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Abstract 
Current developments in protein docking aim at improvement of applicability, accuracy and utility 

of modeling macromolecular complexes. The challenges include the need for greater emphasis 

on protein docking to molecules of different types, proper accounting for conformational flexibility 

upon binding, new promising methodologies based on residue co-evolution and deep learning, 

affinity prediction, and further development of fully automated docking servers. Importantly, new 

developments increasingly focus on realistic modeling of protein interactions in vivo, including 

crowded environment inside a cell, which involves multiple transient encounters, and propagating 

the system in time. This opinion paper offers the author's perspective on these challenges in 

structural modeling of protein interactions and the future of protein docking. 
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Introduction 
Protein docking has come a long way since its early days in the last century when first 

consequential approaches laid the foundation for the field [1]. Reflecting on the past, it is 

appropriate to think about the future of the protein docking, and to talk about its challenges - the 

ones within our immediate reach, for which current research is rapidly progressing, and the more 

distant ones, for which it is important to formulate basic paradigms and outline strategic directions. 

 

The current developments and the future directions can be roughly put in two major categories: 

structural modeling of (a) static and (b) dynamic protein interaction systems. The "static" 

interactions do not involve propagation of the system in time (except molecular dynamics-driven 

simulations of individual complexes, which by design involve the time coordinate, but aim primarily 

at prediction/refinement of the equilibrium state, possibly including binding pathways [2]). Such 

modeling deals with improvement of the applicability, accuracy and utility of the equilibrium state 

prediction of a complex of two or several proteins or, more generally, proteins and other 

molecules. Here, we intentionally leave aside protein complexes with small compounds, which is 

a separate field of study due to important differences in the systems. The protein-small ligand 

docking, typically, involves predefined binding site on the protein receptor and thus has no 

requirement for the global docking search. Instead, it emphasizes determination of the precise 

atomic details of the interaction. Thus, it employs different techniques and often has different 

goals (e.g. drug design). The static interactions of proteins are modeled in dilute environment, 

with no regards to the presence of other molecules, except water for docking of soluble proteins 

and lipids for docking of integral membrane ones. Predictions can focus on a single complex, 

several complexes, or the entire interactome (all protein complexes in an organism, or in multiple 

organisms [3-5]).  

 

The dynamic interactions inherently involve propagating the system in time. They deal with 

realistic modeling of protein interactions in vivo, including crowded environment inside a cell, 

which involves multiple transient interactions [6]. Such modeling would allow simulation of 

structure-based molecular diffusion and the multiplicity of binding/unbinding events describing 

molecular mechanisms in living systems. The modeling could scale up from individual pathways 

to whole cells [7-9] at different levels of approximation, from extreme coarse-graining [10] to 

potentially involving conformational flexibility of the molecules.  
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This opinion paper offers the author's perspective on these challenges in structural modeling of 

protein interactions (Figure 1) and the future of protein docking. 

 

Protein - other molecules 
Protein-protein interactions are a key component of life processes at the molecular level. Thus, 

protein-protein docking has been arguably the most popular branch of docking (again, leaving 

aside docking of small ligands - see Introduction). Whereas the basic motivation for that is the 

centrality of the protein-protein interactions in molecular mechanisms, an important pragmatic 

consideration for this focus is that proteins in general, due to the uniqueness or limited variety of 

their global fold (at least for the non-intrinsically disordered protein types) are well-suited for the 

rigid body docking approximation. Such approximation is extremely important for the docking 

protocols because it allows one to exclude the enormous multitude of the internal degrees of 

freedom of the interacting molecules, reducing the global search space to only six coordinates of 

a two rigid-bodies system. Another important consideration is that the protein shape, reflecting 

the protein fold, to a large extent determines the docking solution, even at coarse-grained 

representation [11]. The rise of the comparative modeling of protein-protein complexes (template-

based docking), based on the rapid expansion of PDB, makes the availability of templates for 

docking procedures routine [12,13]. Thus, an argument can be made that the protein-protein 

docking field is fairly advanced towards "solving" the protein-protein docking problem, at least at 

the coarse-grained resolution, for the "traditional" equilibrium (e.g. co-crystallizable) complexes 

of soluble globular proteins. 

