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The throughput of macromolecular X-ray crystallography experiments has surged over the last decade. This remarkable gain in efficiency has been facilitated by increases in the availability of high-intensity X-ray beams, (ultra)fast detectors and high degrees of automation. These developments have in turn spurred the development of several dedicated centers for crystal-based fragment screening which enable the preparation and collection of hundreds of single-crystal diffraction datasets per day. Crystal structures of target proteins in complex with small-molecule ligands are of immense importance for structure-based drug design (SBDD) and their rapid turnover is a prerequisite for accelerated development cycles. While the experimental part of the process is well defined and has by now been established at several synchrotron sites, it is noticeable that software and algorithmic aspects have received far less attention, as well as the implications of new methodologies on established paradigms for structure determination, analysis, and visualization. We will review three key areas of development of large-scale protein-ligand studies. First, we will look into new software developments for batch data processing, followed by a discussion of the methodological changes in the analysis, modeling, refinement and deposition of structures for SBDD, and the changes in mindset that these new methods require, both on the side of depositors and users of macromolecular models. Finally, we will highlight key new developments for the presentation and analysis of the collections of structures that these experiments produce, and provide an outlook for future developments.
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INTRODUCTION
Modern drug development is an intensely multi-disciplinary exercise that relies on expertise ranging from fundamental biophysics to clinical trials (Kiriiri et al., 2020). Especially in the early stages of small molecule development, structural biology has been instrumental in guiding the rational development of numerous novel small molecule drugs (Maveyraud and Mourey, 2020). Structural knowledge of the interaction of a protein with varied small molecule ligands is used to inform the design process of compounds with improved binding affinities (Hughes et al., 2011). Determination of protein-ligand structures is done by X-ray crystallography (Maveyraud and Mourey, 2020), NMR (Nitsche and Otting, 2018), Cryo-EM (Renaud et al., 2018), and even recently with MicroED (Clabbers et al., 2020). However, despite recent breakthroughs in other methodologies (most notably cryoEM), X-ray crystallography remains the workhorse for structure-based drug design (SBDD), at least for the time being.
The prevalence of crystallography in these efforts is a testament to the platform methodologies that have been developed to enable routine crystal structure determination. Over the last decade, macromolecular crystallography has seen a remarkable gain in efficiency and throughput driven by improvements in beam intensity and X-ray detectors, the availability of fast and reliable sample changers, and advances in software for data acquisition and analysis (Owen et al., 2016; Förster and Schulze-Briese, 2019). This has culminated in the development of fully automated beamlines that reduce interaction of the scientist with the diffraction experiment to the barest minimum (Svensson et al., 2019). Moreover, so-called “unattended” data collection in combination with automated data processing (Winter, 2010; Vonrhein et al., 2011; Sparta et al., 2016) and refinement pipelines (Sharff et al., 2011; Wojdyr et al., 2013; Echols et al., 2014; Schiebel et al., 2016) running on high-performance computing systems means that it only takes minutes to get from data collection to high-quality electron density maps. Often overlooked in enabling these achievements is the role and importance of sophisticated and robust systems for managing sample logistics, which are now available at most synchrotron sites (Delagenière et al., 2011). When combined with the technical experimental advances, it is these information management systems which truly enable the establishment of routine high-throughput crystallographic experiments (Zheng et al., 2014).
These advancements have culminated in the establishment of several publicly accessible centers for crystal-based fragment screening (Lima et al., 2020; Cornaciu et al., 2021; Douangamath et al., 2021; Wollenhaupt et al., 2021; Kaminski et al., 2022). The extremes of these setups have now transformed protein crystallography from a structure determination method into another biophysical screening assay technique (Douangamath et al., 2020; Schuller et al., 2021; Günther et al., 2021). These facilities have developed several bespoke software solutions for data capture, processing and deposition, incorporating new software packages for restraints generation for new small molecule compounds, model building and refinement (Sparta et al., 2016; Krojer et al., 2017; Long et al., 2017; Pearce et al., 2017c; Cornaciu et al., 2021; Lima et al., 2021), as well as significant advancements in algorithms for detecting (weakly) binding ligands (Pearce et al., 2017b) and analyzing the output chemical information (Deane et al., 2017). Some of these solutions are still confined to specialized screening setups and are thus only used by a small number of protein crystallographers—some because they are not generic enough and some because they are simply unknown.
Here, we provide an overview of the recent history of software tools for large-scale structure determination and data analysis. Based on experiences from fragment screening, we identify a subset of these approaches which we think deserve closer attention and broader awareness within the structure determination community, and ultimately should be incorporated into the main-stream crystallographic toolbox. Furthermore, we highlight recent developments for analyzing protein-ligand structures that bring together structural biologists and computational chemists.
BATCH DATA PROCESSING AND REFINEMENT TOOLS
Currently, the majority of crystallographic structure determination is done through the graphical interfaces of the CCP4 and PHENIX packages (Echols et al., 2012; Potterton et al., 2018). These offer user-friendly interfaces that guide newcomers as well as experienced users through the structure determination process, and both have large (and overlapping) user bases. However, these fundamentally adhere to a “one structure per project” paradigm, where one data set leads to one atomic model which leads to one deposition in the Protein Data Bank (PDB) (Berman et al., 2000). This is suitable for the determination of (a small number of) novel crystal structures, where each chemically-distinct structure becomes its own project, but far less so for the determination of many related-but-distinct protein-ligand complexes, which can now involve the simultaneous determination of hundreds of structures (Schuller et al., 2021). Moreover, the graphical user interfaces have historically lacked adequate meta-data-tracking functionality and provide no direct connections between the various experimental and computational stages of the experiment—neither cloning, expression, purification, crystallization nor data collection. In reality, and in the absence of established, widely-used and integrated solutions that remove the burden of record keeping, many—if not most—practitioners still record and track their experiments in ad-hoc electronic spreadsheets and physical notebooks.
