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Abstract2

Generative machine learning models for protein structure prediction are primarily3

trained on X-ray crystallography data, which captures proteins in crystal lattices that4

can deviate significantly from their native solution conformations. Biological small5

angle X-ray scattering (bioSAXS) offers valuable solution-state insights, but creating6

atomic models that rationalise this data remains challenging.7

Here we present Carbonara, a rapid computational pipeline that combines coarse-8

grained sampling with experimental constraints to efficiently identify solution-state9

conformations from an initial atomic model. We demonstrate Carbonara’s effectiveness10

by refining an AlphaFold-predicted model of the DNA repair helicase, SMARCAL1,11

and a crystallographically determined structure of the antigen binding domains of the12

anti-hCD40 monoclonal antibody, ChiLob7/4, a clinically relevant immunostimulatory13

antibody. In both cases, Carbonara identifies physiologically relevant solution-state14

conformations separated from crystal-like predictions by large energy barriers, achiev-15

ing in minutes what traditional MD simulations might not accomplish in weeks.16
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1 Introduction17

The biological function of any protein emerges from its molecular structure and associated18

dynamics. For the past 50 years, this paradigm has been validated through the atomistic19

details provided by macromolecular X-ray crystallography [1], Nuclear Magnetic Resonance20

(NMR)[2] and cryo-electron microscopy (cryo-EM)[3]. These techniques have served as our21

primary window into the molecular mechanisms underpinning life. The field of structural bi-22

ology has once again been transformed, noted by the 2024 Nobel Prize for AI-based tools Al-23

phaFold [4] and RoseTTAfold [5], that predict protein structures directly from their primary24

sequence. These computational tools have accelerated our progress in structural genomics25

by enabling the prediction of atomic structures from genes encoding millions of unobserved26

proteins.27

However, AI-based methods inherit limitations from the data on which they are primarily28

trained, which to-date is gathered from the Protein Data Bank (PDB) and is mostly crystal-29

lographic in nature. Since crystal structures capture proteins within packed lattices, the PDB30

provides limited sampling of the conformational space proteins occupy in solution [6]. This31

restricted representation of protein dynamics in the training data impacts the ability of AI32

models to capture the full range of conformational dynamics proteins exhibit in their native,33

non-crystallographic, environments. Furthermore, proteins may feature disordered regions34

hard to resolve experimentally, yet fundamental for their function [7, 8]. Recent studies have35

shown that AI-based protein structure predictions often fail to reflect the dynamic nature36

of protein structures [9]. This limitation is particularly evident when proteins undergo large37

conformational changes, which are often crucial for their biological function. While ensemble38

adaptations such as AlphaFlow [10] and P2DFlow [11], aim to enhance structural sampling,39

they are most effective at capturing local protein dynamics. These methods fall short in40

representing the conformational changes that proteins often exhibit in solution, highlighting41

the need for complementary experimental approaches.42
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Small-angle X-ray scattering (SAXS) offers such a complementary approach to structure43

determination. While its low-resolution and associated challenges in data interpretation44

limit its use as a stand-alone technique for structure determination [12], SAXS offers the key45

advantage of providing information on protein shape and conformational changes in solution46

[13]. SAXS also allows the study of flexible structures that may be difficult to crystallize,47

while not requiring the monodisperse and isotopically labelled samples needed for NMR48

[14]. Furthermore, it is applicable to a broad range of molecular weights, whereas NMR and49

cryo-EM are typically limited to small (< 50 kDa) and large (> 100 kDa) protein samples,50

respectively [15, 16].51

By capturing information on proteins structure and dynamics in their near-native environ-52

ment, SAXS can provide key insights into their functionality. For instance, SAXS was used to53

characterise conformational changes in dengue virus proteins (NS3/NS5), aiding understand-54

ing viral replication [17]. It was also used to clarify apolipoprotein flexibility in lipid trans-55

port [18], to determine the dynamic behaviour of matrix metalloproteases (MMPs) in tissue56

remodeling [19] and highlight an evolutionary link between bacterial and eukaryotic lipid57

metabolism [20]. Crucially, discrepancies between SAXS data and both crystallographically-58

determined and AI-predicted structures are often observed [21, 22, 23]. This underscores59

the importance of developing methods that can reliably interpret SAXS data and enable the60

refinement of high-resolution static models to better reflect solution-state dynamics.61

