

dynamics, as part of the intricate intracellular environment, remain unexplained [121,122]. The field 

is transforming “dynamic structural biology”, recognizing the critical role of protein motion [123]. 

However, the tools and methodologies required to capture and interpret this dynamism [124], 

especially within the complex cellular context, are still under development. Deciphering the energy 

landscape that dictates these dynamics is also a significant challenge in accounting for entropic 

contributions and the complexities introduced by the cellular milieu. 

5.4. Challenges in predicting protein interactions and assemblies 

Predicting how proteins interact and form larger assemblies is crucial for understanding cellular 
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processes, yet it remains a significant challenge even with recent advancements in AI-driven structure 

prediction [125]. While tools like AlphaFold have shown remarkable success in predicting individual 

protein structures, modeling the interfaces between interacting proteins and predicting the structures 

of protein complexes—especially those involving substantial conformational changes upon binding—

is more difficult [126,127] because it requires knowledge of structural dynamics. Current AI-based 

methods often struggle with predicting multi-chain assemblies, only providing a snapshot of the 

structure. They lack information about ligands, ions, and cofactors that are usually essential for 

function. Capturing the dynamic nature of protein–protein interactions, including conformational 

changes during binding, presents a significant challenge for computational approaches [128]. The 

inaccuracy of energy functions and limitations on the time and length scales sampled often hinders the 

reliability of these predictions [129,130]. The accurate prediction of dynamic interactions and 

assemblies that underpin biological functions remains a major obstacle, despite significant progress in 

static structure prediction [131,132]. 

5.5. Protein interactions in the cell 

The protein–protein interaction within the cell is an essential but less-perceived point [133,134]. 

Understanding who interacts with whom at different spatial and temporal scales is crucial for medicine. 

The proteins encoded execute a genetic program, but the proteins produced by a cell at a time and in 

each location make up its “proteome”, whose components differ from native proteins because they are 

chemically modified. The proteome is much more dynamic than the genome: it changes during 

development and in response to external stimuli. Proteins form large interaction networks that regulate 

and support each other. Protein interaction networks (PPINs) show physical interactions between 

different proteins, creating a complex network that graphs can analyze [135,136]. Critical conditions 

such as cellular stress or disease can affect them, revealing how proteins respond and adapt to such 

situations [137]. Many studies that build models of protein–protein interactions rely on techniques 

such as co-immunoprecipitation, yeast two-hybrid, or computational approaches. These instruments 

often cannot accurately reflect the biological setting despite their potency. Lacking direct experimental 

validation, interpretations of these interactions risk being speculative, especially within complex 

systems such as human metabolism [138]. This issue raises a fundamental question in the biophysics 

of complex biological systems: how much can we trust theoretical models, and how can we balance 

their use with concrete experimental data? Lack of validation can lead to biases in the proposed 

metabolic pathways and affect understanding of the biological significance of signaling pathways. 

From a critical perspective, this also limits the development of targeted therapies because drugs 

designed for unvalidated interactions risk being less effective or having unpredictable effects. 

Listing proteins is not enough to understand the cellular mechanism; it is also necessary to outline 

all the interactions between them. Proteins work in groups and all together to perform a biological 

function. Only the reliability and certainty of their interactions allow accurate prediction of the causal 

molecular mechanisms of metabolism and pathological states, for example, through interactomics. 

Therefore, researchers should study the interactions between individual proteins using genetic, 

biochemical, and biophysical techniques. In this way, we get certain and reliable information. However, 

the speed with which computational methods predict new proteins has created the need for high-

throughput interaction detection methods [139,140]. In response to these identified needs, researchers 

have developed comprehensive digital methodologies that have recently generated substantial volumes 
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of data on interactions. These advancements are instrumental in enhancing our understanding of these 

complex dynamics. These interactions are indirect and thus lack the certainty and reliability that 

experimental methods offer. They can often be reliable hypotheses, but experiments must validate them. 

To date, we still have little knowledge about where, when, with whom, and how a protein functions in 

the complex system of metabolic departments and cellular compartments, not forgetting existing 

membraneless organelles. Therefore, a preliminary critical assessment of their accuracy, biases, 

overlaps, and complementarities is essential for using these data. 

5.6. Critical issue in protein interactions in the cell 

Today’s molecular biology and omics research suffers from a critical flaw: insufficient use of 

protein biophysics to validate hypothesized interactions. The dynamic complexity of the proteome, 

much more elusive than the static genome, makes the entire field of protein interaction networks 

(PPINs) a vast and still little-explored territory. The critical issues in today’s research are: 

1. Proteome and native proteins: A cell’s proteome varies depending on the context because 

decoded proteins can differ from the “native” ones. This reflects a vast gap in our understanding: 

quantifying and characterizing proteins under specific physiological conditions is still challenging.  

2. PPIN and experimental validation: While a powerful approach, protein interaction networks 

suffer from limited experimental validation. Direct experiments have validated around 10% of the 

interactions identified in the human proteome [141]. This introduces a lot of “noise” in our theoretical 

models and risks leading us down potentially incorrect interpretative paths.  

3. “Wet” vs. computational laboratories: Computational tools and AI possess immense strength, 

yet they rely on a sturdy foundation of experimental knowledge, particularly in protein biophysics 

methods, to be trustworthy [142]. Without it, we risk overestimating the ability of models to predict 

and explain real biological phenomena. The AI infrastructure layer includes data, storage, computing 

power, ML algorithms, and the AI framework. However, they still lack critical decisions based on the 

fundamental principles that have guided scientific research for centuries. Based on experience and 

verifiable facts, scientific knowledge uses observation and experimentation to collect data, interpreting 

phenomena by mathematics to arrive at demonstrable conclusions [143]. 