The lack of suitable large-scale (publicly-available) processing tools became painfully apparent with the establishment of dedicated synchrotron-based centers for crystallographic fragment screening where hundreds of crystals of the same protein are determined in complex with different compounds (Collins et al., 2017; Lima et al., 2020; Cornaciu et al., 2021; Douangamath et al., 2021; Sharpe and Wojdyla, 2021; Wollenhaupt et al., 2021; Kaminski et al., 2022). As a result, three novel programs—CRIMS, FragMAXapp, and XChemExplorer—became available, which are able to process hundreds of related datasets as part of a single session (Krojer et al., 2017; Cornaciu et al., 2021; Lima et al., 2021; Wollenhaupt et al., 2021). These software differ in design, layout, and scope, but all facilitate batch data processing and record a large set of meta-data in a dedicated database system which facilitates project tracking, thereby enabling posterior analysis as well as simplifying PDB deposition (Figure 1).
[image: Figure 1]FIGURE 1 | Outline of a generic data processing workbench. Future workbenches will likely be hosted in the cloud [e.g., European Open Science Cloud (EOSC)] and take in various (meta-) data through customizable entry points. Users can then define the sample/data relationship and connect pre-defined tasks as needed for their workflow, such as in KNIME workflows. Workflows could be saved and shared with any other interested party. All results and workflows would be stored in an internal database for each project and local programs or web-services can gain access through a dedicated “Results” node.
XChemExplorer is a standalone program developed at the XChem facility at Diamond Light Source for use with fragment screening experiments (Krojer et al., 2017). It enables the selection of auto-processing results, initial refinement, dataset annotation, interactive model building with Coot (Emsley et al., 2010) and refinement with Refmac (Murshudov et al., 2011) or BUSTER (Bricogne et al., 2017). FragMAXapp was jointly developed between the FragMAX facility at the MAX IV synchrotron and the fragment screening facility at Helmholtz-Zentrum Berlin (HZB) and the BESSY synchrotron (Lima et al., 2021; Wollenhaupt et al., 2021); FragMAXapp offers a web-based platform with similar functionalities to XChemExplorer, but with more customization options for diffraction data processing and initial refinement. Both of these software solutions allow a series of data sets to be consolidated and organized into a single project, and provide launchpads for additional processing with programs such as PanDDA (Pearce et al., 2017b). Finally, CRIMS is a web-based platform developed at the European Synchrotron Radiation Facility (ESRF) and is probably the most comprehensive of the three in terms of meta-data tracking and database integration (Cornaciu et al., 2021); this takes advantage of the extensive database infrastructure at the ESRF High-Throughput Crystallization (HTX) facility and can also directly communicate with the ISPYB laboratory information management system that is widely used at synchrotron beamlines (Delagenière et al., 2011). As a demonstration of the importance of these tools, and their future development, they were instrumental in facilitating the rapid solution and availability of numerous protein-ligand structures of several proteins from Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-CoV-2) in the wake of the coronavirus disease (COVID-19) pandemic (Douangamath et al., 2020; Günther et al., 2021; Newman et al., 2021; Schuller et al., 2021; Kozielski et al., 2022). However, availability of these programs is currently restricted to certain synchrotron sites and they do not allow for customized workflow configuration or provide interfaces for definition of new experiments (Moreno-Chicano et al., 2019; Brändén and Neutze, 2021; Schulz et al., 2022).
IDENTIFICATION, MODELING AND REFINEMENT OF BINDING MOLECULES
The second problem that is encountered during crystallographic fragment screening experiments—after the processing of the crystallographic data—is the identification of binding molecules. In a non-focussed fragment screen, only a small percentage of fragments are expected to bind at a particular location on the protein surface, but since fragments may bind at any location on the protein surface, manual inspection of the data quickly becomes infeasible, meaning that automated methods are required (Pearce et al., 2017b).
The most popular crystallographic methods for identifying and validating the presence of bound ligands revolve around internal consistency metrics, i.e., metrics which compare the atomic model and the experimental electron density (Echols et al., 2014; Liebschner et al., 2017). These are used both to identify interesting areas of the electron density map, and to validate the atomic models produced: First, “blobs” are identified by calculating one of a variety of difference maps, and then, constructed ligand models are validated by comparing the model to the experimental electron density. For the purposes of modeling, most methods seek to generate an electron density map that is minimally biased towards the refined atomic model, and which is quantified in terms of a robust signal-to-noise ratio to indicate the importance of an electron density feature. Most approaches therefore utilize different flavors of OMIT maps—in particular OMIT difference maps—which provide a measure of the electron density in a region in terms of the global model error (in units of the rmsd-value of the difference map). This is typically done at the 3-rmsd level (also called the 3-sigma level). Atoms in a selected region must be removed to calculate the difference map, and are either replaced by bulk solvent (Bhat and Cohen, 1984; Terwilliger et al., 2008; Pražnikar et al., 2009) or by vacuum (e.g., polder maps) (Vonrhein and Bricogne, 2005; Liebschner et al., 2017).
It is vitally important, and perhaps underappreciated, to understand exactly what the hereby-identified features in difference maps represent. For the interrogated region, these difference maps measure the density at a particular site relative to either vacuum (polder maps) or bulk solvent (other OMIT maps) in units of the error in your model: significant differences (typically those above 3-rmsd) therefore indicate electron density features that very likely are not experimental noise. However, this indication is different to a measure of signal (such as the presence of an unmodelled bound ligand), since density from any molecule(s), e.g., semi-ordered water molecules, may also produce electron density above this noise level—i.e., it is not only ligand binding that produces electron density in these maps. We should generally expect a map such as a polder map to show a significant amount of density for most sites on the protein surface (except in very poorly refined models or at lower resolution), since even semi-ordered solvent is likely more than three noise units higher than vacuum for high resolution data. Care must therefore be taken when using OMIT methods so as not to overinterpret the maps, whose purpose is only to quantify and show clear unbiased density for a region.
