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Abstract: Labelling techniques such as electron paramagnetic resonance spectroscopy and single- 1

molecule fluorescence resonance energy transfer, allow access to distances in the range of tens of 2

angstroms, corresponding to the size of proteins and small to medium-sized protein complexes. Such 3

measurements do not require long-range ordering and are therefore applicable to systems with partial 4

disorder. Data from spin-label-based measurements can be processed into distance distributions 5

that provide information about the extent of such disorder. Using such information in modelling 6

presents several challenges, including a small number of restraints, the influence of the label itself on 7

the measured distance and distribution width, and balancing the fitting quality of the long-range 8

restraints with the fitting quality of other restraint subsets. Starting with general considerations about 9

integrative and hybrid structural modelling, this review provides an overview of recent approaches 10

to these problems and identifies where further progress is needed. 11

Keywords: EPR spectroscopy; double electron electron resonance; FRET; ensemble model; intrinsic 12

disorder; structural biology; site-directed spin labelling; molecular force fields 13

1. Introduction 14

In the early decades, structural biology followed Anfinsen’s thermodynamic hypothe- 15

sis [1] that, under normal physiological conditions, the peptide sequence encodes a single 16

deep minimum in the potential energy surface. This minimum corresponds to a single 17

protein conformation. So the goal was to determine a unique three-dimensional structure 18

with the best possible resolution. X-ray diffraction of protein crystals and later NMR spec- 19

troscopy of proteins in solution became the main approaches of structural biology. After a 20

"resolution revolution", cryo-electron microscopy could also provide structures at atomic 21

resolution. Recently, solid-state NMR has been developed into another approach to this 22

problem. 23

At the turn of the millennium, it became clear that a substantial fraction of proteins 24

and protein domains are intrinsically disordered in functional states [2–5]. In 2015, Peng et 25

al. quipped that these exceptions are exceptionally abundant in all domains of life, with 26

eukaryotic proteomes being about 20 % disordered [6]. Their analysis found that disordered 27

regions exhibit some sequence conservation, but less conservation than structured regions 28

and that disorder is enriched, among else, in transcription, translation, and RNA splicing. 29

Disorder in involved in the interaction of viruses with other organisms and especially 30

in their RNA binding [6]. In many cases, the disorder of proteins or their domains is 31

not complete in the sense that the macromolecules could be described by a random coil. 32

Instead, proteins populate a continuum of order and disorder, and the extent of disorder 33

can be heterogeneous even within the same domain [7]. Proteins featuring disorder are 34

underrepresented in structural databases [6]. They may be overrepresented among systems 35

studied using site-directed spin labelling (SDSL) and electron paramagnetic resonance 36

(EPR) spectroscopy, as this approach is often considered a last resort for systems that defy 37

full characterisation by better established approaches. By measuring distance distributions 38
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through the combination of SDSL with double electron resonance (DEER), many EPR 39

studies have thus found that a description in terms of a single conformer is inadequate [8]. 40

This raises the question of how to build reliable ensemble models of proteins and protein 41

complexes. 42

About two decades of research have shown that, in general, no single experimental 43

approach is able to provide a sufficient set of restraints for building that fully accounts for 44

the residual order of a partially disordered system. This, along with the same realisation 45

in structure determination of large molecular machines [9,10], has led to approaches that 46

integrate experimental restraints from different techniques. Such approaches are referred to 47

as integrative in this review. In a few cases, even the data collected by several experimental 48

techniques may not suffice for generating a sufficiently detailed model. One can then resort 49

to including information from knowledge bases, such as molecular force fields [11,12], 50

fragment libraries [13,14], or structure predictions based on homology and coevolution 51

[15]. Such approaches are referred to as hybrid in this review. 52

An overview of all relevant developments in ensemble modelling with integrative and 53

hybrid approaches would probably require an entire book. Instead, we will here approach 54

the topic from the perspective of nanometer-scale distance measurements, such as those 55

that can be made between labels on a protein or nucleic acid using DEER EPR [16] or single- 56

molecule fluorescence resonance energy transfer (smFRET) [17]. In particular, we will 57

focus on the distance distribution information obtained with DEER EPR. This information is 58

unique in that it provides information about the width of the ensemble and thus the extent 59

of disorder. Our focus means that we cannot do full justice to the parallel developments in 60

smFRET. Nevertheless, we discuss the complementarity between smFRET and DEER EPR 61

as well as some methodological analogies and differences. 62

This review is organised as follows. First, we consider the general flow of information 63

in ensemble modelling through integrative or hybrid approaches. Then, we approach the 64

problem from the perspective of statistical thermodynamics to provide a solid foundation 65

for the discussion of the continuum of order and disorder. In doing so, we point out that 66

the energy hypersurfaces underlying protein function, experimental measurements, and 67

molecular force fields are subtly different. We critically discuss different approaches to 68

generating a raw ensemble and reweighting the ensemble. Then we consider the specifics 69

of label-based restraints. In particular, we address the need to represent labels in the 70

model and discuss the available approaches for that. We then turn to distribution restraints 71

and discuss the best ways to implement them in raw ensemble generation and ensemble 72

reweighting. We conclude with thoughts on necessary future developments, in particular 73

the separation of ensemble width and ensemble uncertainty. 74

2. Information flow in ensemble modelling 75

Integrative modelling of biomolecular structures is often performed as ensemble 76

modelling, where the width of the ensemble is related to both the uncertainty of the model 77

and the disorder of the modelled system. Information flow and key modules (Figure 78

1) are common to different approaches to the problem. The experimental phase of the 79

project provides primary data, the interpretation of which depends on further information 80

about the sample and the modalities of the measurements. The first stage of the modelling 81

pipeline analyses this data and converts it into structural restraints. In many cases, this 82

includes conversion to spatial restraints, such as distances, angles, and torsion angles. In 83

some cases, however, it is preferable to restrain the model with standardised, experiment- 84

specific data, such as phase- and zero-time-corrected primary DEER data (see Section 85

6.1). 86

The second stage of the pipeline generates a raw ensemble of conformers of the system, 87

where we use the term conformer for both the conformation of individual macromolecules 88

and their mutual arrangement (docking). The critical aspect of this stage is sufficient 89

sampling of the conformer space to avoid missing valid solutions. Such sampling is based 90

on statistics about possible conformations and is more efficient the better these statistics 91
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are known. Sampling cannot be improved by restraints that can only be simulated with a 92

complete ensemble. However, it can be improved by distribution constraints that provide 93

information about the probability of occurrence of individual conformers. In hybrid 94

modelling, sampling is improved by relying on a molecular force field, often by performing 95

a molecular dynamics (MD) simulation. 96
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Figure 1. General pipeline for integrative and hybrid ensemble modelling. Thick black arrows denote
required inputs, thin grey arrows denote optional inputs. The pipeline is preceded by the design and
execution of experiments and is complemented by ensemble analysis. Numbers 1 to 5 denote the
main modules that can be implemented using different approaches.