4. Balanced management between AI and experimental research: We cannot effectively manage 

the integration of computational and experimental science consciously [144]. Unlike other fields, 

automation and AI in biomedicine involve both physical and data processing. This process will take 

time, but it also requires a change of mindset and significant investments in training and research 

methods. We need to return to the scientific rigor of experimentation from the last century. However, 

at the core of everything is the same question Alan Turing asked years ago: Can machines think? [145]. 

A fascinating issue whose answer is beyond the scope of this review. 

5.7. The significance of high-quality protein–protein interactions in cancer  

For the sake of clarity, I would like to give an example. A PubMed search for “HCC” OR 

“hepatocarcinoma” OR “hepatocellular carcinoma” yielded 400,277 articles since 1950. However, 

despite 75 years of research, not all HCC researchers agree that we are on the right track to an effective 

cure. Let us consider the main molecular signaling pathways that characterize hepatocellular 

carcinoma (HCC) and that contribute to its progression and aggressiveness. They include the TGF-B 
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pathway, PD-L1, HDAC2-AS2, Wnt/β-catenin, MAPK/ERK, PI3K/AKT/mTOR, the Notch pathway, 

and others that we can exemplify in the following set of 27 proteins: VEGF, IFNG, Ras, Raf, MAPK, 

ERK, PI3K, Akt, mTOR, CTNNB1, WNT, JAK, STAT, Hippo, YAP, TAZ, SHH, PTCH1, SMO, 

NOTCH1, NOTCH2, NOTCH3, NOTCH4, Dll4, TGFB, PDL1, HDAC2. These proteins are involved 

in HCC and its progression [146−149]. But they are also all proteins we can input into STRING, one 

of the most potent online computational analysis platforms [150,151]. The 27 proteins, if used as 

functional seeds, can extract from the human proteome all the counterparts with which they have 

functional relationships.  

Before using the analytical approach (enrichment) to reveal the most significant and functionally 

relevant portions of the network of molecular interactions in this biological context, it is instructive to 

understand which functional relationships exist between these proteins. Since proteins operate in the 

same pathology, we expect they should show strong functional relationships with each other. Here, we 

are not interested in the characteristics of the interactome itself, but in an accessory evaluation 

performed by STRING. We will consider only the quality of interactions of these proteins, ignoring 

the properties of their edges and nodes and their architecture. This way, we can better glimpse some 

organizational principles underlying these systems. In Figure 1, I report two graphs of the 27 proteins 

calculated with two confidence scores, 0.400 and 0.900. The first, of average value, being less 

significant, does not filter most of the heterogeneous information present in the literature on these 

proteins. The second collects only the most critical interactions (with the highest confidence). In this 

way, we can distinguish the specific relationships that exist between them. 

 

Figure 1. Confidence score graphs of 27 proteins contributing to HCC progression and 

aggressiveness. 

Left graph: relationships between the 27 proteins with a confidence score of 0.400. The graph 

shows a compact central part and 5 unconnected proteins. Thin edges identify weak and poorly defined 

interactions. The key parameters are as follows: number of nodes, 27; number of edges, 92; average 

node degree, 6.81; avg. local clustering coefficient, 0.666; expected number of edges, 34; PPI 
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enrichment p-value, 1.11e-16. 

Right graph: relationships between the 27 proteins with a confidence score of 0.900. The graph 

shows three unconnected subgraphs and 12 disconnected proteins. Topological parameters are as 

follows: number of nodes, 27; number of edges, 16; average node degree, 1.19; avg. local clustering 

coefficient, 0.438; expected number of edges, 3; PPI enrichment p-value, 9.18e-07. There is a 

difference in the relationships between proteins when we require greater significance. 

STRING allows the export of a TSV file that reports each protein–protein interaction for each 

source channel (seven channels) in terms of a confidence score. Through this analysis, it is possible to 

evaluate both the composite origin of each interaction and the contribution of each channel to the 

definition of the total interaction score. One of these channels contains data related to the experimental 

determinations. The short-TSV-interactions file shows the individual interactions (one by one). The 

rigor of the criteria used to identify the interactions varies between the source channels; therefore, they 

differ in content and quality. From this file, we can evaluate the overall number of interactions 

validated by the experiments and their reliability. To achieve this, we need to isolate the most 

statistically significant experimental interactions by selecting them using the confidence score of 0.900 

(maximum confidence) and 0.700 (high confidence) as filters. We can classify these interactions as 

certain and reliable. Table 2 shows that the experiments validate only four interactions as reliable and 

certain. What is surprising is the high score (0.900) in the two channels of Text Mining and annotated 

database, even in the absence of experimental data. The question to ask is: What is the origin of this 

data without validation? As an example, I suggest checking the interaction IFNAR1-IFNG. 

Table 2. Distribution of interactions between crucial proteins for HCC. 

 

Enriching with 500 first-order proteins (only direct interactions) and no specific filtering, we can 

calculate an interactome (not shown), which is based on over 10,000 scientific articles that the 

STRING AI has extracted from PubMed (all downloadable). We can notice a significant p-value (< 

1.0e-16) and a compact architecture of 527 nodes that produce 31,869 interactions with 9085 

functionally enriched terms in 15 functional categories. The network architecture reflects cellular 

localization, biological process, and molecular function, enabling the functional characterization of the 

proteins. Based on current scientific literature, this graph represents the entire molecular knowledge 

of HCC that induces disease progression in humans. But as before, we are not interested in the 

characteristics of the interactome itself. From the downloadable file about interactions, we can 

extract 285 interactions of the highest confidence and 230 interactions of high confidence. These 

interactions represent 0.89% and 0.72% of the total, thus showing that only 1.61% of the interactions 



349 

AIMS Biophysics  Volume 12, Issue 3, 333−374. 

have experimental validation, which means nothing. This explains why HCC remains a deadly cancer 

even today. Verification of interactions should be a mandatory prerequisite for researchers before 

starting any scientific study of protein interactions in human metabolic pathways. These considerations 

related to HCC are not novel [5]. However, it is important to note that many studies discuss the 

molecular causes of human disease, analyzing many interactions, but without considering how many 

of these are certain, as confirmed by experiments [152]. Therefore, the emphasis on real experimental 

data is essential to provide the clarity and precision necessary to improve scientific rigor in this field. 