However it is common for the presence of any difference density in an OMIT map to be presented as (incontrovertible) evidence for the presence of a ligand, with even clear cases of mismodeling being difficult to refute (Stanfield et al., 2016a; Stanfield et al., 2016b). The presence of difference density in a particular map—of the appropriate shape and size—may even be misconstrued as evidence for binding by even an experienced user, especially when solving multiple structures with a set of small molecules, since at least one molecule is likely to match a putative blob in a binding site purely by chance, due to the molecules’ small sizes and simple shapes.
The reason for disagreement about interpretation stems from the nature of OMIT maps. For large strongly-binding ligands, and given medium- to high-resolution data, difference map methods will work well for accurately identifying binding poses, since the correct solution will be well-defined and unambiguous. However, for weakly-binding or smaller compounds, in part due to the reasons described above, these methods are worryingly vulnerable to false positives (incorrectly modeling a ligand which did not bind and is not present in the electron density), as there is no objective approach for determining whether a blob is due to a bound ligand, or due to (semi-) ordered solvent or other molecules in the binding site (Stanfield et al., 2016a; Stanfield et al., 2016b), even when the difference OMIT map shows electron density above a certain threshold. Without robust metrics, what constitutes unambiguity becomes a subjective measure. Opportunities for map misinterpretation are further exacerbated by partial-occupancy ligands, as will be discussed in detail below (Figure 2). Conversely, because the noise level of difference maps is related to the quality of the model, and typical macromolecular atomic models are still generally rather poor (R-values of greater than 20% are still the norm), difference maps are not able to identify more weakly binding ligands, since these will fall below the “noise level” of a difference map, leading to false negatives (failing to identify a ligand which did bind).
[image: Figure 2]FIGURE 2 | Conventional OMIT maps do not generally produce clear unambiguous evidence of binding for low occupancy ligands, even at high resolution. Examples for four binding fragments showing different levels of support for binding from OMIT maps, where clear evidence of binding is shown by PanDDA event maps. Map coloring: 2mFo-DFc maps are shown as blue mesh and all difference maps are shown as green/red mesh; associated PanDDA event maps are shown as purple surfaces. Map type and contour are as indicated. Both types of OMIT maps are produced by phenix.polder. Maps are truncated (carved) at 3Å around relevant residues and ligands for clarity; PanDDA maps are carved at 2Å. Model coloring: To distinguish alternate conformations, carbon atoms for ligand-associated conformations are coloured orange and non-ligand-associated conformations are coloured blue; main-conformation (full-occupancy) atoms are coloured light gray; all other atoms are colored by element except waters, which are coloured as per carbon atoms. Resolutions: (A) 1.40Å, (B) 1.60Å, (C) 1.29Å, (D) 1.34Å. Refined ligand occupancies: (A) 0.41, (B) 0.50, (C) 0.38, (D) 0.22. PanDDA event map pseudo-occupancies (1-BDC): (A) 0.15, (B) 0.17, (C) 0.10, (D) 0.11. (A) Binding is not evident in the 2mFo-DFc maps at a moderate contour level, but is clearly supported by both types of OMIT map, especially when considered in combination with the extra density from the superposed water molecules from non-ligand-associated conformations, as modeled. It is debatable whether the OMIT maps alone would provide strong enough evidence to support modeling of the ligand, but the single ligand conformation is clearly evidenced in the PanDDA event map, preventing potential misinterpretation of the OMIT map as multiple conformations of the ligand. (B) Similar to (A), but with less evidence in the simple OMIT map. The polder OMIT map provides an envelope which fits well with the envelope provided by the ligand and the superposed water molecules, as modeled. It is unlikely either OMIT map would be accepted as evidence of binding, but once more, the ligand conformation is clearly identified in the event map. (C) OMIT maps show mostly features which correspond to superposed (not-ligand-associated) waters, and do not present evidence for the bound ligand, unlike the event map. (D) Ligand binding coincides with an alternate conformation of an arginine residue, which dominates the refined maps and OMIT maps.
The large-scale availability of related crystallographic datasets from fragment screening experiments enabled the development of a data-driven multi-dataset ligand identification method: PanDDA (Pearce et al., 2017b). This approach aligns and compares electron density maps from different datasets and identifies local outliers in datasets which deviate from the population of electron density maps; this can be thought of as the multi-dataset generalization of isomorphous-difference (Fo-Fo) maps (Rould and Carter, 2003). For this to work, a number of datasets must not contain binders (i.e., be APO or “ground-state” datasets) against which putative binding datasets can be contrasted. For unfocussed fragment screening experiments, most datasets do not contain a binding fragment, which then constitute APO datasets. Alternately, when performing a fragment screen, a series of true APO datasets can also be collected and used, as is regularly performed at the XChem facility (Douangamath et al., 2021). For datasets with identified outliers, these outliers indicate an “event” at that location in that dataset, which gives strong evidence that a change has occurred in this dataset, and can—in contrast to OMIT maps—be used as a measure of signal. In fragment screening data, events are generally binding ligands, though some random structural changes and processing artifacts can also occur.
An additional insight while developing the PanDDA approach was that the majority of the identified binding events were partial-occupancy features, meaning that the fragment was only bound to a fraction of the protein molecules in the crystal—this is to be routinely expected for fragments, which have low binding affinities. In these cases, which constitute the large majority of identified fragments (Pearce et al., 2017b), the observed electron density is a weighted summation of the electron density for the fragment and also the “apo” or “ground-state” of the crystal, e.g., (dis)ordered water or other solvent molecules. Interpreting the raw experimental electron density map (or any kind of OMIT map) is not feasible in these cases, and indeed should be actively avoided, for fear of misinterpreting the superposed solvent density as part of the ligand density (Figure 2); this could cause mismodelling of the ligand, and would thereby mislead downstream medicinal chemists.