However, the interpretation of protein SAXS data remains challenging, owing to its lower62

resolution. Current approaches to incorporate SAXS data in structural refinement fall into63

several categories, each with its own limitations. Validation methods [24, 25, 26, 27, 28,64

29, 30] are useful to compare available high-resolution structures with SAXS data, but do65

not provide a means to refine structures that deviate significantly from the data. Protein66

structure refinement can be carried out via rigid body modelling methods, [31] which ap-67

proximate proteins as collections of hinging rigid bodies. However, these often struggle to68

generate physically realistic conformers. Molecular Dynamics (MD) simulations [32], al-69
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though capable of producing realistic structural variations, are computationally expensive70

and may not efficiently sample large conformational changes, especially when starting from71

initial predictions that significantly differ from the final in-solution states. Ab initio meth-72

ods, allow for SAXS interpretation without initial models, such as bead models [33] and73

density approximation [34]. While computationally efficient, these methods produce low-74

resolution models that are difficult to interpret and may not be constrained to be physically75

realistic.76

To go beyond the limitations of existing SAXS-guided computational refinement methods, we77

present Carbonara, a modelling pipeline which enables the production of ensembles of physi-78

cally viable proteins conformers representative of their solution state. Carbonara builds upon79

an ab initio scattering model [35] of the protein’s alpha carbon trace, and combines secondary80

structure restraints with a rapid conformational search to generate models matching avail-81

able SAXS data, starting from a model with poor agreement to the data. We demonstrate82

the utility of Carbonara through two case studies involving the refinement of an AI-predicted83

and a crystallographically-determined protein structure that disagree with SAXS data. In84

the first case, we demonstrate how Carbonara refinement provides insight into the mode of85

action of SMARCAL1, a protein that can bind simultaneously to single and double stranded86

DNA to stabilize DNA at stalled replication or transcription forks. In the second case, we87

show how refinement of the antigen binding arms of the ChiLob7/4 IgG2 antibody enables88

seeding MD simulations able to sample otherwise unreachable solution-state conformations.89

Overall, our results demonstrate how refining experimentally or AI-generated protein models90

to agree with in-solution SAXS data provides new insights into protein structure, dynamics,91

and function.92
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Figure 1: Illustration of the Carbonara modelling process. (a) the secondary struc-
ture of the input protein structure is calculated (sheets in blue, helices in red, coils in yellow).
(b) the coordinates of Cα atoms are extracted, and linker sections (an example shown in
yellow) identified. (c) new protein conformers are generated by altering the linker section so
as to improve the fit with SAXS data subject to statistical and user-defined constraints. (d)
the models yielding the best fit, here “model 2”, are selected (e) the backmapped all-atomic
coordinates are superimposed onto the protein Cα trace.
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2 Theory93

Carbonara is a computational pipeline that refines protein models against SAXS data using94

a coarse-grained representation, enabling efficient exploration of folded protein conforma-95

tions. It integrates a validated mathematical framework for analysing bioSAXS data [35, 36]96

(see Supplementary Methods S1) in a modelling pipeline incorporating a range of features97

including progressive q-range fitting, integration of additional structural constraints, and98

back-mapping to all-atom models which can be assessed with MD simulations. Hereafter,99

we summarise its key elements, see Methods for further details.100

2.1 Coarse-grained conformational sampling101

Carbonara takes as input protein structures composed of one or more subunits, and an102

experimental SAXS profile. The protein structure is reduced to a coarse-grain representation103

using the positions of its alpha carbons (Cα) to form a chain that is segmented into secondary104

structure elements (α-helices, β-sheets, and linkers, see Figure 1a). Linker sections are then105

altered to sample the protein’s potential conformational space. The linker segments which106

are permitted to change during the sampling process are either automatically determined or107

user-defined. Carbonara offers an automated selection process that identifies flexible regions108

while preserving all existing inter β-sheet structures present in the initial AI-based model or109

crystal structure. This can then be accepted or edited to user preference.110

To generate new prospective configurations with realistic protein architecture, the local ge-111

ometry of the model’s secondary structure sections are characterised and constrained by two112

quantities: the curvature κ, which characterises the tightness of coiling of subsections, and113

the torsion τ , which additionally characterises the helical pitch of this section (Figure S1).114