5.8. High false positive and false negative rates in high-throughput studies 

5.8.1. Yeast two-hybrid (Y2H) screens and affinity purification-mass spectrometry (AP-MS) 

These are foundational high-throughput methods for discovering PPIs. However, they have 

significant rates of false positives (interactions detected that do not occur physiologically) and false 

negatives (true interactions that are missed) [153,154]. 

1. Case study implication: Later comparisons reveal that many early interactome maps generated 

by these methods had limited overlap with maps generated by different methods or maps whose 

individual interactions underwent rigorous validation. This led to a consensus that no single high-

throughput method suffices for defining a reliable interactome, and orthogonal validation methods are 

critical [155]. 

2. Example: Studies comparing early large-scale Y2H datasets for Saccharomyces cerevisiae (yeast) 

revealed relatively poor overlap, leading to debates about the “true” interactome size and the reliability 

of individual interactions. Researchers often found that only a fraction of interactions were 

corroborated by multiple methods [156,157]. 

5.8.2. Context-dependency and transient interactions 

1. Physiological vs. experimental conditions: Proteins interact differently depending on the 

cellular context (e.g., cell type, developmental stage, presence of other molecules, post-translational 

modifications, cellular localization). An interaction observed in vitro might not be physiologically 

relevant in vivo [158]. 

2. Case study implication: Many PPIs are transient, forming and dissociating rapidly to regulate 

cellular processes (e.g., signaling pathways). These are notoriously difficult to capture by many 

experimental methods, which often favor stable complexes. If these are missed or misinterpreted, 

understanding dynamic cellular processes is flawed [159,160]. 

3. Example: The interactions involved in signal transduction pathways (e.g., kinases and their 

substrates) are often transient. Capturing these precisely requires specialized techniques to monitor 

dynamic binding events, and relying solely on methods that capture stable complexes can lead to an 

incomplete picture [161,162]. 

5.8.3. Indirect vs. direct interactions 

1. Mediated interactions: Some experimental methods (especially co-immunoprecipitation 

followed by mass spectrometry) detect proteins that are part of the same complex, but not necessarily 
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in direct physical contact [163]. Without further validation, by using methods like yeast two-hybrid, 

FRET, or structural biology, researchers might mistakenly interpret an interaction as a direct binary 

link. 

2. Case study implication: Assuming all co-purified proteins directly interact can lead to incorrect 

network topologies and functional assignments [164]. 

3. Example: A protein might pull down a large complex, and while all components are part of the 

complex, only a few directly interact with the “bait” protein. Without follow-up binary interaction 

assays, one might falsely infer direct interactions between all components [165,166]. 

5.8.4. Intrinsic disorder and promiscuity 

1. Intrinsically disordered regions (IDRs): Many proteins contain IDRs that are highly flexible 

and can adopt different conformations to interact with multiple partners. This “fuzziness” makes their 

interactions complex and sometimes promiscuous [167]. 

2. Case study implication: Predicting and experimentally validating interactions involving IDRs 

is particularly challenging. Traditional structural methods might not capture the full range of binding 

modes, and computational predictions (even with advanced tools like AlphaFold-Multimer, though it 

is improving) can struggle with the dynamic nature of these interactions. Incorrect assumptions about 

rigid body interactions can lead to errors [168]. 

3. Example: The p53 tumor suppressor protein has extensive IDRs that allow it to interact with a 

vast array of proteins and nucleic acids, mediating its diverse cellular roles. Characterizing the specific 

binding modes and partners of p53’s IDRs for each function requires careful validation to avoid 

misinterpreting its complex regulatory network [169]. 

5.8.5. Technical limitations and artifacts 

1. Method-specific biases: Each PPI detection experimental method has its limitations and biases. 

For instance, Y2H can suffer from protein expression, localization, and auto-activation issues. AP-MS 

biases results toward abundant proteins or those forming stable complexes. 

2. Case study implication: Over-reliance on a single method, or a lack of understanding of its 

limitations, can lead to the propagation of artifacts into databases and subsequent downstream analyses 

[170,171]. 

3. Example: Early Y2H screens occasionally reported interactions that were later found to be due 

to self-activating bait proteins or nonspecific binding, rather than true biological interactions [156,172]. 

5.8.6. The drug BIA 10-2474 case 

Unfortunately, some clinical trials have resulted in serious errors, such as the case with the drug 

BIA 10-2474. This drug, which was an FAAH enzyme inhibitor, was being developed for chronic pain 

and neurological disorders. Initial predictions using in silico models suggested selective and safe 

interactions; however, both biophysics and functional interactomics were either not utilized or 

underestimated, and potential off-target proteins were not taken into account. The consequences were 

severe. During the clinical trials, one patient tragically died, while others suffered significant 

neurological damage. Proper biophysical analysis could have identified off-target interactions with 
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critical proteins [173,174]. 

5.8.7. SARS-CoV-2 and the exploded interactomes 

An emblematic case is what occurred following the spread of the SARS-CoV-2 viral infection. 

At the start of the COVID-19 pandemic, numerous studies predicted hundreds of virus–cell 

interactions [175]. Biophysical techniques (NMR, SPR, MS) confirmed only a very small portion. The 

results caused confusion about therapeutic targets and led to many drug repurposing failures. Rushing 

too quickly resulted in unstable and sometimes inconsistent outcomes [176,177]. 