The real power of the PanDDA approach is the overcoming of the partial-occupancy obstacle by estimating the occupancy of the superposed ground state, and subsequently subtracting the appropriate fraction of the ground-state density, which is derived from the analysis of the ground-state (APO) datasets. This subtraction reveals an approximation to the experimental density for the bound state only, i.e., what would be obtained if the ligand was bound at full occupancy. This “event map” can then be used for ligand modeling (Figure 2). Several examples in the original PanDDA manuscript show examples of where interpreting the standard electron density maps lead to misinterpretation, as the standard experimental maps shows diffuse density that could be interpreted as the ligand in multiple conformations; however after application of the PanDDA approach, the ligand is clearly in one conformation, with a superposed solvent state (Pearce et al., 2017a; Pearce et al., 2017b; Pearce et al., 2017c).
In the original PanDDA implementation, no assumptions are made about whether datasets are comparable, and it has since been shown that pre-processing with methods such as cluster4x can dramatically increase the sensitivity of the method even further (Ginn, 2020). Combined, these approaches enable the identification and modeling of very low-affinity compounds which would not have been identified previously, and in doing so have greatly increased the amount of chemical matter available for ligand binding studies. However, the identification of weaker- and weaker-binding ligands have revealed significant weaknesses in currently available approaches for structure determination and usage.
In light of the experiences in fragment screening, it is clear that there is a large and underappreciated potential for misinterpreting electron density when modeling ligands, either because the ligand is not there at all (Stanfield et al., 2016b), or because the ligand binds at subunitary occupancy. Since we cannot know the occupancy of the ligand a priori, we may unwittingly be misinterpreting density for another molecule as density for the ligand, resulting in the wrong pose for (parts of) the ligand (Pearce et al., 2017b). Ligands in the PDB are routinely modeled at full occupancy (Pearce et al., 2017c), showing that partial occupancy is rarely considered. Our experiences with fragment screening have provided numerous cases where the outcome of a PanDDA analysis is very different to what might have been created using traditional approaches (Pearce et al., 2017a; Pearce et al., 2017b; Pearce et al., 2017c), including cases where the ligand was initially perceived to be in multiple conformations, but was in fact in one conformation, and vice versa. The exact prevalence of such mismodelling in the PDB is unknown, and though errors may be minor, inaccurate binding poses of important functional groups could seriously mislead downstream applications such as structure-based drug design.
Since sub-unitary occupancy became an inherent feature of the crystallographic data, this spurred the development of methods for the generation and refinement of multi-state models for superpositions of ligand-bound and ground-state states (Pearce et al., 2017b; Pearce et al., 2017c). Combining the ligand-bound model (derived from the event map) with the ground-state model (derived from the APO data sets) generates a multi-state model for refinement (Pearce et al., 2017c), and combined with appropriate occupancy restraints, this can produce relatively high-quality models for even low-occupancy ligands (Pearce et al., 2017b), although of course these models are lower quality than one would expect from stoichiometric binders. Visual inspection of the refined electron density maps becomes less useful for low-occupancy ligands, since all refined electron density maps will continue to contain multi-state superpositions, and so multiple validation metrics are useful for identifying errant parametric features of the models, such as inappropriate occupancies or B-factors (Pearce et al., 2017b; Pearce et al., 2017c). Iterative modeling using this multi-state approach requires a new mindset for the crystallographer, since it requires the different states of the model to be inspected separately and modeled into different electron density maps (i.e., the ground-state conformation into a ground-state map and the bound-state conformation into an event map), before being recombined for refinement against the original experimental data. This is currently technically difficult, and tools need to be further developed before this can be routinely applied by non-experts. However, routinely ignoring the partial-occupancy nature of ligands in crystallographic models is a significant oversight within the field, the current extent and effect of which is simply unknown.
STRUCTURE PRESENTATION AND ANALYSIS
With the influx of large volumes of structural data, such as that generated by synchrotron fragment-screening facilities, application-specific platforms for exploring and exploiting this data become a critical component in the context of fragment-based lead design (FBLD) (Bradley et al., 2015). Popular desktop-based software for the visualizing and analyzing crystal structures (e.g., PyMOL) are only tractable for a handful of structures, and are ineffective in identifying trends in data which could inform further FBLD (Deane et al., 2017). Curating and understanding of FBLD outputs is time-consuming due to the vast number of structures, and often rely heavily on the expertise of the researcher to keep track of interesting and potentially novel features from their analysis (de Souza Neto et al., 2020).
The usage of multi-state models introduces an additional difficulty when using these models in downstream applications. Users of the PDB are mostly not trained crystallographers, and can be confused by the presence of multiple superposed conformations in an atomic model—in the best case scenario, they are simply a nuisance artifact to be removed. Therefore, it is preferable to remove the superposed ground-state conformations from models, and present only the scientifically-interesting bound state. However, the PDB currently has no mechanism for presenting different states of the model, and thus depositors are left with a choice: deposit the full multi-state crystallographic model or deposit only the bound-state model. While the second option—which is the one that has been adopted by the XChem facility—is beneficial to the users of the PDB (who are after all the intended audience), this practice introduces problems for those that wish to reproduce model refinements, since only part of the model has been deposited; this has caused these models to be accurately identified as being poor and unreliable by validation efforts (Wlodawer et al., 2020). Now that hundreds of such models are being deposited in the PDB every year, there is urgently-needed functionality in the PDB for presenting the different components of multi-state models to end users, so that the full crystallographic model can be deposited. The development of routines which further allow the reproduction of PanDDA results are another critical area of required development to ensure that refinements of these models are reproducible and that the models can be validated.