The raw ensemble of conformers output from the second stage of the modelling 97

pipeline is not expected to provide the best fit of all restraints. Therefore, the third stage 98

of the pipeline fits the ensemble to the restraints by selecting a subset of conformers from 99

the raw ensemble or by assigning weights to the conformers. These two approaches can 100

be combined by interpreting the weights as populations of representative conformers and 101

discarding conformers whose populations are below a threshold. This stage yields a repre- 102

sentative ensemble whose optimal size is discussed in section 3.1 based on thermodynamics 103

and resolution arguments. 104

It is important to note that the third stage always yields an ensemble model, even if the 105

experimental data are insufficient or inconsistent. The model must therefore be validated 106

in the fourth stage of the pipeline, for example by systematically omitting restraints in 107

bootstrapping or jacknife resampling [18] approaches. Alternatively, the model can be used 108

to predict previously unused restraints or the outcome of new biophysical or biochemical 109
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experiments. Validation may also include visual inspection of the conformers and their 110

interpretation in terms of the biological function of the system. 111

Finally, the validated representative ensemble model is deposited together with meta- 112

data in a repository from which it can be freely downloaded. The most popular repository 113

for biomolecular structures, the Protein Data Bank (PDB), does not yet accept models 114

obtained by integrative or hybrid modeling. However, there is a development version 115

PDB-Dev that will be integrated into the PDB once the modalities for structure submission 116

and curation are established [19,20]. Ensembles of intrinsically disordered proteins (IDPs) 117

that do not meet PDB-Dev requirements can be deposited in the Protein Ensemble Database 118

[21]. 119

3. Thermodynamic description of biomolecular structure 120

All approaches to biomolecular ensemble modeling are based on concepts of statistical 121

thermodynamics. Although these concepts provide a convenient common framework for 122

discussing the various approaches, they are rarely discussed explicitly. Here we provide 123

such a discussion because the special role of long-range and distribution restraints follows 124

from it. 125

3.1. Relation between energy hypersurface and ensemble representation 126

We make the usual assumption that the structure of a biomolecular system can be 127

described within the framework of equilibrium thermodynamics. For simplicity, we discuss 128

concepts for a system consisting of a single peptide chain whose bond lengths and angles 129

are fixed within the uncertainty of the structure. The structure of a single chain is thus 130

completely characterized by a vector χ⃗ of backbone and side-chain torsion angles. The 131

concepts can be extended by analogy to nucleic acids and complexes of biomolecules. At 132

any given time, the microstate of a large number of copies of this system is described by 133

the set of vectors χ⃗m of all M molecules with indices m. This microstate is dynamic on a 134

sub-nanosecond time scale. The full information on the microstate is not experimentally 135

accessible. Instead, we must settle for a description in terms of a macrostate that is consistent 136

with all experimental observations and allows prediction of all observables. The macrostate 137

corresponds to an ensemble average over all molecules observed in an experiment and 138

an average over the observation time. We assume the equivalence of ensemble and time 139

average, i.e., an ergodic system. 140

Under these assumptions, the distribution of χ⃗ is a Boltzmann distribution that can 141

be calculated from the energy hypersurface E(χ⃗) and the temperature T. Even with a 142

discretisation of the torsion angles, the number of potential conformers is far too large to 143

represent the structure by the totality of conformers and associated populations. Instead, 144

we opt for a set of representative conformers and their populations. Conceptually, this 145

description corresponds to a clustering of the ensemble of all conformers that appear in 146

the sample and during the observation period. Each cluster is represented by its central 147

conformer, which is structurally the least different from all other conformers in the cluster. 148

In such clustering we do not want to lose resolution. The smallest number of clusters 149

that satisfies this condition is related to the experimental resolution. We require that the 150

structure of conformers in each cluster does not differ by more than the spatial resolution 151

of our experimental observations. For a given spatial resolution, the smallest number of 152

representative conformers (clusters) is determined by the shape of the energy hypersurface. 153

For simplicity, we discuss this relation for a projection of the hypersurface onto a dimension 154

with coordinate ξ (Figure 2). 155
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Figure 2. Classification of energy landscapes of biomolecular systems. Energy landscapes are
associated with uncertainties (semitransparent bands), as explained in the text. (a) Anfinsen limit
with a single minimum several times the thermal energy kBT lower than the rest of the hypersurface.
Shown are the slightly different energy landscapes corresponding to the system in the living cell
(black), two different experimental series 1 (red) and 2 (orange-red), and a molecular force field (blue).
(b) System with two separate minima differing by only a small multiple of kBT. (c) Energy landscape,
with ruggedness on the order of kBT. (d) Energy landscape that is nearly flat on the order of kBT.

The simplest case (Figure 2(a)) corresponds to the thermodynamic hypothesis of 156

Anfinsen[1], which assumes a single minimum of the hypersurface lower than the rest of 157

the hypersurface by a large multiple of the thermal energy kBT. In this limit, only the single 158

conformer corresponding to this minimum is substantially populated. Such a complete 159

enthalpic control of the structure is always only an approximation to the native state. For 160

example, surface-exposed side chains typically populate multiple rotameric states, and in 161

almost all proteins, short terminal segments exhibit some disorder. However, for small 162

globular proteins or globular domains of proteins, this approximation is often sufficient to 163

understand most of the structure-function relationship. In this limiting case, the system 164

can be represented and interpreted in atomistic detail by a single conformer. 165

In general, the function of biomolecules depends on binding events or changes of state 166

that are accompanied by structural changes. Insofar as the energy hypersurface depends 167

on the concentrations of all components of a cell or organelle, such restructuring can be 168

explained by a change in the energy hypersurface. Often, however, the minima correspond- 169

ing to all functional structures of a system exist on all relevant hypersurfaces, only their 170

relative energies change when a state changes. When the energy difference between such 171

minima is only a small multiple of kBT, more than one state is substantially populated, as 172

shown in Figure 2(b) for a system with two states. Representing the macrostate of such a 173

system only by the lowest energy conformer leads to erroneous predictions of observables 174

and loss of information about the structure-function relationship. 175

The situation is most complicated when the energy landscape is rugged on the order 176

of kBT (Figure 2(c)). Such systems combine structural preferences with high flexibility. 177

The ensemble of conformers is broad, and preferences for subsets of conformers shift with 178

small changes in external conditions. Presumably, this class of systems is well suited 179
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for regulation and promiscuous binding. For a correct description of the macrostate, an 180

extensive ensemble of representative conformers is required. 181

The situation simplifies again when flexibility, and hence disorder, increases further. 182

The ensemble encoded by an energy hypersurface that is virtually flat on the order of kBT 183

approaches a random polymer coil. This limit of complete entropic control is found in 184

denatured proteins [22] and in some intrinsically disordered proteins and protein domains 185