6. The need for validation  

A key point in many current fields is the absolute need for experimental validation of protein–

protein interactions (PPIs) [178,179]. Without it, computational predictions or indirect associations 

can cause misleading functional interpretations. The field abounds with examples showing these 

complexities and the challenges of accurately mapping PPIs. Various areas and types of “errors” or 

complexities exist, which many case studies can show [180]. While experimentation is essential, 

computational approaches like machine learning models assist in predicting protein binding 

affinities [181,182]. However, these predictions require experimental validation. This validation process 

makes it easier to visualize protein structures, improving our understanding of their functions [183]. 

Despite the insights provided by computational models, it is essential to experimentally verify protein 

binding affinities to ensure their accuracy and reliability, as Wang notes. This validation step is 

fundamental to molecular biology [184]. Experimental validation is crucial in biomedical research for 

multiple reasons. While machine learning models can generate promising predictions, it is essential to 

verify that these predictions hold true in real-world settings. Conducting experiments helps identify 

and correct errors in data or models, ensuring that conclusions are based on dependable evidence. 

Therefore, experimental validation is vital for translating scientific discoveries into clinical 

applications, such as new treatments or diagnostics, by confirming their effectiveness and safety for 

humans. Moreover, biomedical research often must comply with strict regulatory standards; obtaining 

approval from agencies like the FDA requires comprehensive validation. 

Furthermore, the validation process allows researchers to explore new ideas and approaches, 

promoting innovation in biomedicine. Validating results builds trust in biomedical research, fostering 

confidence among researchers, the public, and funders. It is essential to ensure that scientific 

discoveries are not only theoretically sound but also practical and safe in a clinical setting. In particular, 

experimental data on protein–protein interactions are critical for research because they provide some 

of the few reliable tools to thoroughly investigate the molecular mechanisms of metabolism at the 

microscopic level [185,186]. However, limitations exist in computational methods for predicting 

virus–host interactions, which must also be addressed. These include: 

1. Data quality 

Bias and incompleteness: Datasets often contain biases or lack information, which can lead to 

inaccurate predictions. 

Data variability: Variations in viral strains and variants can influence predicted interactions. 

2. Inadequate models 

Model simplicity: Many computational models fail to fully capture the complexity of biological 
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interactions. 

Incorrect assumptions: Assumptions within models may not accurately reflect biological reality, 

resulting in misleading conclusions. 

3. Cell dynamics 

Dynamic interactions: Interactions between viruses and cells are fluid and can change over time, 

making accurate predictions more difficult. 

Microenvironment: Factors from other cells or the surrounding environment can influence interactions 

but are often overlooked in models. 

4. Computational limitations 

Processing capacity: Complex simulations demand significant computational resources, which can 

limit the scale and precision of analyses. 

Computational time: Running complex models can take a considerable amount of time, delaying the 

production of results. 

5. Experimental validation 

Verification difficulties: Validating predicted results through in vitro or in vivo experiments is often 

challenging, which can reduce confidence in these predictions. 

Discrepancies between models and experiments: Differences between computational and experimental 

results can undermine trust in computational methods. 

In conclusion, despite these challenges, computational approaches remain a valuable tool for studying 

virus–host interactions. However, they should be complemented with experimental methods to 

improve prediction accuracy. 

6.1. The solution and the importance of validation 

Understanding these complexities has driven the scientific community to emphasize: 

1. Orthogonal validation: Using multiple, independent experimental methods to confirm a 

predicted or initially detected interaction [187,188]. 

2. Quantitative assays: Moving beyond binary “yes/no” interactions to measure binding affinities 

(Kd), kinetics (on/off rates), and stoichiometry [189]. 

3. Contextualization: Performing experiments in physiologically relevant conditions (e.g., in cells, 

in specific subcellular compartments, considering post-translational modifications) [190]. 

4. Structural characterization: Determining the atomic-level structures of protein complexes to 

provide definitive proof of direct interaction and insights into the binding interface [191]. 

Although the scientific process corrects these errors and retractions are infrequent, the broader 

story of the field’s development in PPI research implicitly shows the distortion of published functional 

results because of unvalidated PPIs. The ongoing refinement of high-throughput methods, the push for 

more rigorous validation, and the creation of advanced structural and biophysical techniques are all 

responses to the inherent complexities and the potential for misinterpretation in protein interaction data. 

7. The gap between in vitro and in vivo studies 

The interior of a living cell is a crowded and dynamic environment, filled with a vast array of 

macromolecules and undergoing fluctuations [133]. This complex environment can affect protein 

behavior in ways that are not always reflected in the dilute solutions used for in vitro biophysical 
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studies [83,133]. Understanding how proteins function within this native cellular context, including 

the impact of macromolecular crowding and confinement on their structure, dynamics, and interactions, 

is essential for a complete picture of their roles in biological systems [83]. Bridging the gap between 

the well-controlled conditions of in vitro experiments and the inherent complexity of in vivo systems 

requires innovative approaches and techniques that can probe protein behavior within the cellular 

milieu. In vitro studies provide invaluable fundamental insights into protein properties, while in vivo, 

the intricate cellular context often limits their direct relevance to the actual behavior of these molecules 

within the cell. Developing methods to study proteins in their native environment is crucial for a more 

accurate understanding of their function in living organisms. 

8. The critical example of a tiny membrane protein, ORF7b of SARS-CoV-2 

We have examples where the distortion of a biomolecule’s biological role produces a chain of 

incorrect conclusions in the scientific literature. This can happen for several reasons, including, for 

example, the use of information without direct experimental controls or the misleading interpretation 

of data. Unfortunately, these distortions can persist for a considerable time, affecting the understanding 

of that area and delaying scientific progress. The example I would like to give falls in the biophysics 

of membrane proteins and is creeping and subtle but quite common, even if not perceived by 

researchers. Excessive reliance on initial, unvalidated studies leads to a lack of control in defining a 

scientific project. 