Carbonara constructs new structures for the flexible segments using empirically obtained115

probability distributions for their (κ, τ) values from a large database of known (distinct)116

structures [35, 36] (Figure S2). The three distinct density peaks of these distributions were117
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shown to correspond to the three main Ramachandran densities in [35], so this coarse grained118

model captures the local geometrical constraints on the Cα trace imposed by the Ramachan-119

dran constraints 1(a)-(c). For multimeric structures, rigid body rotations of the monomer120

units can also be applied. This conformational sampling algorithm is also used in the initial121

selection process to test which sections, if altered, will break any existing β-sheet bonds. If122

there exist additional known constraints, such as disulfide bonds, NMR distance constraints123

or FRET data, these can be imposed by restraining the distance of user-defined Cα -Cα124

pairs.125

The plausibility of each generated protein conformation is then graded using a combination126

of an amino acid overlap metric [35], a distance constraint metric (e.g., for disulfide bonds),127

and a fold complexity metric based on the writhe of the curve’s backbone, which has been128

shown empirically to have a strict lower bound as a function of the size of the molecule129

[36].130

2.2 Fitting models to SAXS data131

The SAXS profile is calculated for Cα conformations using the Debye scattering formula132

with an explicit protein hydration layer model (see Figure S2). Figure 1(d) illustrates the133

scattering assessment of the proposed structural changes shown in panel (c). The comparison134

of model and theory is made at a number of equally spaced scattering data points given by135

the Shannon sampling theorem [29, 35, 37] with a χ2 metric used to judge the fit including136

the penalties for the plausibility of the structure which are discussed above. The scattering137

model used in Carbonara, based solely on the Cα trace, has been shown to be consistent138

with the established FoXS protein training set ([24]) in [35] and further details are given the139

methods section.140

In Carbonara, we introduce a novel progressive fitting procedure for SAXS data. The scat-141

tering angle, represented by the range of q values, provides structural insights: low q values142

reveal the overall shape (globular or elongated), while higher q values resolve finer details143
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like super-secondary and secondary structures [13]. SAXS experiments capture the averaged144

scattering from highly flexible protein ensembles, making the higher q range challenging to145

represent with a single structure. While MD simulations can generate such ensembles, they146

are computationally expensive, particularly if the starting structure poorly represents the147

protein’s solution-state ensemble. In such cases, generating suitable ensembles within ac-148

cessible simulation timescales may be infeasible. Carbonara addresses this by progressively149

refining protein models. It begins with fitting low to medium q data, capturing the protein’s150

larger-scale arrangement, and iteratively expands the fitting window to include higher q data,151

ultimately providing an atomistic model refined for all relevant scattering ranges.152

2.3 All-atom backmapping153

An all-atom structure is needed to infer key biomolecular processes and functions of the154

model, limiting the value of Cα backbone predictions alone. MODELLER [38] was used155

to reconstruct the full atomic structure from Carbonara’s Cα trace predictions [39] (see156

example in Figure 1e). This step includes energy minimisation, allowing the Cα chain157

to relax into more energetically favourable conformation upon side chain placement. In158

preliminary benchmarks, we found that this only led to minimal adjustments to the Cα159

trace (0.475 Å mean RMSD). This small magnitude demonstrates that the κ - τ sampling160

produces Cα geometries compatible with realistic protein structures. Once reconstructed,161

the all-atom model can be compared with the full range of experimental scattering data162