The need for rapid access to 3D structural data necessary for competitive design of lead series in FBLD was brought into sharp focus by the coronavirus pandemic—even once the structures are processed and aligned, annotation and interpretation of this vast amount of information remains a formidable task. A plethora of structural data concerning SARS-CoV-2 and related proteins has been generated, but required a specialized data portal (PDBe-KB Covid-19 portal; https://www.ebi.ac.uk/pdbe/covid-19) (PDBe-KB consortium, 2022) to present data and findings in a coordinated way, including such information as 1) biological function, 2) display of a representative structure, 3) 3D superposed views of the structures and ligands, and 4) lists of relevant publications. Some generic online resources, for example michelaNGLo (Ferla et al., 2020), allow scientists to collaboratively annotate structural data with additional scientific context through an open-source web-based application that allows the creation and sharing of interactive pages containing interactive 3D representations of macromolecular data. Whilst this is extremely powerful, visitors to such pages should be aware that the structural data has often not been officially peer reviewed (though we must also note that peer review of structures in the PDB is not universal). However, since it is well-known that many structures in the PDB are not well-refined or have other serious problems—and that structures are often only made available to reviewers upon request—in both cases it is ultimately still up to individual users to appropriately interpret the data.
The Fragalysis platform combines the collaborative nature of an online discussion tool with the abilities to interrogate hundreds of crystal structures simultaneously. Fragalysis (https://fragalysis.diamond.ac.uk) is an open-source web-based application which was designed for the dissemination, evaluation and elaboration of fragment screening results from the XChem screening facility (https://www.diamond.ac.uk/Instruments/Mx/Fragment-Screening.html), and is aimed at the non-expert user to facilitate the progression of initial fragment hits from the beamline to more potent protein inhibitors. This is achieved by providing context to crystallographic data: All ligands in each crystal structure are treated as an individual entity, and for each ligand, the protein and ligand can be inspected or analyzed in isolation or together as part of an ensemble (Figure 3). This overlay of structural information provides the user with a starting point to consider how they might apply the existing data to the elaboration and prioritization of new molecules that aim to bind more potently.
[image: Figure 3]FIGURE 3 | Fragalysis aims to provide immediate access to ligand-protein information without confounding crystallographic artifacts. To achieve this, a given crystal structure (top left—Crystal A) is inspected to find all of the individual ligands. These ligands are then separated into separate bound-state entities (top right—Ligand 0A and Ligand 1A) using the Fragalysis API. Ligands are subsequently separated from their respective protein (top-right Ligand 0A and Protein 0A), and presented in Fragalysis as part of an ensemble of all ligands and proteins in the same reference frame (bottom).
In the recent development of Fragalysis, emphasis has been put onto how crystallographers can best communicate the key features and limitations of their crystallographic models to non-expert users, including the presentation of electron density maps—PanDDa event maps, refined 2mFo-DFc maps and mFo-DFc maps—for newer public datasets (e.g., SARS-CoV-2 Main Protease: https://fragalysis.diamond.ac.uk/viewer/react/preview/target/Mpro), and a new paradigm whereby atoms and bonds in ligands can be highlighlighted and commented upon. This both allows experts to annotate the structures for non-expert users, but also allows users to interrogate the experimental data themselves. These features will be presented fully in future publications. However, it is important to highlight that such developments are imminently necessary more widely in macromolecular crystallography, and structural biology in general. With such a massive amount of data available, and with so many computational methods in FBLD starting from crystallographic models, it is important that the structure-determination community takes responsibility for properly communicating and annotating their data and aiding the wider structural community in how to best interpret and make use of the data beyond crystallographic modeling. Of particular importance is the communication of quality considerations; here, several articles and reviews describe valuable tools for evaluation of raw experimental data and solved macromolecular structures (Kleywegt, 2000; Gore et al., 2012; Adams et al., 2016; Wlodawer, 2017).
Of course, this accumulation and digestion of populations of structures will likely be greatly affected in the near-term by the rapid advances of deep-learning structure-prediction methods such as AlphaFold (Jumper et al., 2021), and RoseTTAFold (Baek et al., 2021). Neither Alphafold nor RoseTTAFold (in their current released versions) incorporate the ability to add native ligands/cofactors, although a cavity which could accommodate one is often observed, nor allow the predicted binding poses of arbitrary ligands, but the development of these functionalities is inevitable and much anticipated.
DISCUSSION AND CONCLUSION
Despite the gains in efficiency in crystallographic experiments at synchrotrons, driven in part by automated fragment-screening beamlines, there has been no real corresponding increase of X-ray crystal structures in the PDB. The number of yearly released X-ray structures has remained largely the same since 2016 (with a COVID-19-driven exception for 2020). The number of structures that are deposited in the PDB is almost certainly significantly smaller than the real number of datasets collected or structures determined every year, especially since only a small fraction of the vast number of structures determined by pharmaceutical companies ends up in the public domain (Mullard, 2021). Nevertheless, it still takes a remarkably long time to get structures “deposition ready” and then into the PDB. There are two main problems: 1) Structure refinement does not have a clear endpoint and crystallographers often go through many refinement and model rebuilding iterations before they are comfortable depositing their data, and 2) there are hardly any tools available that help with data organization, metadata capture and large-scale PDB deposition. This leads to a situation where crystallographers tend to spend a disproportionate amount of time on finalizing what are usually considered “simple” protein-ligand structures. Consequently, this time is not available for actual structure analysis, which is further exacerbated by a lack of tools for parallel and comparative analysis of related crystal structures, combined with suitable graphical presentation.