ORF7b is a small accessory protein of SARS-CoV-2 [192]. In analogy to its SARS-CoV 

homologous counterpart, researchers describe this protein as “highly hydrophobic” and classify it as a 

single-spanning transmembrane protein located in the Golgi, as a recent textbook states. However, 

experiments showed that the SARS-CoV homologous protein required the transmembrane domain for 

Golgi complex retention, unlike the SARS-CoV-2 protein [62]. Therefore, despite recent findings, 

confusion remains between the two proteins, whose structures are still unknown. The physico-

chemical properties of SARS-CoV-2 ORF7b reveal a 43-residue protein with a hydrophobic helical 

segment spanning residues 9–29 and very mobile, negatively charged N- and C-terminal tails [193]. 

These characteristics give the protein a strong net negative charge of -4 at pH 7, with a diffuse negative 

charge throughout the structure [193]. Thus, it behaves in solution like a weak negative polyelectrolyte 

or, more precisely, a polyanion. These undeniable physico-chemical properties suggest a peripheral 

protein [194], but do not exclude the possibility of it being a transmembrane protein or even a protein 

targeting lipid droplets [193]. All these environments have very different membrane characteristics, 

and we cannot exclude the protein being in the cytoplasm because its physico-chemical properties 

allow that potential. However, other data make us think differently. BioGRID, one of the most 

reputable computational analysis platforms [195], shows that through in vivo experiments, the protein 

has physically interacted with over 1,700 human proteins. One or more biophysical and non-

biophysical experimental methods validate each interaction. Considering only the most significant 

interactions, according to BioGRID, we can select about 75 interactions spread throughout the cell, 

including the nucleus and mitochondria [192]. The interactomic analysis shows that starting from these 

interactions, ORF7b gives rise to 5057 functional terms across 15 categories. These data suggest that 

the protein must have one or more mechanisms to interact with these proteins in the various cellular 

compartments where they are located.  

Evidence suggests that ORF7b, instead of being confined to the Golgi apparatus, operates within 
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a dynamic cellular environment, interacting with many proteins in various locations. We have a small 

biological object with a broad range of cellular actions, which is challenging to characterize. 

Experimental and computational data still do not confirm whether the protein is membrane-bound or 

has free mobility in the cytosol and between cellular compartments to carry out its wide-ranging 

functions. Neither possibility is definitively ruled out. This remains elusive today. However, it is 

crucial to recognize that only by integrating biological and biophysical knowledge through 

computational, experimental, and biological methods, considering the evolutionary aspects of the 

sequence and functions, we will find the solution for this small elusive protein. AI can facilitate this 

integration. 

9. Limitations in understanding quantum mechanical effects of proteins 

While proteins are quantum mechanical entities, understanding and characterizing the role of 

quantum effects in their biological functions presents significant limitations [196,197]. Explicit 

quantum mechanical calculations are expensive and are workable only for small systems, falling short 

of the size of most proteins [196,197]. While semi-classical models are often used to study protein 

structure and dynamics, they may not capture subtle but important quantum phenomena [198]. 

Observing and manipulating quantum effects in a living cell’s “warm, wet”, and noisy environment is 

also challenging, as these effects are often fragile and short-lived [93]. Distinguishing genuine 

quantum effects from classical behavior in complex biological systems requires sophisticated 

experimental techniques and theoretical frameworks, which are still under development [93,95]. The 

biological relevance and functional implications of many observed quantum phenomena in proteins 

are still being investigated [199−201]. 

10. Collaboration  

The study of protein biophysics is a constantly developing field where multidisciplinary 

collaboration is key to success. This includes expertise in molecular biology, biochemistry, 

bioinformatics, statistics, engineering, and medicine, and its future depends on combining knowledge 

and techniques from multiple disciplines [202,203]. Merging protein biophysics with molecular 

evolution helps us better understand how proteins have developed to perform their functions and how 

mutations can change their properties [204]. Connecting biophysics with systems biology approaches 

offers a more comprehensive view of how proteins work within the complex networks of cellular 

processes [205]. By applying biophysical principles to analyze evolutionary data and using 

evolutionary information to predict biophysical behaviors, researchers can create more accurate 

models for biological understanding and prediction [206,207]. This interdisciplinary approach is 

essential for addressing the most complex biological questions and for turning fundamental 

biophysical insights into practical applications. Here are some examples of successful collaborations 

and the challenges they face. 

10.1. Challenges in multidisciplinary collaborations 

Despite the clear advantages of multidisciplinary collaborations, they present many diverse 

challenges: 



355 

AIMS Biophysics  Volume 12, Issue 3, 333−374. 

10.1.1. Linguistic and conceptual barriers 

Researchers from different disciplines often use specific terminology and concepts that may be 

difficult for others to understand. For instance, a “model” for a biologist might refer to a cell culture, 

while for a bioinformatician, it could mean a computational algorithm. Overcoming these barriers 

requires a firm commitment to communication and mutual training, often involving joint workshops 

or the assignment of “bridge scientists”—individuals with a hybrid background who can facilitate the 

exchange of ideas. 

10.1.2. Different methodologies and data expectations 

Each discipline has methodologies, data quality standards, and expectations regarding 

reproducibility. For example, a biological experiment may exhibit greater intrinsic variability than a 

computational calculation, leading to potential misunderstandings. Addressing this requires clearly 

defining protocols, establishing quality standards, and setting success metrics for all data generated at 

the project’s outset. Creating integrated workflows and sharing standardized technology platforms can 

facilitate collaboration. 