 

While other types of molecules interacting with proteins, as well as protein-protein interactions in 

membranes, have been studied extensively through the years [14-18], the progress there might 

be less obvious compared to the soluble globular protein-protein case. Beyond the arguably 

lesser focus of the docking community on such targets (empirically assessed by the number of 

research groups working on the subject, reflected in publications), an important "natural" obstacle 

is the global conformational flexibility of the non-protein component, in cases of peptides, RNA 

and lipids. Such flexibility limits the applicability of the powerful structure-alignment-based 

comparative docking [19] and significantly increases the dimensionality of the docking search 

space by adding the multiplicity of the internal degrees of freedom of the non-protein component. 

In cases where the conformational flexibility is less of a problem, such as protein-protein 

complexes in membranes and protein-DNA complexes, the dimensionality of the docking space 

may actually be less than that for the soluble protein-protein complexes. Protein-protein 
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translational degrees of freedom in membranes are largely constrained in two dimensions by the 

membrane, and movement of proteins interacting with DNA may be modeled by sliding them 

along the one-dimensional DNA chain until they recognize the intended patch of nucleotides. 

However, the problem in these cases is that the recognition factors are smaller in scale than in 

the soluble protein-protein complexes (where coarse-grained representation determined by the 

global fold often suffices for a meaningful prediction) and require atomic-level prediction accuracy. 

 

Conformational flexibility and refinement  
Proteins, as well as other macromolecules, change conformation upon binding. While the global 

flexibility (multiplicity of conformations of the overall structure), may not be a problem for a number 

of protein docking cases (see above), in general, it is an important consideration for the docking 

approaches [20]. In a long-standing debate between the proponents of the "induced-fit" and the 

"conformational selection" binding mechanisms [21-23], the evidence pointing to the latter allows 

one to precompute the conformational ensemble of the interacting molecule(s) and dock the 

separate conformers with limited conformational search [24,25]. That, in principle, should solve 

the problem in a number of cases. However, often the determination of the adequate 

conformational ensemble is complicated (e.g. for inherently flexible molecules, like peptides, 

lipids, etc.) and/or the binding involves a significant contribution of the induced fit mechanisms. 

 

In addition to the global flexibility, the local conformational adjustment (refinement) remains a 

challenge. Although for many biological applications, the approximate docking prediction from the 

global search may suffice (e.g. prediction of the binding interfaces for functional assessment, 

etc.), in a number of cases the atomic resolution of the predicted match is required (e.g. inhibition 

of interaction, affinity assessment, etc.). The local conformational search involves less degrees 

of freedom than the global one, and as such is more tractable. However, despite significant 

progress in this direction [26-29], the problem remains a challenge, especially in cases of 

conformational changes in the backbone. 

 

Co-evolutionary analysis and deep learning 
Co-evolution of residues is correlated with their position in protein structure. Thus, the co-

evolution data can be useful for structure prediction algorithms. In recent years, there has been 

major progress in utilizing the residue co-evolution information for predicting structures of 

individual proteins, based on the rapid growth of experimental data on proteins and new ideas on 

how to use it, combined with spectacular advances in computer science (deep learning) [30-33]. 
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A similar advancement in structural modeling of protein assemblies has not occurred yet. The co-

evolution of residues provides structural information from sequence data by inferring distances 

between co-evolving residues, propagating beyond the first layer of the immediate neighbors to 

subsequent layers of indirect, weaker but more numerous co-evolutionary relationships. The 

current obstacle for applying this approach to docking is that it is not clear how to distinguish the 

inter-molecular co-evolutionary information, needed for docking, from the intra-molecular one, 

which is not directly relevant to docking. The other problem is a perceived lack of sufficient amount 

of sequence data on protein-protein (and/or protein-other molecules) interfaces needed for the 

deep learning. More sophisticated utilization of current and future data on protein interaction 

should provide a path towards solving these problems. 