using standard techniques and serve as a starting structure for MD methods.163

3 Results164

To demonstrate Carbonara’s efficacy in refining structures using experimental bioSAXS data,165

we selected two systems that undergo significant conformational changes to carry out their166

biological function: the catalytic domain (SMARCAL1CD) of the monomeric, multi-domain167
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ATP-dependent chromatin remodelling protein SMARCAL1, and a disulfide engineered vari-168

ant of the anti-hCD40 antibody ChiLob7/4 IgG2.169

We use these examples to demonstrate how Carbonara can be leveraged as part of two170

protocols commonly used to atomistically rationalise the conformational ensemble occupied171

by a bioSAXS sample. The first protocol, applied to SMARCAL1CD, involves producing an172

ensemble of conformers used to seed a swarm of relatively short (30x200 ns) MD simulations.173

The second, for the ChiLob7/4 antibody, is to produce a single starting structure for longer174

(3x2 µs) simulations.175

3.1 Refinement of an AlphaFold model: Human SMARCAL1176

Human SMARCAL1 is a DNA-dependent, ATP motor protein for which no experimentally177

determined atomic-resolution structure is currently available. SMARCAL1CD, which consists178

of residues 325-870 of this protein, is a truncated form of the enzyme which is comprised179

of an N-terminal HARP domain (residue 328 to 396) and a C-terminal, bi-lobed ATPase180

motor domain related to SNF2 family of helicases. SMARCAL1CD has low affinity for181

double-stranded (ds) DNA substrates but high affinity for mixed dsDNA substrates with182

single-stranded (ss) regions. This affinity is enabled by the HARP domain which is critical183

to the ATPase activity of the associated motor domain. Previous solution-state studies of184

SMARCAL1CD demonstrated SMARCAL1CD undergoes significant conformational changes185

in the presence of dsDNA with a 10-nucleotide ss overhang after binding and hydrolysis of186

ATP [40].187

An AI-generated model (AlphaFold3) of SMARCAL1CD fit the SAXS data with a χ2 of188

13.52, suggesting the model poorly describes the observed solution state. To improve the fit,189

we used Carbonara to refine the AI-model to produce an ensemble of 30 candidate models.190

All of the refined models had a χ2 ≤ 1.32 from experimental data (Figure S3). We selected191

the model with χ2 closest to 1, which had a value of χ2 = 1.01 (Figure 2c, in blue).192

All improved fits required domain rearrangements of the AI-model that supported an elon-193
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gated conformation of SMARCAL1CD, with the HARP2 domain extended away from the194

main body of the protein (yellow region in Figure 2b,c).195

To explore the conformational landscape accessible from different starting structures, we per-196

formed molecular simulations on both the original AlphaFold model (three 2µs trajectories)197

and each of the 30 selected Carbonara models (200 ns each). Both approaches provided 6µs198

of cumulated MD time. To identify the key structural differences between the conformational199

spaces explored by the MD simulations seeded from the AlphaFold and Carbonara models,200

we aggregated all the produced trajectories and carried out a principal component analysis201

(see Figure 2c). Results revealed that the first Principal Component PC1, capturing 69.87%202

of the overall variance, describes variations in the position of the HARP2 domain relative203

to the rest of the protein. Notably, the Carbonara and AlphaFold conformational spaces204

are non-overlapping, revealing that the two are likely separated by a high energy barrier.205

The AlphaFold model remains compact throughout every simulation, and all the sampled206

conformations poorly match experimental SAXS data (see Figure S4). Conversely, with the207

same computational effort, the conformations sampled from the Carbonara model initiali-208

sations explore a broad range of more extended conformations, with much lower χ2 from209

experimental data. A significant proportion of these features χ2 < 1.5, a typical criterion210

used in the literature to imply that a model is reflective of the solution structure [24].211

3.2 Insight into the functionality of SMARCAL1212

To understand the biological implications of the Carbonara-refined SMARCAL1CD structure,213

we analysed it in the context of the related DNA-bound SNF2 family of proteins. SNF2214

proteins are ATP-dependent motor proteins with a core helicase-like domain and flanking215

auxiliary domains tuned to their respective biological functions. The SNF2 family of proteins216

remodel chromatin structure and in the case of SMARCAL1, DNA binding is mediated by217

a critical N-terminal HARP domain. In the absence of DNA or a functional DNA-binding218