Structural biology needs more dedicated and integrated tools for batch data processing, otherwise the gains in experimental efficiency will not result in a corresponding explosion of structural information. CRIMS, FragMAXapp and XChemExplorer begin to tackle these data-organization problems, but they are specialized for the environment where they have been developed, lack flexible workflow configuration, and are restricted to the determination of protein-ligand complexes by X-ray crystallography. While the details still need to be worked out, we would like to outline what such a novel and modular batch-processing workbench could look like. Such a platform should allow flexible and abstract workflow configuration with dedicated APIs for interaction with external databases or processing tools (Figure 1). It should facilitate direct usage of auto-processing results obtained at different synchrotrons and the meta-data stored in databases like ISPYB. This would significantly speed up the process, reduce errors and unburden users from the tedious task of data capture and management of vast amounts of raw diffraction data. Such a tool would not only be useful for single crystal diffraction experiments, but for any other multi-dataset experiment, e.g., serial synchrotron crystallography (SSX) data collections, whether for protein-ligand or time-resolved studies.
Furthermore, there are several paradigmatic lessons for routine macromolecular crystallography to adopt from fragment screening experiments. Our models need to become much more complex than they have been historically, and the databases and visualization methods for presenting these models need to develop quickly to account for this. In the short term, there is still much to be done to convince the community that more complex approaches—i.e., multi-state superpositions—are necessary, but done correctly, more complex structure-determination paradigms should allow for much more robust validation protocols than the current self-consistency metric paradigms. These problems in structure determination and validation are further exacerbated by the sheer number of structures that can be determined, and analytical and visualization methods for identifying trends and common features in these structures are due for an overhaul. Lastly, arguably the greatest responsibility of the macromolecular crystallographic community is to ensure that their data, especially when not proprietary, are released to the public in a timely fashion, and with clear and concise context that make them interpretable to observers and users who may or may not have the necessary expertise to analyze them critically themselves.
These changes will be a great challenge for the developers of databases and software for the deposition, presentation, interpretation and analysis of crystallographic data. These changes should be seen as an opportunity for those developers to redefine how we think about crystallographic data, and to treat this challenge as an exciting new area of scientific research. It is probable that the majority of applications will continue to move towards being web-based, and that more remote computing resources will need to be made available on a global level through academic funding routes. It should also be (made) apparent to funding bodies that disciplines like crystallography don’t function without robust, scalable, and sustainable software behind the scenes, and that more needs to be done to ensure secure medium- and long-term funding for software so that it can be developed and maintained appropriately. This must include funding streams to support individual research software development.
Conversely, it is the responsibility of computational scientists who develop new methods and algorithms to properly explain the relevant applications of their methods, and to ensure that those methods are made available where they are not proprietary. This includes publishing them in a version-controlled environment such as GitHub, and publishing links to these repositories within their manuscripts. It is our opinion that making data and algorithms ‘available upon request’ is no longer good enough, given the availability of a number of easy-to-use public repositories such as Zenodo (European Organization For Nuclear Research and OpenAIRE, 2013), where arbitrary files can be uploaded; to this point, the data and scripts for reproducing the OMIT maps for Figure 2 have been uploaded to Zenodo (https://doi.org/10.5281/zenodo.6334726).
Though the experiences and methods highlighted in this manuscript primarily arose from highly specialized experiments in fragment-based discovery, we believe many of the approaches should inspire developments in other areas of macromolecular crystallography. For instance, the multi-dataset-management approach to experimental crystallography is one that might greatly smooth the process of determining a (set of) typical crystallographic structure(s), and remove much of the tedious meta-data tracking, whilst more technical model-building aspects also have clear applications in more niche crystallographic experiments such as time-resolved crystallography, Laue crystallography, and X-ray Free Electron Laser (XFEL) experiments.
DATA AVAILABILITY STATEMENT
OMIT map figure data has been uploaded to Zenodo (https://doi.org/10.5281/zenodo.6334726). Further inquiries can be directed to the corresponding author.
AUTHOR CONTRIBUTIONS
NP, RS, and TK conceptualised and wrote the manuscript.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
TK acknowledges funding from the Swedish Research Council (Grant No. 2018-06454) and support by iNEXT-Discovery, project number 871037, funded by the Horizon 2020 program of the European Commission. Nicholas Pearce acknowledges funding from a Veni Fellowship, fellowship number VI.Veni.192.143 from the Dutch Research Council (NWO).
REFERENCES
 Adams, P. D., Aertgeerts, K., Bauer, C., Bell, J. A., Berman, H. M., Bhat, T. N., et al. (2016). Outcome of the First wwPDB/CCDC/D3R Ligand Validation Workshop. Structure 24, 502–508. doi:10.1016/j.str.2016.02.017
 Baek, M., DiMaio, F., Anishchenko, I., Dauparas, J., Ovchinnikov, S., Lee, G. R., et al. (2021). Accurate Prediction of Protein Structures and Interactions Using a Three-Track Neural Network. Science 373, 871–876. doi:10.1126/science.abj8754
 Berman, H. M., Westbrook, J., Feng, Z., Gilliland, G., Bhat, T. N., Weissig, H., et al. (2000). The Protein Data Bank. Nucleic Acids Res. 28, 235–242. doi:10.1093/nar/28.1.235
 Bhat, T. N., and Cohen, G. H. (1984). OMITMAP: An Electron Density Map Suitable for the Examination of Errors in a Macromolecular Model. J. Appl. Cryst. 17, 244–248. doi:10.1107/S0021889884011456
 Bradley, A. R., Wall, I. D., von Delft, F., Green, D. V. S., Deane, C. M., and Marsden, B. D. (2015). WONKA: Objective Novel Complex Analysis for Ensembles of Protein-Ligand Structures. J. Comput. Aided Mol. Des. 29, 963–973. doi:10.1007/s10822-015-9866-z