[23]. When the state of a system is experimentally indistinguishable from such complete 186

disorder, two parameters of a self-avoiding random walk chain model are sufficient to 187

describe the macrostate. 188

3.2. Integrative and hybrid structural biology 189

How can we derive the best description of the macrostate from experimental data? 190

In the Anfinsen limit (Figure 2(a)), it is often sufficient to collect data using a single 191

experimental technique such as X-ray diffraction, cryo-electron microscopy (cryo-EM) 192

or NMR spectroscopy and interpret them in terms of atomic coordinates for a single 193

conformer. In favourable cases, NMR [24,25] or cryo-EM data [26] also suffice for inferring 194

the macrostate of systems that populate a small number of states (Figure 2(b)). However, 195

many systems of interest either cannot be captured by one of these techniques or require 196

an ensemble description. In this situation, the set of experimental structural restraints 197

that can be obtained with a single technique is often too sparse. Sparsity means that the 198

number of restraints is not sufficient to specify the macrostate at a resolution close to the 199

experimental resolution of the technique. In such a situation, it is necessary to integrate 200

restraints from different experimental techniques. In this sense, structure determination 201

by NMR can be considered as an integrative approach [27], because it usually combines 202

diverse information from multiple experiments. 203

In the thermodynamic framework, the experimental restraints are implicitly used 204

to reconstruct the energy hypersurface that determines the macrostate. In general, the 205

experimental data specify spatial constraints, each related to the distribution P(ξ) of a 206

particular spatial variable ξ. The distribution P(ξ) can be calculated from the energy 207

hypersurface via the Boltzmann distribution and corresponds to a projection onto the ξ 208

axis. Vice versa, the distribution P(ξ) defines a potential of mean force along ξ (Figure 3). 209

If the number of available projections is sufficiently large, the implicit reconstruction of 210

the energy hypersurface can succeed with sufficient detail. If the number of projections is 211

too small, the macrostate can still be characterized in sufficient detail by augmenting the 212

experimental information with a molecular force field or other information derived from a 213

knowledge base. A force field defines its own complete energy hypersurface and thus its 214

own macrostate. Experimental restraints are used to correct for inadequacies of the force 215

field (see below). 216
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Figure 3. Equivalence between diatance distributions (a,c) and potentials of mean force (b,d) for
protein site pairs 71/475 (a,b) and 235/475 (c,d) in the complex of polypyrimidine tract binding
protein 1 with encephalomyocarditis virus internal ribosome entry site. Data from [28].

The concept of implicit reconstruction of the energy hypersurface leads to a classifi- 217

cation of experimental restraints. Most methods provide a list of single-valued restraints, 218

where each restraint corresponds to a mean value of P(ξi) for a given spatial parameter 219

ξi. Such mean-value restraints do not contain direct information about the width of the 220

conformer ensemble. Scattering curves from small-angle X-ray or neutron scattering exper- 221

iments (SAXS and SANS) provide global distribution restraints, where ξ corresponds to 222

molecular shape rather than a geometric parameter defined between sites in the molecule. 223

SDSL combined with DEER EPR measurements provides distribution restraints P(rij) for 224

pairs of sites (i, j) corresponding to a potential of mean force between these sites. The 225

agreement of mean-value restraints and global distributional restraints with experiments 226

can only be evaluated at the ensemble level. In contrast, individual conformers can be 227

tested for their consistency with site-to-site distribution restraints. 228

3.3. Uncertainty and bias of energy hypersurfaces 229

The aim is to obtain a macrostate description of the native state of the biomolecular 230

system in a particular cell state. This cell state is characterised by the expression level of the 231

protein under consideration and its potential binding partners or a certain concentration 232

range of low molecular weight ligands, as well as by a physiological temperature range. It 233

corresponds to the native energy hypersurface indicated by the black line in Figure 2(a). The 234

energy hypersurface is subject to some uncertainty, indicated by the semitransparent band. 235

The uncertainty arises, for example, from the concentration ranges of other constituents 236

in the same cell state. For consistency, we must also specify a reference temperature. The 237

temperature variation then corresponds to a variation of the energy hypersurface with 238

respect to a reference hypersurface. Conceptually, this variation results from the calculation 239

of the Boltzmann distribution of conformers at the current temperature and the subsequent 240

Boltzmann inversion at the reference temperature. The uncertainty of the native energy 241

hypersurface leads to some uncertainty of the macrostate. 242

Note that the energy hypersurface underlying an experimental measurement gener- 243

ally differs from the native energy hypersurface (red and orange-red lines in 2(a)). This 244

difference or bias results from the different composition of the sample compared to the 245

cellular environment of the system and, in many cases, from the difference between the 246

physiological temperature and the temperature of the measurement. The hypersurface 247

underlying an experiment is subject to some uncertainty arising from the uncertainty in the 248

compositional parameters and temperature. In labelling techniques, additional uncertainty 249

is introduced by the label, the presence of which can affect the conformational preference 250

of the macromolecular backbone. Although it appears that this introduces bias rather than 251

uncertainty, it is better to think of it as the latter, since different restraints in the same 252
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set are obtained with labels at different locations. Biases and uncertainties in the energy 253

hypersurfaces are different for different techniques because each technique has different 254

sample and temperature requirements. An integrative approach determines a macrostate 255

corresponding to an average of the hypersurfaces underlying each experiment. 256

A molecular force field determines an energy hypersurface without any uncertainty 257

(blue line in 2(a)) and with three sources of bias. Description bias results from simplifying 258

the molecular physics in the form of the force field, e.g., by using harmonic potentials or 259

neglecting polarisability. Parameterisation bias results from imperfect determination of 260

force field parameters. Compositional bias results from differences between the simulated 261

and native systems, e.g., a much higher effective protein concentration in the simulations. 262

The bias of the molecular force field is often tolerable in the Anfinsen limit, where it causes 263

a distortion of the macrostate smaller than or comparable to the experimental spatial 264

resolution. The bias has particularly severe consequences for energy hypersurfaces that are 265

rugged on the scale of thermal energy kBT, since in this region even a small bias leads to 266

large shifts in the conformer distribution. Molecular force fields may also fail in predicting 267

the radius of gyration in the limit of complete disorder [29,30]. The latter problem can 268

be addressed by reparameterization (see [30,31]). However, the effectiveness of such 269

reparameterization in reducing biases in other regimes is unknown. Improving force fields 270

for intrinsically disordered proteins is an active area of research where it has been observed 271

that such improvement can degrade accuracy in describing ordered domains [32]. Although 272

a force field adequate for both folded and disordered protein states has been developed [33], 273

description of systems corresponding to rugged energy hypersurfaces remains a challenge 274