HARP domain, SMARCAL1 does not hydrolyze ATP and likewise, in the absence of a219
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Figure 2: Refining the AlphaFold model of SMARCAL1. (a) Top, comparison of ex-
perimental SAXS data (gray points) and CRYSOL-computed SAXS from the AI prediction
(red) and the χ2 closest to 1 Carbonara model (blue). Bottom, the error-weighted residuals
between data and models. (b,c) the AI model is shown in red, the best Carbonara model
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figure, demonstrating that SMARCAL1 elongates via a rearrangement of its HARP2 domain
(shown in yellow) with respect of the ATPase domain (in white).
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functional HARP domain, SMARCAL1 does not bind DNA substrates (see [41] for a review).220

These observations suggest the structure of the ATPase core is not in a hydrolysis competent221

state until a suitable DNA substrate is present to promote the requisite conformational222

change. Previous studies showed SMARCAL1CD requires DNA with a minimal length of223

15 base-paired dsDNA with a greater than 5 nucleotide single-stranded overhang [40]. By224

aligning the N-terminal lobe of the ATPase core of our structure with SNF2h and SSO1653225

in their DNA-bound states we identified key features of the refined SMARCAL1 solution226

state structure that inform on how the ATPase core and DNA binding are coupled.227

The AlphaFold structure predicts a compact state that is not conducive to DNA-binding with228

the ATP binding cleft of the motor domain preformed. However, SAXS-based refinement229

by Carbonara revealed an extended state that positions the HARP domain away from the230

ATPase core with the ATPase core opened such that the ATP binding site is not preformed231

(Figure 3). In this state, SMARCAL1CD is prevented from futile catalysis, as previously232

reported [42]. Furthermore, the HARP2 and ATPase domains are linked by a partially233

formed helix and previous studies have shown that binding of DNA substrates is independent234

of the ATPase core. This partially formed helix suggests a flexibility between the two domains235

that may be required for recognition of the varying branched DNA substrates. Our refined236

structure supports a previous SAXS study of SMARCAL1CD using a dsDNA substrate with237

a 10-nt overhang as the length of the overhang is within the 36 Å (centre-of-mass) from the238

ATPase core.239

Comparison with DNA-bound structures of SNF2h and SSO1653 reveals difference in the240

position of the C-terminal lobes. In these related proteins, this domain makes direct con-241

tact with the double-stranded DNA substrate [42]. However, in our refined structure the242

C-terminal lobe adopts a different orientation that would require substantial repositioning in243

order to achieve similar DNA contacts. This observation aligns with previous SAXS studies244

that demonstrate that SMARCAL1 undergoes a major conformational change with ATP245

hydrolysis [42]. Unlike SNF2h and SSO1653, which readily interact with double-stranded246
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DNA, SMARCAL1 specifically requires the presence of single-stranded DNA for effective247

binding. We aligned the MD conformers produced from AlphaFold and Carbonara mod-248

els to structures of SNF2h in complex with dsDNA (PDB: 1Z63) and a Holliday junction249

(PDB: 3CRX). We observed that, in the case of Carbonara models, the HARP2 and AT-250

Pase domains of SMARCAL1 are both favourably oriented with respect to their respective251

binding partners, ssDNA and dsDNA (see Figure 3). Thus, our structural analysis suggests252

a sequential mechanism for SMARCAL1’s DNA interaction: initial recognition and binding253

of ssDNA by the HARP2 domain facilitates the positioning of the N-terminal lobe of the254