 Brändén, G., and Neutze, R. (2021). Advances and Challenges in Time-Resolved Macromolecular Crystallography. Science 373. doi:10.1126/science.aba0954
 Bricogne, G., Blanc, E., Brandl, M., Flensburg, C., Keller, P., Paciorek, W., et al. (2017). BUSTER. Cambridge, United Kingdom: Global Phasing Ltd. 
 Clabbers, M. T. B., Fisher, S. Z., Coinçon, M., Zou, X., and Xu, H. (2020). Visualizing Drug Binding Interactions Using Microcrystal Electron Diffraction. Commun. Biol. 3, 417. doi:10.1038/s42003-020-01155-1
 Collins, P. M., Ng, J. T., Talon, R., Nekrosiute, K., Krojer, T., Douangamath, A., et al. (2017). Gentle, Fast and Effective crystal Soaking by Acoustic Dispensing. Acta Cryst. Sect D Struct. Biol. 73, 246–255. doi:10.1107/S205979831700331X
 Cornaciu, I., Bourgeas, R., Hoffmann, G., Dupeux, F., Humm, A. S., Mariaule, V., et al. (2021). The Automated Crystallography Pipelines at the EMBL HTX Facility in Grenoble. Jove-Journal of Visualized Experiments 5.
 de Souza Neto, L. R., Moreira-Filho, J. T., Neves, B. J., Maidana, R. L. B. R., Guimarães, A. C. R., Furnham, N., et al. (2020). In Silico Strategies to Support Fragment-To-Lead Optimization in Drug Discovery. Front. Chem. 8, 93. doi:10.3389/fchem.2020.00093
 Deane, C. M., Wall, I. D., Green, D. V. S., Marsden, B. D., and Bradley, A. R. (2017). WONKAandOOMMPPAA: Analysis of Protein-Ligand Interaction Data to Direct Structure-Based Drug Design. Acta Cryst. Sect D Struct. Biol. 73, 279–285. doi:10.1107/S2059798316009529
 Delageniere, S., Brenchereau, P., Launer, L., Ashton, A. W., Leal, R., Veyrier, S., et al. (2011). ISPyB: an Information Management System for Synchrotron Macromolecular Crystallography. Bioinformatics 27, 3186–3192. doi:10.1093/bioinformatics/btr535
 Douangamath, A., Fearon, D., Gehrtz, P., Krojer, T., Lukacik, P., Owen, C. D., et al. (2020). Crystallographic and Electrophilic Fragment Screening of the SARS-CoV-2 Main Protease. Nat. Commun. 11, 5047. doi:10.1038/s41467-020-18709-w
 Douangamath, A., Powell, A., Fearon, D., Collins, P. M., Talon, R., Krojer, T., et al. (2021). Achieving Efficient Fragment Screening at Xchem Facility at diamond Light Source. JoVE . doi:10.3791/62414
 Echols, N., Grosse-Kunstleve, R. W., Afonine, P. V., Bunkóczi, G., Chen, V. B., Headd, J. J., et al. (2012). Graphical Tools for Macromolecular Crystallography inPHENIX. J. Appl. Cryst. 45, 581–586. doi:10.1107/S0021889812017293
 Echols, N., Moriarty, N. W., Klei, H. E., Afonine, P. V., Bunkóczi, G., Headd, J. J., et al. (2014). Automating Crystallographic Structure Solution and Refinement of Protein-Ligand Complexes. Acta Cryst. D Biol. Crystallogr. 70, 144–154. doi:10.1107/S139900471302748X
 Emsley, P., Lohkamp, B., Scott, W. G., and Cowtan, K. (2010). Features and Development ofCoot. Acta Crystallogr. D Biol. Cryst. 66, 486–501. doi:10.1107/S0907444910007493
 European Organization For Nuclear Research, and OpenAIRE, (2013). Zenodo. CERN. doi:10.25495/7gxk-rd71
 Ferla, M. P., Pagnamenta, A. T., Damerell, D., Taylor, J. C., and Marsden, B. D. (2020). MichelaNglo: Sculpting Protein Views on Web Pages without Coding. Bioinformatics 36, 3268–3270. doi:10.1093/bioinformatics/btaa104
 Förster, A., and Schulze-Briese, C. (2019). A Shared Vision for Macromolecular Crystallography over the Next Five Years. Struct. Dyn. 6, 064302. doi:10.1063/1.5131017
 Ginn, H. M. (2020). Pre-clustering Data Sets Using Cluster4x Improves the Signal-To-Noise Ratio of High-Throughput Crystallography Drug-Screening Analysis. Acta Cryst. Sect D Struct. Biol. 76, 1134–1144. doi:10.1107/S2059798320012619
 Gore, S., Velankar, S., and Kleywegt, G. J. (2012). Implementing an X-ray Validation Pipeline for the Protein Data Bank. Acta Crystallogr. D Biol. Cryst. 68, 478–483. doi:10.1107/S0907444911050359
 Günther, S., Reinke, P. Y. A., Fernández-García, Y., Lieske, J., Lane, T. J., Ginn, H. M., et al. (2021). X-ray Screening Identifies Active Site and Allosteric Inhibitors of SARS-CoV-2 Main Protease. Science 372, 642–646. doi:10.1126/science.abf7945
 Hughes, J., Rees, S., Kalindjian, S., and Philpott, K. (2011). Principles of Early Drug Discovery. Br. J. Pharmacol. 162, 1239–1249. doi:10.1111/j.1476-5381.2010.01127.x
 Jumper, J., Evans, R., Pritzel, A., Green, T., Figurnov, M., Ronneberger, O., et al. (2021). Highly Accurate Protein Structure Prediction with AlphaFold. Nature 596, 583–589. doi:10.1038/s41586-021-03819-2
 Kaminski, J. W., Vera, L., Stegmann, D. P., Vering, J., Eris, D., Smith, K. M. L., et al. (2022). Fast Fragment- and Compound-Screening Pipeline at the Swiss Light Source. Acta Cryst. Sect D Struct. Biol. 78, 328–336. doi:10.1107/S2059798322000705
 Kiriiri, G. K., Njogu, P. M., and Mwangi, A. N. (2020). Exploring Different Approaches to Improve the success of Drug Discovery and Development Projects: a Review. Futur J. Pharm. Sci. 6, 27. doi:10.1186/s43094-020-00047-9
 Kleywegt, G. J. (2000). Validation of Protein crystal Structures. Acta Crystallogr. D Biol. Cryst. 56, 249–265. doi:10.1107/s0907444999016364
 Kozielski, F., Sele, C., Talibov, V. O., Lou, J., Dong, D., Wang, Q., et al. (2022). Identification of Fragments Binding to SARS-CoV-2 Nsp10 Reveals Ligand-Binding Sites in Conserved Interfaces between Nsp10 and Nsp14/nsp16. RSC Chem. Biol. 3, 44–55. doi:10.1039/d1cb00135c
 Krojer, T., Talon, R., Pearce, N., Collins, P., Douangamath, A., Brandao-Neto, J., et al. (2017). TheXChemExplorergraphical Workflow Tool for Routine or Large-Scale Protein-Ligand Structure Determination. Acta Cryst. Sect D Struct. Biol. 73, 267–278. doi:10.1107/S2059798316020234
 Liebschner, D., Afonine, P. V., Moriarty, N. W., Poon, B. K., Sobolev, O. V., Terwilliger, T. C., et al. (2017). Polder Maps: Improving OMIT Maps by Excluding Bulk Solvent. Acta Cryst. Sect D Struct. Biol. 73, 148–157. doi:10.1107/S2059798316018210
 Lima, G. M. A., Jagudin, E., Talibov, V. O., Benz, L. S., Marullo, C., Barthel, T., et al. (2021). FragMAXapp: Crystallographic Fragment-Screening Data-Analysis and Project-Management System. Acta Cryst. Sect D Struct. Biol. 77, 799–808. doi:10.1107/S2059798321003818
 Lima, G. M. A., Talibov, V. O., Jagudin, E., Sele, C., Nyblom, M., Knecht, W., et al. (2020). FragMAX: the Fragment-Screening Platform at the MAX IV Laboratory. Acta Cryst. Sect D Struct. Biol. 76, 771–777. doi:10.1107/S205979832000889X
 Long, F., Nicholls, R. A., Emsley, P., Gražulis, S., Merkys, A., Vaitkus, A., et al. (2017). AceDRG: a Stereochemical Description Generator for Ligands. Acta Cryst. Sect D Struct. Biol. 73, 112–122. doi:10.1107/S2059798317000067
 Maveyraud, L., and Mourey, L. (2020). Protein X-ray Crystallography and Drug Discovery. Molecules 25, 1030. doi:10.3390/molecules25051030
 Moreno-Chicano, T., Ebrahim, A., Axford, D., Appleby, M. V., Beale, J. H., Chaplin, A. K., et al. (2019). High-throughput Structures of Protein-Ligand Complexes at Room Temperature Using Serial Femtosecond Crystallography. Int. Union Crystallogr. J. 6, 1074–1085. doi:10.1107/S2052252519011655
 Mullard, A. (2021). What Does AlphaFold Mean for Drug Discovery?Nat. Rev. Drug Discov. 20, 725–727. doi:10.1038/d41573-021-00161-0