[34]. In general, molecular force fields are expected to provide an accurate description 275

of local structure, especially in ordered regions. Some of the associated approximations 276

reduce their predictive power for long-range interactions. Distance constraints in the range 277

of 20 Å upwards are expected to compensate for this limitation and could therefore be a 278

particularly suitable complement to force fields. 279

4. Integrative and hybrid ensemble modelling 280

The construction of a representative ensemble from experimental restraints, possibly 281

augmented by a molecular force field, can be done in different ways implemented fully or 282

in part in a number of software packages (Table 1). In all approaches, the conformational 283

space is sampled and a large ensemble of conformational candidates is reduced to a smaller 284

representative ensemble. 285

Table 1. Selected software packages for integrative modelling and ensemble modelling with label-
based restraints

Package Purpose URL

BioEn Ensemble reweighting github.com/bio-phys/BioEn

DEER-PREdict1 Distance distributions and
PRE

github.com/KULL-
Centre/DEERpredict

Flexible Meccano Raw ensemble tinyurl.com/2fhuf4wj

FPS smFRET label modelling github.com/Fluorescence-
Tools/FPS

FRETrest2 restrained MD github.com/Fluorescence-
Tools

IMP Modelling pipeline integrativemodeling.org/
MMMx Modelling pipeline github.com/gjeschke/MMMx

mtsslSuite3 Distance Distributions mtsslsuite.isb.ukbonn.de
PLUMED-ISDB Modelling pipeline plumed.org
reMD Prepper4 restrained MD charmm-gui.org

Spin-Pair Distributor4 Distance distributions charmm-gui.org
Yasara5 Structure refinement yasara.org

1 Python package: pip install DEERPREdict 2 Requires proprietary AMBER. 3 Server version including mod-
ules for several tasks. 4 Requires proprietary CHARMM. 5 Proprietary software.
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4.1. Monte Carlo sampling and scoring 286

In principle, we would prefer to sample the conformational space exhaustively. A 287

simple consideration shows that this is not feasible. Already without considering side- 288

chain rotamers, the number of conformers for a peptide chain with N residues is ∏N
n=1 bn, 289

where the bn is the number of backbone rotamers per residue. Even if bn is reduced to the 290

number of local minima in residue-specific Ramachandran diagrams [35] (bn = 2 . . . 6), the 291

total number of conformers far exceeds the capabilities of computers already at a chain 292

length of N = 30. The problem is solved by Monte Carlo generation of a large ensemble 293

of conformers, assuming that this ensemble covers the conformational space sufficiently 294

well to derive a valid representation of the macrostate. Site-to-site distance distribution 295

restraints can be evaluated at the conformer level and can thus improve sampling efficiency 296

[36]. In any case, sampling efficiency is improved by using residue-specific Ramachandran 297

angle statistics, such as those implemented in Flexible Meccano [37]. 298

The representative ensemble is then generated by selecting conformers from the raw 299

ensemble and assigning populations. It is possible to assign uniform populations. However, 300

non-uniform populations provide a macrostate description with the same predictive quality 301

at a smaller ensemble size. The selection of representative ensembles can be based on a 302

genetic algorithm, as implemented in ASTEROIDS [38], or on fitting the population vector 303

to experimental restraints, as implemented in MMMx [39]. Provided that the sampling 304

of the conformational space is sufficient, equivalent ensemble descriptions are expected 305

regardless of the approach used for generating the raw ensemble. The Integrative Modeling 306

Platform (IMP) provides a number of different optimizers for selecting a representative 307

ensemble [40]. 308

4.2. Molecular Dynamics approaches 309

Hybrid modeling using a molecular force field is usually implemented by molec- 310

ular dynamics (MD) simulations. Such approaches aim to compensate for bias of the 311

force field by adding a counter-bias derived from experimental restraints [41,42]. Small or 312

medium-sized ensembles can be obtained in this way by replica MD simulations [43–45]. 313

Alternatively, larger raw ensembles obtained from "unbiased" MD simulations can be 314

refined, which is often referred to as ensemble reweighting. Both types of approaches 315

can be based on maximum entropy considerations [41] or on Bayes’ theorem [46]. Bayes’ 316

theorem in this context states that the conditional probability P(C|D) of a conformer C 317

given experimental data D is equal to the product of the conditional probability P(D|C) of 318

occurrence of these data for the conformer and the prior probability P0(C) of occurrence 319

of the conformer in the absence of experimental information. The calculation of P(D|C) 320

is usually straightforward and allows for the consideration of experimental uncertainties. 321

Difficulties can arise in the presence of unknown contributions to experimental uncertainty, 322

such as systematic errors, and unknown uncertainty in the physical model used in predict- 323

ing experimental data from the structure. The prior is usually chosen as the result of an 324

unrestrained MD simulation with a molecular force field considered appropriate for the 325

system under study [47]. Insofar as different force fields differ in their energy hypersurface 326

for disordered or partially ordered proteins, the outcome of Bayesian approaches will 327

depend on the chosen force field even when the conformational space is fully scanned. To 328

the best of our knowledge, this problem has not yet been investigated systematically. 329

PLUMED-ISDB is a toolbox that provides a computational framework for Bayesian 330

metainterference applied to integrative structural biology [48]. Bayesian refinement of 331

ensembles (BioEn) [43] is applicable to raw ensembles regardless of their origin, but is 332

most easily connected to the thermodynamic framework for MD simulations. The prior 333

is then defined by the energy hypersurface of the molecular force field, which is known 334

to be biased with respect to the native energy hypersurface. Directly using probabilities 335

from an "unbiased" MD simulation (i.e., a simulation that includes the bias of the force field 336

with respect to the native energy hypersurface) as the prior would leave some of the bias 337

of the force field uncorrected. To mitigate this problem, the BioEn approach corrects the 338
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prior via a relative entropy formalism by assigning a confidence level θ > 0 to the force 339

field. Although θ also cannot be derived from first principles unless the magnitude of the 340

force field distortion is known, refinement can be performed for multiple values of θ and 341

an optimal value selected by an L-curve criterion (for details, see [43]). 342

Alternatively, experimental restraints can be introduced into MD simulations as 343

ensemble-averaged harmonic restraints [49,50]. It has been argued that in this way a 344

single ensemble-averaged restraint affects not only the mean conformation but also inap- 345

propriately the variance of the conformation, i.e., the ensemble width, whereas this problem 346

can be avoided in maximum entropy approaches [41]. Therefore, maximum entropy or 347

Bayesian approaches provide a more realistic estimate of ensemble width than mean-value 348

harmonic restraints, assuming that the underlying force field provides a realistic estimate of 349

that width. If distributional restraints are available, the quality of the ensemble width esti- 350

mate can be tested. The state of development of force fields for difficult systems, approaches 351

to reweighting, and experimental bias in MD simulations has recently been discussed [51]. 352