10.1.3. Complexity in project and intellectual property management 

Coordinating teams with diverse backgrounds can be challenging. Managing intellectual property 

(such as patents and publications) becomes complex when different institutions or commercial entities 

contribute to the project. Strong and well-defined project leadership is crucial to establish clear 

agreements regarding intellectual property and publishing from the beginning, often with the support 

of legal or technology transfer departments. 

10.1.4. Cultural and academic differences 

Research cultures can vary significantly. For example, bioinformaticians may prefer open-source 

approaches and rapid publication, while experimental biologists might have longer turnaround times 

for experiments and prioritize journals with high impact factors. Therefore, fostering an environment 

of mutual respect and understanding of differing priorities is vital. Jointly celebrating successes and 

recognizing the contributions of all team members can strengthen a sense of belonging and motivation. 

In summary, multidisciplinary collaborations are essential for addressing complex challenges. 

They require careful planning, effective communication, and flexible management to overcome the 

inevitable challenges that arise. 

10.2. Examples of successful collaborations in interactomics 

10.2.1. Human Proteome Project (HPP) and l’International Protein Interactome Database (iPID) 

This is a large international project involving thousands of scientists from international 

institutions, including molecular biologists, analytical chemists (mass spectrometry), 

bioinformaticians, geneticists, and statisticians. iPID (which integrates data from databases such as 
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BioGRID, IntAct, etc.) results from collaborative efforts to standardize and make accessible data on 

human PPIs. The goal is to map the entire human proteome and its interactions to better understand 

biology and disease. It is a success story because this international collaboration has identified and 

validated many new PPIs. The Characterization of the Human Proteome Project (Chromosome-Centric 

HPP, C-HPP) has led to the discovery of “missing proteins” and their functional characterization, often 

through integrating proteomic data with genetic and transcriptional data. This collaboration directly 

leads to the publication of comprehensive datasets and the development of open bioinformatics tools. 

These projects required data standardization across many laboratories. Building strong computational 

infrastructures for integrating diverse datasets was a major challenge, which was resolved through 

shared protocols and worldwide platforms. 

10.2.2. Disease-specific research consortia (e.g., neurodegenerative diseases) 

Many research consortia focused on diseases such as Alzheimer’s and Parkinson’s and involve a 

diverse group of experts. These include neurologists, pathologists, neuroscientists working with animal 

and cellular models, and biochemists studying dysfunctional proteins such as Tau or alpha-synuclein. 

Imaging specialists (working with PET/MRI technologies) and bioinformaticians (analyzing altered 

protein–protein interaction networks) play a crucial role in these efforts. Initiatives such as the 

Alzheimer’s Disease Neuroimaging Initiative (ADNI) and the Parkinson’s Progression Markers 

Initiative (PPMI) are prominent examples. While these projects do not focus only on interactomics, 

they jointly collect and analyze multimodal data, including genetics, cerebrospinal fluid proteomics, 

and imaging. Identifying interactions between specific proteins, such as Tau, and their interactions 

with other cytoskeletal proteins often highlights potential therapeutic targets. This identification 

typically results from complex bioinformatics analyses applied to data generated through various 

experimental methods. Integrating heterogeneous clinical data, such as imaging, fluid biomarkers, and 

genetic information, with “pure” molecular data (protein–protein interactions) represents a significant 

analytical challenge. Bioinformaticians and statisticians addressed this complexity using systems 

biology approaches and machine learning algorithms. 

10.2.3. Development of PPI-based therapies in oncology 

This section highlights a typical collaboration among various specialists in oncology. Clinical 

oncologists, cell biologists, biochemists, medicinal chemists, and pharmacists collaborate to develop 

therapies targeting protein–protein interactions (PPIs). The primary goal of these international teams 

is to develop PPI inhibitors for cancer treatment successfully.  

For instance, researchers focus on drugs that target the interaction between MDM2 and p53, a 

crucial protein–protein interaction for tumor suppression. The team that pioneered the development of 

MDM2 inhibitors, such as Nutlin-3 and Idasanutlin, included computational chemistry specialists for 

drug design, biologists for both in vitro and in vivo validation, and clinical teams for the experimental 

testing phases. 

One of the key challenges in this field is identifying druggable “hotspots” on protein surfaces and 

designing molecules that can selectively modulate these interactions. However, advances in molecular 

modeling techniques and high-throughput screening—often assisted by robotics and automation—

have successfully addressed these challenges and achieved critical therapeutic goals. 
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10.3. A practical example of how to design a collaboration: Search for “Pathogenic” proteoforms 

and “neutral” proteoforms 

Distinguishing between “pathogenic” and “neutral” proteoforms is the key step in translating 

proteomics into precision medicine. Functional proteomics, as it is evolving, is one of the most 

effective tools for this. We can consider this type of scientific planning as a practical scheme to be 

implemented for a multidisciplinary collaboration. In short, this could be the strategy. 

10.3.1. Definition and mapping of proteoforms 

It starts by recognizing that a single gene sequence can produce hundreds of proteoforms 

(alternative splicing, PTMs, proteolytic cleavage, etc.). Functional proteomics uses techniques such as 

top-down mass spectrometry, middle-down MS, and multi-omics combinations to precisely identify 

these variants in the cellular context; in many cases, work is carried out under physiological conditions, 

not in vitro. 

10.3.2. Association with cellular or tissue phenotypes 

Pathological conditions (tumor, inflammation, infection) are analyzed, and the observed 

proteoforms are correlated with specific functional outputs (proliferation, apoptosis, invasiveness, etc.); 

techniques such as single-cell proteomics and laser microdissection allow us to study specific 

microenvironments, such as cirrhotic liver or tumor nodules. 