 Murshudov, G. N., Skubák, P., Lebedev, A. A., Pannu, N. S., Steiner, R. A., Nicholls, R. A., et al. (2011). REFMAC5 for the Refinement of Macromolecular crystal Structures. Acta Crystallogr. D Biol. Cryst. 67, 355–367. doi:10.1107/S0907444911001314
 Newman, J. A., Douangamath, A., Yadzani, S., Yosaatmadja, Y., Aimon, A., Brandão-Neto, J., et al. (2021). Structure, Mechanism and Crystallographic Fragment Screening of the SARS-CoV-2 NSP13 Helicase. Nat. Commun. 12, 4848. doi:10.1038/s41467-021-25166-6
 Nitsche, C., and Otting, G. (2018). NMR Studies of Ligand Binding. Curr. Opin. Struct. Biol. 48, 16–22. doi:10.1016/j.sbi.2017.09.001
 Owen, R. L., Juanhuix, J., and Fuchs, M. (2016). Current Advances in Synchrotron Radiation Instrumentation for MX Experiments. Arch. Biochem. Biophys. 602, 21–31. doi:10.1016/j.abb.2016.03.021
 PDBe-Kb consortium, , Varadi, M., Anyango, S., Armstrong, D., Berrisford, J., Choudhary, P., et al. (2022). PDBe-KB: Collaboratively Defining the Biological Context of Structural Data. Nucleic Acids Res. 50, D534–D542. doi:10.1093/nar/gkab988
 Pearce, N. M., Bradley, A. R., Krojer, T., Marsden, B. D., Deane, C. M., and von Delft, F. (2017a). Partial-occupancy Binders Identified by the Pan-Dataset Density Analysis Method Offer New Chemical Opportunities and Reveal Cryptic Binding Sites. Struct. Dyn. 4, 032104. doi:10.1063/1.4974176
 Pearce, N. M., Krojer, T., Bradley, A. R., Collins, P., Nowak, R. P., Talon, R., et al. (2017b). A Multi-crystal Method for Extracting Obscured Crystallographic States from Conventionally Uninterpretable Electron Density. Nat. Commun. 8, 15123. doi:10.1038/ncomms15123
 Pearce, N. M., Krojer, T., and von Delft, F. (2017c). Proper Modelling of Ligand Binding Requires an Ensemble of Bound and Unbound States. Acta Cryst. Sect D Struct. Biol. 73, 256–266. doi:10.1107/S2059798317003412
 Potterton, L., Agirre, J., Ballard, C., Cowtan, K., Dodson, E., Evans, P. R., et al. (2018). CCP4i2: the New Graphical User Interface to theCCP4 Program Suite. Acta Cryst. Sect D Struct. Biol. 74, 68–84. doi:10.1107/S2059798317016035
 Pražnikar, J., Afonine, P. V., Gunčar, G., Adams, P. D., and Turk, D. (2009). Averaged Kick Maps: Less Noise, More Signal…and Probably Less Biasand Probably Less Bias. Acta Crystallogr. D Biol. Cryst. 65, 921–931. doi:10.1107/S0907444909021933
 Renaud, J.-P., Chari, A., Ciferri, C., Liu, W.-T., Rémigy, H.-W., Stark, H., et al. (2018). Cryo-EM in Drug Discovery: Achievements, Limitations and Prospects. Nat. Rev. Drug Discov. 17, 471–492. doi:10.1038/nrd.2018.77
 Rould, M. A., and Carter, C. W. (2003). “Isomorphous Difference Methods,” in Macromolecular Crystallography, Part D Methods in Enzymology (Amsterdam, Netherlands: Elsevier), 145–163. doi:10.1016/S0076-6879(03)74007-5
 Schiebel, J., Krimmer, S. G., Röwer, K., Knörlein, A., Wang, X., Park, A. Y., et al. (2016). High-Throughput Crystallography: Reliable and Efficient Identification of Fragment Hits. Structure 24, 1398–1409. doi:10.1016/j.str.2016.06.010
 Schuller, M., Correy, G. J., Gahbauer, S., Fearon, D., Wu, T., Díaz, R. E., et al. (2021). Fragment Binding to the Nsp3 Macrodomain of SARS-CoV-2 Identified through Crystallographic Screening and Computational Docking. Sci. Adv. 7. doi:10.1126/sciadv.abf8711
 Schulz, E. C., Yorke, B. A., Pearson, A. R., and Mehrabi, P. (2022). Best Practices for Time-Resolved Serial Synchrotron Crystallography. Acta Cryst. Sect D Struct. Biol. 78, 14–29. doi:10.1107/S2059798321011621
 Sharff, A., Keller, P., Vonrhein, C., Smart, O., Womack, T., Flensburg, C., et al. (2011). Pipedream. Cambridge, United Kingdom: Global Phasing Ltd. 
 Sharpe, M. E., and Wojdyla, J. A. (2021). Fragment-Screening and Automation at the Swiss Light Source Macromolecular Crystallography Beamlines. J. Crystallogr. Soc. Jpn. 63, 232–235. doi:10.5940/jcrsj.63.232
 Sparta, K. M., Krug, M., Heinemann, U., Mueller, U., and Weiss, M. S. (2016). XDSAPP2.0. J. Appl. Cryst. 49, 1085–1092. doi:10.1107/S1600576716004416
 Stanfield, R., Pozharski, E., and Rupp, B. (2016a). Additional Comment on Three X-ray Crystal Structure Papers. J.I. 196, 528–530. doi:10.4049/jimmunol.1502281
 Stanfield, R., Pozharski, E., and Rupp, B. (2016b). Comment on Three X-ray Crystal Structure Papers. J.I. 196, 1–524. doi:10.4049/jimmunol.1501343
 Svensson, O., Gilski, M., Nurizzo, D., and Bowler, M. W. (2019). A Comparative Anatomy of Protein Crystals: Lessons from the Automatic Processing of 56 000 Samples. Int. Union Crystallogr. J. 6, 822–831. doi:10.1107/S2052252519008017
 Terwilliger, T. C., Grosse-Kunstleve, R. W., Afonine, P. V., Moriarty, N. W., Adams, P. D., Read, R. J., et al. (2008). Iterative-build OMIT Maps: Map Improvement by Iterative Model Building and Refinement without Model Bias. Acta Crystallogr. D Biol. Cryst. 64, 515–524. doi:10.1107/S0907444908004319
 Vonrhein, C., and Bricogne, G. (2005). Automated Structure Refinement for High-Throughput Ligand Detection with BUSTER-TNT. Acta Cryst. Sect A. 61, c248. doi:10.1107/S0108767305089415
 Vonrhein, C., Flensburg, C., Keller, P., Sharff, A., Smart, O., Paciorek, W., et al. (2011). Data Processing and Analysis with theautoPROCtoolbox. Acta Crystallogr. D Biol. Cryst. 67, 293–302. doi:10.1107/S0907444911007773
 Winter, G. (2010). xia2: an Expert System for Macromolecular Crystallography Data Reduction. J. Appl. Cryst. 43, 186–190. doi:10.1107/S0021889809045701
 Wlodawer, A., Dauter, Z., Shabalin, I. G., Gilski, M., Brzezinski, D., Kowiel, M., et al. (2020). Ligand‐centered Assessment of SARS‐CoV‐2 Drug Target Models in the Protein Data Bank. FEBS J. 287, 3703–3718. doi:10.1111/febs.15366
 Wlodawer, A. (2017). Stereochemistry and Validation of Macromolecular Structures. Methods Mol. Biol. 1607, 595–610. doi:10.1007/978-1-4939-7000-1_24
 Wojdyr, M., Keegan, R., Winter, G., and Ashton, A. (2013). DIMPLE- a Pipeline for the Rapid Generation of Difference Maps from Protein Crystals with Putatively Bound Ligands. Acta Cryst. Sect A. 69, s299. doi:10.1107/S0108767313097419
 Wollenhaupt, J., Barthel, T., Lima, G. M. A., Metz, A., Wallacher, D., Jagudin, E., et al. (2021). Workflow and Tools for Crystallographic Fragment Screening at the Helmholtz-Zentrum Berlin. JoVE 3. doi:10.3791/62208
 Zheng, H., Hou, J., Zimmerman, M. D., Wlodawer, A., and Minor, W. (2014). The Future of Crystallography in Drug Discovery. Expert Opin. Drug Discov. 9, 125–137. doi:10.1517/17460441.2014.872623
Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2022 Pearce, Skyner and Krojer. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fmolb-09-861491-g003.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Experiences From Developing Software for Large X-Ray Crystallography-Driven Protein-Ligand Studies		Introduction

		Batch Data Processing and Refinement Tools

		Identification, Modeling and Refinement of Binding Molecules

		Structure Presentation and Analysis

		Discussion and Conclusion

		Data Availability Statement

		Author Contributions

		Publisher’s Note

		Acknowledgments

		References









OPS/images/cover.jpg
’ frontiers | Frontiers in Molecular Biosciences






OPS/images/fmolb-09-861491-g001.gif





OPS/images/fmolb-09-861491-g002.gif
i i et Vi
(58 43 ) (43 i)

i

hemde ol

OB o

o










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Molecular Biosciences