4.3. Separation of ensemble width from uncertainty 353

Uncertainties in experimental data, in their prediction from structure, and in the 354

energy hypersurface lead to uncertainties in the conformation, even in the Anfinsen limit. 355

This effect is different from the true distribution of the conformation, which results from the 356

finite width of the global minimum of the energy hypersurface and from the presence of 357

local minima within a few kBT. The predictive power of a structural model is improved if 358

the width of the ensemble due to the conformational distribution can be separated from the 359

conformational uncertainty. Conceptually, this requires a representation in terms of a super- 360

ensemble whose members are ensembles that are all consistent with experimental data. The 361

variability of the conformation within each ensemble is a feature of the biomolecular system 362

that may be related to its function, while the variability between ensembles in the super- 363

ensemble quantifies the uncertainty of the model. Such a representation is implemented, for 364

example, in the ASTEROIDS software [38]. It provides a straightforward way for predicting 365

any observable quantity, including its uncertainty. Current Bayesian approaches provide a 366

single set of conformer weights that include both uncertainty and ensemble width. 367

5. Specifics of label-based restraints 368

Label-based EPR and fluorescence techniques provide valuable experimental restraints 369

in a distance range inaccessible to most other techniques which are applicable to partially 370

disordered systems. Compared to small-angle scattering, they can provide more detailed 371

information with higher resolution. This benefit comes at the cost of a relatively high sample 372

preparation cost and a low yield of restraints per sample. Therefore, integrative or hybrid 373

approaches to modelling are used in most applications. An additional problem arises 374

from the introduction of the labels, whose size and conformational distribution exceed 375

the accuracy of the measurements [16,52]. In order to take full advantage of label-based 376

constraints, the labels must be considered in the modelling [53]. 377

5.1. Label position versus backbone position 378

DEER depends on the distance between the spin density centres of two paramagnetic 379

markers, while smFRET depends on the distance between the donor and acceptor chro- 380

mophores. The latter is usually assumed to be the distance between the chromophore 381

centers. In modelling, one usually tries to restrain the distance between backbone atoms, 382

e.g., between Cα atoms in proteins. The positions of the labels differ from the position 383

of the representative backbone atom of the labelled residue by at least a few Angstroms. 384

Moreover, the distance rbl between the backbone and the label is distributed due to the 385

conformational distribution of a flexible linker. Flexible linkers are used to minimise the 386

risk of perturbing the conformational distribution of the backbone and. In the case of 387

smFRET, a flexible linker is also required to achieve sufficient orientation averaging of the 388

factor κ related to the direction of the transition dipole moments of the donor and acceptor 389
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with respect to the distance vector [54]. The spatial distribution of the labels matters even 390

if one restrains only the mean distances, because the magnetic dipole-dipole interaction 391

measured with DEER EPR involves r−3 ensemble averaging and the smFRET efficiency 392

involves r−6 ensemble averaging. Therefore, the spatial distribution of the label position 393

should be taken into account at least in the ensemble refinement (reweighting). In contrast, 394

when generating a raw ensemble, it may be advantageous to consider only an approximate 395

mean position of the labels. Otherwise, modelling the labels may become the time-limiting 396

step of the conformer generation. 397

5.2. Representation of labels by a rotamer library 398

The distance vector r⃗bl depends on the bond lengths, bond angles and torsion angles 399

χi of the flexible linker and of the chromophore or free radical. The distributions of bond 400

lengths and bond angles are comparatively narrow and the chromophores and free radicals 401

usually do not contain rotatable bonds. Therefore, modelling r⃗bl and its distribution 402

amounts to modelling the correlated distributions of the χi. This problem is equivalent 403

to modelling native amino acid side chains [55] and can be solved by a rotamer library 404

approach [56–58]. In this approach, the distribution of torsion angles χi is discretised. Each 405

set of torsion angles for the free label can be assigned a population. The populations are 406

computed by projecting a raw ensemble, which can be obtained by MD simulation [57] 407

or Monte Carlo sampling [58], onto the discrete set of canonical rotamers. For most spin 408

labels, the number of rotatable bonds ranges from 4 to 6 and the number of discrete states 409

per rotatable bond ranges from 2 to 6, while some rotamers are excluded due to steric 410

constraints. This leads to comprehensive libraries with about 100 to 1000 rotamers. Figure 411

4(a) shows example for the rotamer representation of a spin label at a surface-exposed site. 412

Chromophores are larger and their linkers typically include between 8 and 13 rotatable 413

bonds. Since the number of canonical rotamers grows exponentially with the number of 414

rotatable bonds, it is not possible to use comprehensive libraries. For 10 or more rotatable 415

bonds, even generating a raw ensemble by exhaustive sampling and its projection onto 416

discrete states by hierarchical clustering become a challenge. On the other hand, smaller 417

reduced sets of no more than 1024 representative rotamers are sufficient to sample the 418

accessible space [58]. 419

wlink

Llink

Rdye(i)

a b c ON

N
Ca

Cb

f

q
r

Figure 4. Representation of labels in modelling approaches (a) Rotamer library representation
(MMM). Rotamer population is encoded by transparency and by the volume of the purple spheres
that represent the N-O group midpoint of rotamers. (b) Accessible volume model parametrized by
a linker length Llink, a linker width wlink, and a set of three dye radii Rdye(i). Adapted from [54] (c)
Coarse-grained rotamer model based on a dummy ON particle, which represents the midpoint of the
N-O group. Each rotamer is defined by a distance r from the Cα atom and two angles that relate the
label position to the Cα-Cβ bond. Adapted from [59].

Rotamer libraries allow the consideration of the interaction between the label and the 420

macromolecule through a statistical thermodynamics approach [56]. To this end, MMM 421

[57] calculates the interaction energy through a simplified atomistic force field. In the 422

simplest version, electrostatic interactions are neglected and a Lennard-Jones potential 423

is used to account for repulsion (avoiding collisions between label and macromolecule) 424

and van der Waals attraction. The interaction energy is added to a free label energy 425

obtained by Boltzmann inversion of the rotamer populations in the library, and a new 426
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Boltzmann distribution of the populations is calculated from the energies of the attached 427

label. Rotamers with very small populations, typically accounting for 1% of the total 428

population, are discarded. Although such a discretisation and approximation for the 429

interaction potential may seem crude, it proves difficult to obtain more accurate models, 430

even with full MD approaches that require orders of magnitude more computational effort 431

[60]. In the rotamer library approach, the Lennard-Jones potential of a standard molecular 432

force field is scaled down by a "forgive" factor that compensates for the narrowing of the 433

linker conformational distribution by discretisation and presumably also for the shielding 434

of the attractive part by solvation. For chromophores [58] or stickier labels [61,62], scaling 435

down the Lennard-Jones potential by a "forgive" factor is also required in rotamer library 436

construction. 437

Another significant improvement in computational efficiency without reducing ac- 438

curacy was achieved in the RosettaEPR context by replacing the label with a single pseu- 439

doatom. The pseudoatoms calculated from the original rotamer library of this package were 440

fitted to an extensive set of experimental DEER data for T4 lysozyme and the redundancy 441

of the discrete set of pseudoatoms was reduced [60]. This representation is visualised in 442