10.3.3. Validation through biophysical and biochemical approaches 

Suspected proteoforms are isolated and tested with SPR (surface plasmon resonance) for affinity 

and kinetics, HDX-MS and cross-linking MS for structural interactions, and paramagnetic NMR and 

cryo-EM for conformational states. This confirms whether the proteoform has pathological 

interactions and aberrant functions or is merely a functionally neutral variation. 

10.3.4. Integration with computational models 

Interactomic networks are filtered and refined using experimental data; AI and machine learning 

algorithms (with functional proteomic input) allow pathogenic proteoforms to be prioritized for 

clinical studies. Systems such as DeepPTM, Prosit, and MSFragger help “reconstruct” the proteoform 

in its actual cellular physiology. 

10.3.5. Clinical applications 

Identification of specific biomarkers for hepatocellular carcinoma (HCC), viral diseases with 

tissue tropism, and neurodegenerative diseases with selective protein accumulation; definition of 

therapeutic targets based on pathogenic proteoforms that are actually active, not simply present; and 

the design of drugs that stabilize, inhibit, or correct the abnormal proteoform. 
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11. Conclusions 

In today’s scientific landscape, researchers often find themselves limited to narrow areas of 

expertise, which can impair their critical thinking skills when they need to explore topics outside their 

specific fields. As a result, gaining a deeper understanding of the complex molecular mechanisms 

underlying many diseases represents a crucial frontier that requires extensive multidisciplinary 

research. 

A widely recognized yet often underestimated issue is that only about 10% of all known protein 

interactions have been experimentally validated through methods in protein biophysics or biochemistry. 

Researchers are increasingly relying on indirect algorithmic methods, which have proven to be much 

more efficient than experimental approaches. However, this reliance has led to a growing number of 

unverified interactions over time. These factors have created a speculative scientific environment filled 

with misinformation, which hinders scientific progress and contributes to a phenomenon known as 

knowledge pollution. It is essential to understand why biophysical techniques have lagged behind 

predictive algorithms and to examine the concrete and significant reasons for this disparity. The 

reasons are concrete and significant: 

1. Precision experimentation: Validating an interaction requires isolating it, reconstructing it in vitro 

or in cells, and quantifying its affinity and dynamics. 

2. Biological context: Interactions are often transient, conditional, or multiple, making them difficult 

to reproduce in the laboratory. 

3. Instrumental limitations: Even emerging techniques such as cryo-EM, in-cell NMR, and HDX have 

specific applicability ranges and do not always capture the complexity of the proteome. 

All stakeholders must recognize that technologies are not shortcuts to the truth but tools designed 

to limit ambiguity. These tools help reveal relevant and reproducible interactions, not to confirm every 

algorithmic output. Protein biophysics is slow because it is meticulous. It prioritizes molecular 

verification over speed, which is essential for medical advancement. If we do not curb the algorithmic 

generation of unvalidated interactomes, we risk creating a science that resembles science fiction. 

Progress is not merely the accumulation of data but the distillation of truth from potential. Biophysics 

serves as one of the bulwarks striving to maintain this critical boundary. 

11.1. The where, how, and when of proteins 

The future of the field looks promising, with emerging technologies and ongoing advances that 

aim to overcome many challenges. All of this could transform our understanding of fundamental 

biological systems and lead to major innovations in medicine and biotechnology. However, current 

protein biophysics research still faces significant challenges in fully understanding the complexity of 

protein folding, the dynamic behavior of proteins in the cellular environment, and the intricate 

interactions that control biological processes. Table 3 outlines future solutions to some existing 

limitations in key areas of protein biophysics knowledge. While individual biophysical techniques are 

powerful, each has inherent limitations that make integrative approaches necessary. Increasing 

recognition of interdisciplinary collaborations, along with ongoing improvements in experimental and 

computational tools, will be essential for achieving a complete understanding of protein biophysics.  
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Table 3. Emerging technologies in protein biophysics. 

Limitation category Addressed by future prospects/emerging technologies 

Challenges in protein folding AI-based structure prediction (AlphaFold, RoseTTAFold), 

advanced computational methods for simulating folding 

pathways, integrative structural biology to study folding 

intermediates. 

Limitations of biophysical 

techniques 

Advancements include higher-resolution cryo-EM, automated 

cryo-EM, time-resolved crystallography, integrative structural 

biology combining multiple techniques, mass photometry for 

intact biomolecule analysis, automation, and miniaturization for 

high-throughput studies. 

Difficulties in studying protein 

dynamics 

AI-powered methods for predicting protein dynamics and 

multiple conformations, single-molecule techniques (FRET, HS-

AFM), advanced NMR techniques, and enhanced computational 

power for molecular dynamics simulations. 

Challenges in predicting protein 

interactions 

AI-based methods for predicting protein–protein interactions 

(e.g., AlphaFold-Multimer), integrative structural biology to 

combine computational predictions with experimental data, 

advancements in computational modeling of binding dynamics. 

The gap between in vitro and in 

vivo studies 

In-cell biophysical techniques are developing, along with 

advancements in imaging technologies for studying proteins in 

their native environments and computational modeling that 

incorporates cellular crowding and other in vivo factors. 

Challenges in studying 

membrane proteins 

Advancements include cryo-EM, detergent-free membrane 

protein stabilization (nanodiscs and SMALPs), AI-based 

structure prediction, integrative structural biology, and emerging 

biophysical techniques. 

Limitations in understanding 

quantum mechanical effects 

Advanced spectroscopic techniques, computational methods for 

modeling quantum phenomena, interdisciplinary research in 

quantum biology, and exploration of the functional relevance of 

quantum effects in biological processes are all advancing. 