 

Prediction of interactors and affinities 
Knowledge of the strength of protein interaction is essential for understanding and characterizing 

biomolecular mechanisms. Computational determination of this key characteristic of protein 

association is highly non-trivial. In its simplest, but still very useful formulation, one can think of it 

as the ability to distinguish interacting from non-interacting proteins. Prediction of protein 

interaction, as a term, has dual meaning. One is predicting that two proteins, or a protein and 

another molecule, interact - e.g. predicting the fact of interaction, or predicting interactors, often 

in the context of reconstructing networks of protein interactions. The other is predicting the mode 

of interaction, given the fact of interaction obtained by other means, experimental or 

computational. Docking traditionally addresses only the second problem. Docking algorithms 

have not been specifically designed for or capable of distinguishing interacting and non-interacting 

proteins. Assuming that the fact of interaction is determined by (a) co-localization and (b) the 

strength of interaction, docking in principle can address the second aspect, including related 

problems of predicting binding affinities [34-39], discrimination of non-biological interfaces [40], 

and binding specificity [41-44]. However, although typical docking scores are correlated with the 

energy of interaction (otherwise they would not be able to make correct predictions of the mode 

of interaction), the correlation is too loose to distinguish weakly interacting (non-interacting) from 

strongly interacting molecular pairs, based on the absolute values of the docking scores. Still, the 

correlation of the docking scores with the actual energy of association is strong enough to reflect 

the intermolecular energy landscape. Since these landscapes should be different for strongly and 

weakly interacting proteins, studies have shown that exploration of the intermolecular energy 

landscapes based on the docking output is helpful in distinguishing interacting and non-interacting 
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proteins [45,46]. Combining these methodologies with alternative approaches (based on protein 

co-localization, sequence analysis and such) will improve our ability to predict protein interactions.  

 

Automated servers: Docking without human intervention 
Fully automated (queryable) modeling servers are extremely important for biology. Firstly, they 

are the most convenient tools for the broader biological community of researchers who lack 

expertise in modeling and would appreciate a user-friendly hands-off utility to answer their 

biological question. Secondly, the lack of human intervention provides the purest test of the 

computational methodology, which is important for the objective assessment of its value in relation 

to competing approaches. Such servers are common in prediction of individual protein structures 

[31]. However, in that regard, the docking community still lags behind. The issue with some 

leading publicly available docking servers is that an important part of the prediction protocols is 

based on data which serves as constraints for docking and is supposed to be supplied by the 

user. Automated hands-off generation of such data is often non-trivial. Such automated 

procedures, like text mining of publicly available online publications [47] face copyright restrictions 

and are hindered by still limited amount of open-access publications. The growth of popularity of 

the open access publishing will increase the utility of such approaches. 

 

Dynamic and realistic representation of protein interactome in vivo 
Structure-based modeling of dynamic and realistic interactome in vivo will allow deeper insights 

into molecular mechanisms of life processes. It will also lead to our ability to model whole cells at 

molecular/atomic resolution [8,9,48-52], complementing alternative approaches to cell modeling 

that are based on differential equations, imaging data, and other integrative techniques [53]. In 

our opinion, such modeling is the ultimate strategic goal of protein docking, along with a number 

of other modeling techniques (such as rapidly progressing molecular dynamics [2,54,55]). 

Arguably, many modeling techniques needed for a first-pass approximation (e.g. coarse-graining 

[56-58]) already exist, requiring "just" proper scaling-up and integration into a self-consistent 

system. The whole-cell modeling, effectively simulating "life in silico," will be a true milestone in 

life sciences, providing unprecedented opportunities for biology and medicine. To the question 

why such modeling is needed, the simple answer is: to interpolate and extrapolate the existing 

data on the cell function. The experimentally and computationally determined atomic resolution 

data currently provide snapshots of the molecules in the cellular environment. The whole-cell 

modeling, will propagate the system in time, using these snapshots as data points for fitting and 

validating the trajectory. From the docking perspective, such trajectory would involve a dynamic 
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protocol incorporating the multiplicity of the docking encounters in the crowded cellular 

environment (Figure 2) involving molecules of different types, conformational flexibility and other 

phenomena. Obviously, this direction due to its extreme scale and complexity, is an open-ended 

long-term proposition. However, first steps on this long path are already being made by the 

community. 
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Figures 

 
 
Figure 1. Challenges in protein docking. 
  



 13 

 
 

Figure 2. Modeling representation of protein packing in cytosol. The extremely tight packing of 
the proteins, which is close to physiological, illustrates the exceptional challenge of atomistic 

modeling of protein interactions in the crowded environment of the cell. 

 

 