Figure 4(c). 443

In the Pronox approach, a library of preferred rotamers is created based on label 444

conformers observed in X-ray crystal structures of labeled proteins [63]. All of these 445

rotamers are assigned a population of 0.9, while other sterically possible rotamers are 446

assigned a population of 0.1. The interaction with the protein is based on the binary 447

collision criterion, in which some of the rotamers are discarded. Although populations of 448

label pairs can be obtained in this way with less computational effort, the overall approach 449

is somewhat slower than that of MMM, presumably because it involves a fine search for 450

possible conformations upon binding to the protein. The accuracy of the predictions is at 451

the level of MMM [64]. 452

5.3. Representation of labels by accessible volume 453

Similar to the pseudoatom approach in RosettaEPR, the accessible volume approaches 454

abstract partially or even fully from the internal structure of the label. The most popular 455

of these approaches in EPR is mtsslWizard [65,66], which scans the distribution of torsion 456

angles χi neglecting the torsion angle potential. The generated label conformers are checked 457

for internal collisions and collisions with the protein using a binary collision criterion for 458

which the user has two choices. In many cases, mtsslWizard performs equally well as 459

MMM and Pronox [64], albeit with slightly greater computational effort [60], presumably 460

because it scans a much larger number of conformers. 461

An even simpler description of the label is used in an accessible volume approach 462

used for FRET chromophores [54,67]. In this approach, the chromophore is represented by 463

a sphere of radius Rdye and the linker by a cylinder of effective length Llink and effective 464

width wlink (Figure 4(b)). The distribution of the label position is obtained by varying the 465

orientation of the linker with respect to the backbone and discarding all orientations that 466

cause collisions with the macromolecular surface. The three geometric parameters Rdye, 467

Llink and wlink depend on the structure of the label. The authors assumed a common linker 468

width of 4.5 Å and estimated Llink from the fully extended conformation of the linker. For 469

RNA labelling, this model was found to be oversimplified when run with a single value 470

of Rdye; a problem that can be remedied by running it for three different radii [54]. A 471

recent study seems to indicate that the accuracy of the predicted smFRET efficiencies is 472

slightly better with a rotamer library approach than with the accessible volume approach 473

[58]. However, a larger set of comparative simulations would be needed to draw a firm 474

conclusion. 475

5.4. Representation of labels in MD simulations 476

MD simulations of spin-labelled proteins can be performed at a level where they almost 477

perfectly predict sets of continuous-wave EPR spectra recorded at multiple microwave 478
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frequencies [68]. Because such sets of spectra are very sensitive to the time scale and 479

specifics of side-chain motion and are notoriously difficult to fit with simple models 480

for dynamics, this suggests a quantitative match between the simulated and real side- 481

chain dynamics of spin labels. However, there are some caveats. First, the approach has 482

been tested for surface-exposed spin labels at easily accessible sites. It may not work 483

as well for the slower dynamics and stronger label-protein interactions in denser label 484

environments, which cannot always be avoided. Second, the transitions between some of 485

the rotameric states of the spin-label side chain are so slow that a large number of very 486

long MD trajectories would be required for sufficient sampling. The latter problem can be 487

solved by constructing a Markov state model whose transition matrix quantifies the jump 488

rates between rotamer states [69], albeit at considerable expense that may be unrealistic 489

in the context of hybrid ensemble modeling. Therefore, one resorts to less sophisticated 490

approximate representations. 491

The conceptually simplest representation uses multiple replicas of the spin label to 492

improve the sampling of rotamer states [70]. This still involves a significant computational 493

cost. In a simplified model, the position of the spin is represented by a dummy ON particle 494

positioned with respect to the N, Cα, and Cβ atoms by parameterized force field terms [59]. 495

Of course, this parameterization abstracts from the local packing density. Nevertheless, the 496

evaluation for 37 surface-exposed sites in T4 lysozyme gave a slightly better agreement 497

with experiment than with a static structure and the original rotamer library in MMM [59]. 498

It is also possible to perform MD simulations for the native system and then calculate 499

the conformational distribution of the spin label for as many trajectory frames as needed. 500

For this purpose, one can use the rotamer library approach [71,72]. This approach facilitates 501

the addition of new labeling sites, but cannot be applied when the distances between labels 502

are used to constrain MD simulations. A similar approach with an accessible volume model 503

has been proposed for smFRET chromophores [67]. 504

5.5. Improving label representation with experimental information 505

The rotamer library and accessible volume approaches predict mean label-to-label 506

distances with an uncertainty of about 3 Å (standard deviation) [64,65]. The situation 507

does not improve substantially with more elaborate MD simulations [59]. Such accuracy 508

is sufficient in cases where substantial disorder limits the resolution of ensemble models, 509

but disappointing in cases where the conformation is very well defined. Although a 510

well-defined structure in the Anfinsen limit (Figure 2a) can be better characterised using 511

classical structural biology approaches, there are situations where one may want to resort 512

to label-based techniques. This is the case, for example, when a protein can be crystallised 513

in one of its functional states but not in another. The structure of the latter state can then 514

be elucidated with labelling-based constraints, albeit only with accuracy and resolution 515

limited by the quality of the spin-labelling representation. The same problem arises in the 516

elucidation of differences between a known crystal structure and an unknown solution 517

structure of a system. 518

This problem can be addressed by rotamer reweighting in terms of the Bayesian 519

approach BioEn [43]. The method was implemented by fitting to DEER time-domain data, 520

avoiding explicit calculation of distance distributions. For the three N-terminal polypeptide 521

transport-associated (POTRA) domains of Omp85, modest changes in rotamer weights 522

resulted in near-perfect agreement with experiment already for the crystal structure [72]. A 523

very small further improvement was achieved by shifting the domains by 1 - 3 Å. A similar 524

approach implemented in RosettaEPR resulted in improved modeling of a conformational 525

change of the transition from the outward to the inward state of the multidrug transporter 526