Proteins are biomolecules that dynamically perform the functional activities of cells. They do not 

act as native encoded proteins [208−210] but are almost always modified to go to a specific place in 

the cell where they will perform their function in a particular way. Much of the information on these 

space-temporal aspects is fragmentary and poorly understood even today [211−214]. We can 

summarize all this in one sentence: We do not know the where, when, and how of individual proteins. 

The “where” refers to the subcellular localization of proteins, which is the specific compartment 

of the cell where a protein is found and performs its function. This could be the nucleus, cytoplasm, 

cell membrane, or organelles such as the endoplasmic reticulum, lipid droplets, or even mitochondria. 

The “when” shows when a protein is active or expressed. Cells synthesize proteins in response to 

cellular signals; post-translational modifications (e.g., phosphorylation or ubiquitination) activate or 

deactivate them; and cells degrade proteins when unnecessary. The “how” concerns the mechanism by 

which a protein carries out its function. This includes its three-dimensional structure, interactions with 
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other molecules, chemical modifications that regulate its activity, and how it contributes to cellular 

processes. 

These three aspects are still the subject of intense research, since understanding protein dynamics 

is fundamental to the future of biology and medicine. Studying the “where”, “when”, and “how” of 

proteins requires a multidisciplinary approach and the use of those advanced techniques that we have 

already discussed. 

However, these techniques highlight activities involving a protein but do not explain its function 

directly. The function of a protein is determined not only by the interactions it engages in but also by 

the biological context in which it operates [215]. This requires other methodological approaches typical 

of different fields, such as loss and gain of function studies (e.g., CRISPR-Cas9), in vivo functional 

analysis with animal or cellular models, genetic screening, RNA interference, metabolic analyses, and 

pathway mapping. In summary, the functional role of a protein arises from the close integration of 

structural, dynamic, and functional data. Modern biology needs to move away from a deterministic 

approach and adopt a more systemic and indeterministic perspective, where functions emerge from 

complex molecular networks and dynamic interactions. Causality is a key concept: cellular functions 

do not originate from single proteins but from the simultaneous interaction of multiple components 

operating within a specific space and time [216]. This is the core of systems biology, which encourages 

approaches like computational models of metabolic networks, to simulate the emergence of cellular 

functions; single-cell proteomics, to analyze the dynamic variability of proteins in individual cells; and 

multi-omics analysis, which integrates genomics, transcriptomics, proteomics, and metabolomics to 

understand emergent causality. 

However, the approaches mentioned remain valid only if we validate each piece of information 

or data. This is always a critical point. Experimental validation of protein interactions remains limited 

compared to the system’s complexity. Less than 10% of interactions have been experimentally 

confirmed. This means that many analyses rely on hypothetical data, risking misleading results. 

Molecular indeterminism presents a significant challenge because it suggests that the relationships 

between proteins are not simply linear or deterministic but arise from a dynamic and probabilistic 

system [216]. Quantum physics influences the behavior of biomolecules, making it even harder to 

establish direct cause-and-effect links. The only ways to address this complexity are increasing 

experimental validation of protein interactions with techniques such as high-resolution mass 

spectrometry and advanced microscopy, integrating multi-omics approaches to gain a more 

comprehensive view of molecular networks, and using computational models built on experimental 

data. 

Addressing the challenges in protein research requires a broader focus beyond specific topics, as 

a much larger problem is at hand. Current protein databases are outdated and contain highly 

heterogeneous data, which requires thorough cleaning to ensure quality and reliability. Without this 

effort, there is a risk of misinterpreting results and drawing incorrect conclusions. Advances in 

structural biology, bioinformatics, and imaging techniques offer deeper insights into biomolecular 

functions. Artificial intelligence transforms protein structure prediction, enabling us to create more 

accurate models by integrating structural, functional, and dynamic data. Combining computational 

biology, big data, and AI could almost fully explain biomolecules, thus paving the way for 

advancements in personalized medicine and biotechnology. However, the chaotic nature of 

information in big data systems can cause confusion if not properly managed. A key challenge is data 

cleaning, a complex task that requires experimental validation and a return to traditional laboratory 
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biology. Combining computational models with direct experiments is essential to overcoming this 

hurdle. Although AI reveals patterns in the data, we must experimentally confirm these findings to 

avoid purely theoretical constructs without a biological basis. Techniques such as protein chemistry, 

mass spectrometry, and advanced imaging are vital for accurately understanding how proteins are 

modified to function in specific contexts. Ultimately, the real challenge is knowing a protein’s structure 

and understanding its dynamic function under actual conditions. Though this task is monumental, a 

balanced approach between computational biology and laboratory work can help us achieve more 

precise answers. 

Creating new Big Data repositories that are well-organized and agreed upon by the scientific 

community could significantly speed up the understanding of proteins. Many existing databases suffer 

from inconsistencies, redundant data, or unverified information. Without a strict classification system, 

building studies on unstable foundations is risky. 

For an effective repository, protein classification should be based on well-defined characteristics, 

including post-translational modifications, molecular interactions, and cellular conditions. 

Experimental verification from laboratory work, rather than unverified theoretical data, should support 

all data points. This creates a well-structured, accessible, and regularly updated scientific archive, 

preventing obsolescence. Such a system could significantly reduce the time and uncertainty involved 

in studying proteins in their natural context. A well-trained AI could analyze data in real time, identify 

recurring patterns, and even predict protein modifications based on cellular conditions. AI could assist 

by filtering out duplicate or unverified information, categorizing each protein according to agreed-

upon parameters, suggesting possible post-translational modifications and functions based on existing 

data, and connecting laboratory results with computational models for quicker validation. The future 

depends on integrating disciplines that may seem distant, as everything hinges on being understood 

through a common language, much like the ancient Greeks’ “koinè diàlektos” (κοινή διάλεκτος). 
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