PfMATE [73]. 527

5.6. Influence of label dynamics 528

The label conformation is not only distributed, but also dynamic. While DEER distance 529

distributions are measured at temperatures between 50 and 80 K, where these dynamics 530
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are stalled on the time scale of the experiment, smFRET data acquisition overlaps with 531

the time scale of side-chain dynamics at ambient temperatures. The problem can be 532

addressed with reasonable computational effort by modeling the dynamics of the labels 533

as diffusive motion in a potential of mean force [74]. In a recent study, this approach 534

was found to improve the prediction of smFRET efficiencies for both representations of 535

the conformational distribution of the label by accessible volume and rotamer library 536

approaches [58]. 537

6. Specifics of distribution restraints 538

Most experimental techniques provide data either as a list of expectation values of 539

observables with their standard deviations or as a list of lower and upper bounds. In 540

either case, prediction based on an ensemble model yields a single value corresponding 541

to the ensemble average. The corresponding value for a single conformer, in the absence 542

of knowledge about other possible conformers, does not tell us whether that conformer 543

is consistent with the data. The situation is different for distribution constraints. The 544

distribution assigns a probability to the number predicted for a single conformer. Given a 545

list of independent distributional restraints, the individual (marginal) probabilities multiply 546

to a joint probability. Conformers whose joint probability is below a certain threshold can 547

be discarded without knowing the other potential conformers. 548

Distributional restraints also behave differently when reweighting ensembles. In 549

extreme cases, all observable values predicted for a single conformer may match the 550

expectation values of a broad ensemble within their uncertainty. In such a case, mean- 551

value restraints would suggest perfect order, although the system may be substantially 552

disordered. If discrepancies occur for predictions for a single conformer, it is still likely that 553

they can be resolved by assuming an ensemble much narrower than the actual distribution 554

of conformers. This is one reason why mean-value restraints should be supplemented 555

with distributional restraints, even in cases where the number of mean-value restraints is 556

sufficient for deriving a model of the system. 557

In the following, we discuss these issues for distance distribution restraints that can be 558

obtained by DEER EPR. Analogous considerations apply to angular distribution restraints 559

between three sites and dihedral angular distribution restraints between four sites, which 560

may become experimentally accessible in the future. 561
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Figure 5. Different representations of a distance distribution in modelling. Data corresponds to
spin-labelled site pair 202/475 in the complex of polypyrimidine tract binding protein 1 with en-
cephalomyocarditis virus internal ribosome entry site [28]. Transformations between representations
can be well-posed (stable) or ill-posed (potentially unstable) and may require different computational
effort. (a) Primary DEER EPR data (black), intermolecular background (green), and fit by a distance
distribution (red). (b) Model-free distance distribution (blue) with 95% confidence interval (pale
blue). (c) Form factor that results from separation of the label-pair contribution from intermolecular
background. The form factor is fully determined by the distance distribution. A fit to primary
data involves optimisation of background parameters. (d) Gaussian distribution, which is fully
determined by a mean value ⟨r⟩ and standard deviation σr (blue). Grey vertical lines denote twice
the full width at half maximum. Purple vertical lines denote three equidistant distance samples used
for exhaustive discrete sampling.

6.1. Should we use primary data or spatial restraints for model evaluation? 562

An ensemble model allows us to easily compute the probability distribution P⃗ of any 563

geometric parameter, which we consider here to be discretized so that it can be represented 564

by a vector. Predicting the form factor F⃗ (Figure 5(c)) from P⃗ (Figure 5(b) is a mathematically 565

well-posed problem that relies on multiplying a kernel matrix K by the distribution F⃗ = KP⃗. 566

The uncertainty of the prediction arises only from the uncertainty of the kernel, which in 567

turn results from the fact that experimental parameters or further sample parameters are 568

not precisely known, or that the physics of the experiment is incompletely described. In 569

simulation of the primary data (Figure 5(a)), the main errors arise from the uncertainty of 570

the spin concentration and the uncertainty of the inversion efficiency of the pump pulses 571

that determine the background. 572

In contrast, computing P⃗ (Figure 5(b)) from V⃗ (Figure 5(a)) [16] is a mathematically 573

ill-posed problem, since the kernel matrix K has a high condition number. Therefore, 574

inversion of K leads to solutions that are unstable even for small deviations of V⃗ from 575

the physical model. This problem can be mitigated by representing P⃗ by a parametric 576

model with few parameters, by regularization, or by neural network analysis [16]. The 577

simplest model, a single Gaussian (Figure 5(d)), usually leads to a stable fit, but may 578

suppress significant details of the distribution. In general, converting V⃗ to P⃗ increases 579

uncertainty compared to converting P⃗ to V⃗. Therefore, a direct fit to the primary V⃗ data 580

can reduce the uncertainty. This strategy has been used for high-resolution docking of 581

protomers in the dimer of the sodium/proton antiporter NhaA [75] and in high-resolution 582

approaches involving reweighting of rotamer populations [72,73]. With such approaches, 583

a good estimate for the distance distribution is available during background fitting. This 584

allows the use of DEER EPR data with shorter trace length [60,72]. 585

Direct fitting of primary data also has drawbacks. Some algorithms, such as deforma- 586

tion of an elastic network model by distance-dependent forces [76], and some modelling 587
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platforms, such as IMP [77], require explicit spatial restraints. In addition, the need for 588

background adjustment during model scoring can become a computational bottleneck 589

when scores need to be computed for a very large number of models. This situation occurs, 590

for example, when reweighting large raw ensembles. In any case, it may be advisable 591

to calculate and visually check the distance distributions and their uncertainties, even if 592

primary data are used for model evaluation. This is because assessing data quality in the 593

distance domain is easier and more intuitive. 594

6.2. Distributional restraints in raw ensemble generation 595

In generating raw ensembles, an attempt is made to draw a sample from the entire 596

conformational space whose statistics are as close as possible to the conformer statistics of 597

the system under study. The sample size may be chosen larger than the expected size of 598

a representative ensemble to allow more flexibility in reweighting the ensemble. Monte 599

Carlo approaches, MD simulations, or algorithms specific to a particular modeling task are 600

used for sampling. The sampling of rigid body arrangements in MMM [78] and MMMx 601

[39] is an example of such a specific algorithm. The relative spatial arrangement of n rigid 602

bodies is fully specified by 3(n − 1) translation parameters and 3(n − 1) Euler angles. By 603

assigning 3 reference sites in each rigid body, 9m(n − 1)/2 pairs of sites located in different 604

rigid bodies are obtained. The set of distance pairs overdetermines the relative spatial 605

arrangement, and the solution can be computed directly by distance geometry. If distance 606

distributions are available, exhaustive sampling is possible by setting lower and upper 607

bounds for each distance and defining a small set of distance samples between these bounds 608

(for example, see purple lines in (Figure 5(d))) [78]. This notion of lower and upper bounds 609

is different from the notion used for mean-value restraints. For mean values, the bounds 610

are a measure of the uncertainty of the restraint, while for distributions they are a measure 611

of the distributional width. 612

Monte Carlo sampling for peptide chains can be based on Ramachandran statistics, 613

preferably residue-specific Ramachandran statistics for peptide segments without sec- 614

ondary structure [36,37]. Additional secondary structure propensities can be defined. 615

Flexible Meccano can be used to specify that long distance contacts must be satisfied for 616

a certain proportion of conformers. Distance distribution restraints can be evaluated in 617

MMM and MMMx once both residues of a marked pair of digits have been generated. Such 618

an evaluation provides a probability that the conformer is part of the intended statistical 619

sample. As soon as this probability falls below a threshold, the conformers can be discarded 620

[36]. Since unrealistic conformers do not need to be fully computed, this strategy improves 621

sampling efficiency. 622

In MD simulations, distributional restraints can be introduced by representing them 623

through a histogram in the form of Gaussian functions with a standard deviation of 624

1.7 Å[70]. This representation provides smooth analytical derivatives for the restraining 625

potential. An empirical force constant of 10 000 (kcal/mol)/Å2 was used to ensure a good 626

fit of the distribution restraints. Working with this approach is made easy by an auxiliary 627

package for CHARMM, which includes a graphical user interface [79]. 628

Alternatively, a pseudo-energy term can be derived by interpreting the distance 629

distribution as a Boltzmann distribution generated by a potential of mean force, 630

f = kBT
d ln P(r)

dr
. (1)

Again, it is convenient to express P(r) as a sum over functions whose logarithm can be 631

differentiated by r. This choice balances the distance distribution restraints with the energy 632

terms of the molecular force field, rather than strictly enforcing them. 633

6.3. Distribution restraints in ensemble reweighting 634

Ensemble reweighting requires finding a balance between different experimental meth- 635

ods and, in hybrid approaches, between experimental restraints and the molecular force 636
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field. The optimal balance can only be determined if the uncertainties of all experimental 637

restraints and the force field are known. In Bayesian approaches, only statistical errors 638

of the experimental data are considered in terms of χ2 values, and the error of the force 639

field is assumed to be as small as it can possibly be given the experimental restraints and 640

their uncertainty. Since the calculation of distance distributions from experimental data is 641

an ill-posed problem, χ2 is not necessarily a good metric for such distributions. Bayesian 642

approaches to ensemble reweighting are therefore better combined with fitting to primary 643

data [72], for which χ2 is well-behaved. 644

Artefacts in P(r), such as those that can arise from under-regulation or the presence 645

of narrow peaks with high amplitude when fitting multi-Gaussian distributions, have 646

less effect when the overlap of the distributions is used as a metric [18]. The overlap is 647

defined as the joint area of two distribution functions Psim(r) and Pexp(r), where each of 648

the functions has a total area of one. Ensemble reweighting with only distance distribution 649

restraints determines the set of conformal weights that minimises the overlap deficit, i.e., 650

the deviation of the overlap from unity. The overlap values are geometrically averaged so 651

that a very small overlap in individual restraints is heavily penalised [78]. 652

In many situations, the uncertainty of the distance distribution restraints is dominated 653

by the uncertainty of the representation of the spin labels. If only the experimental un- 654

certainty of the distribution is considered, this may lead to an inappropriate weighting of 655

these restraints. Furthermore, since the distance distribution restraints are measured in 656

glassy frozen samples and since the labels may distort the structure, these restraints can be 657

inconsistent to some extent with other experimental restraints. Such partial inconsistency 658

of experimental restraints from different techniques is a problem that can also occur with 659

other data. Therefore, it may be useful to determine the uncertainty and consistency of 660

the experimental data set during ensemble reweighting. For this purpose, the ensemble 661

reweighting is first performed for each individual subset of homogeneous experimental 662

restraints, i.e., for subsets of restraints originating from the same technique. In this way, 663

a set of figure of merits ms,1 is obtained, indicating how well the reweighting of a given 664

raw ensemble can fit the data of each individual experimental technique. The figure of 665

merit is defined such that its minimum corresponds to the best fit of the experimental data. 666

In a second step, all restraint subsets are considered simultaneously, resulting in a set of 667

conformer weight dependent figures of merit ms,2. In contrast, the ms,1 are fixed in the 668

second reweighting. One now minimises the loss of merit, 669

L =

(
1
S

s

∑
s=1

ms,2

ms,1

)
− 1 , (2)

where S is the number of subsets of restraints from different experimental techniques. The 670

loss of merit L is a non-negative number, where L = 0 means a complete match between all 671

restraint subsets. For L = 1, the simultaneous matching of all subsets of restraints causes 672

the figures of merit to double on average. Values L > 1 indicate significant inconsistencies 673

that should be resolved or at least explained before accepting the ensemble model. 674

7. Outlook 675

To date, ensemble modelling with label-based restraints has been pursued by only a 676

few research groups. It is the rule rather than the exception that a new application requires 677

further method development. Software packages exist for FRET-based labeling (FRET 678

Positioning System FPS 2.0, [80]) and for DEER EPR-based modelling (Multiscale Modelling 679

of Macromolecules extended, MMMx, [39]). Both packages allow integration with high- 680

resolution structures obtained by other methods, and MMMx supports integration with 681

small-angle scattering and NMR-PRE data. When generating raw ensembles, MMMx can 682

use secondary structure propensities derived from NMR experiments. Future developments 683

should allow integration of more experimental data, especially at the ensemble reweighting 684

stage. 685
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MD simulations can be restrained by distance distributions using the CHARMM- 686

GUI DEER facilitator [79], which can also compute spin pair distance distributions from 687

MD trajectories. For the latter task, one can also use the DEER-PREdict package [71] or 688

MMMx [39]. MMMx and BioEn [72] allow ensemble reweighting with distance distribution 689

restraints. Current approaches to distribution-based modelling provide ensembles without 690

uncertainty estimates, i.e., ensemble width and uncertainty are not separated. A possible, 691

albeit computationally intensive, solution to this problem is jackknife resampling [18] 692

or bootstrapping. Less computationally intensive approaches should be explored for 693

estimating the uncertainty of the ensemble model or the expectation values of observables. 694

In the context of uncertainty estimation, it is currently difficult to predict how many 695

experimental restraints are required to obtain a reliable ensemble model. Usually, this 696

question can only be answered in the context of a validation. If the result of such a validation 697

is not satisfactory or inconclusive, further experimental restraints have to be acquired. This 698

strategy would benefit from a better understanding of how the different types of restraints 699

best complement each other. This issue is particularly pressing for hybrid approaches 700

because there is no systematic approach to estimating uncertainty in MD simulations. 701

In summary, integrative and hybrid structure determination based on label-based 702

long-range distance restraints and distance distribution distance restraints has gained 703

importance in recent years. The first ensemble models of biological systems of current 704

interest have been created, showing why partial disorder can benefit function. Further 705

developments in this direction may be our best chance to characterize systems that lie 706

between the extremes of perfect order and total disorder. 707
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cryo-EM cryo-electron microscopy
DEER Double electron electron resonance
EPR Elecetron paramagnetic resonance
MD Molecular dynamics
SANS small-angle neutron scattering
SAXS small-angle x-ray scattering
SDSL site-directed spin labelling
smFRET single-molecule fluorescence resonance energy transfer
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