ATPase core on the dsDNA. Subsequent ATP hydrolysis can then drive a conformational255

change, translocating the C-terminal lobe of the ATPase core thereby promoting strand256

annealing.257
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Figure 3: Interaction of Human SMARCAL1 with DNA. All SMARCAL1 conforma-
tions obtained from MD simulations seeded from AlphaFold (a) and Carbonara (b) models
are aligned to the ATPase domain of SNF2 in complex with dsDNA, to which a Holliday
junction is also aligned. In both panels, the protein conformer best matching SAXS data
of apo SMARCAL1 is shown in a cartoon representation, while the region explored by the
HARP2 domain in each simulation is shown as a transparent yellow surface. In (c), the
distribution of distances between the centres of mass of HARP2 in MD simulations and the
aligned Holliday junction is represented. Carbonara models demonstrate that in solution
SMARCAL1’s HARP2 domain explores states facilitating subsequent binding of the AT-
Pase domain.
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3.3 Refinement of a crystal structure using alternative disulfide258

bond constraints: ChiLob7/4 IgG2259

The C239S variant of ChiLob7/4 IgG2 F(ab)2, comprised of four protein chains, constitutes260

the two antigen-binding arms of an engineered immunostimulatory antibody with potential261

for cancer therapeutics. This variant is particularly notable for its capacity to activate262

signalling (agonism) for the key immune receptor, CD40 [43]. Its crystal structure (PDB:263

6TKD, 1.90 Å resolution), shown in Figure 4b, fails to reflect the solution scattering, as264

reflected in a poor experimental fit χ2 = 4.29 with significant error in the low-q (large scale)265

portion of the scattering curve (Figure 4a, further comparisons are given in Table S1). This266

system features a distinct hinge region joining the two antigen-binding arms with disulfide267

bonds (indicated in the side panels of Figure 4b). Previous MD studies, initiated from crystal268

structures, failed to sample conformations with sufficiently high radii of gyration to match269

the corresponding experimental SAXS [43]. The restricted X-ray conformation was unable270

to open in a manner more reflective of the solution scattering data, a property found to be271

regulated in the antibody hinge region.272

We applied Carbonara refinement with flexibility provided to the hinge region of this multi-273

domain system. The refinement was constrained to maintain the specific pattern of disulfide274

bonds which characterise the linking of the two F(ab) arms for the C239S variant. The275

intra-F(ab) structure described by the crystal structure was maintained by not allowing276

any flexibility in these domains (see Methods). Linker sections connecting the variable and277

constant regions were also trialled, but this led to undesirable unfolding of β-sheets within278

the variable region architecture. The Carbonara output is shown in Figure 4c (blue). The279

Carbonara-refined structure describes a more open hinge angle between the two F(ab) arms,280

with an increase from 116.4◦ in the starting model to 125.3◦, yielding an improved agreement281

with the experimental data (χ2 = 1.95) and an increased radius of gyration from 36.6 Å to282

38.9 Å (Table S1).283
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Figure 4: Refinement of the crystal structure of the C239S IGg2 variant (a)
CRYSOL-computed SAXS of initial crystal structure (red) and the best fitting Carbonara
refined structure (blue). The χ2 values are calculated for both; crystal χ2 = 4.29 and
Carbonara χ2 = 1.95, up to qmax=0.2. Bottom, error weighted residuals. (b) Crystal
structure of C239S IgG2 F(ab)2 (red) (Protein Data Bank [PDB] ID: 6TKD). (c) Best-
fitting all-atom model refined with Carbonara (blue). Hinge disulfide bonding patterns
are highlighted in circles, disulfides shown in yellow. (d,e) Rg and χ2 distributions for
structures extracted from MD simulations seeded by the crystal structure (d, cyan triangle)
and Carbonara-refined (e, cyan circle) structure. (f) Rg density distributions generated by
GAJOE. Red colour refers to the crystal-seeded MD ensemble, blue refers to the Carbonara
seeded MD ensemble. Solid lines describe the Rg distribution calculated from the MD pools
without reweighting. Dotted lines represent the SAXS-optimised Rg distributions selected
by GAJOE.
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To compare the MD conformational exploration capability of both the crystal structure284

and Carbonara-refined model, we performed three 2 µs-long simulations starting from each285

structure shown in Figure 4b and c. Following MD relaxation, the crystal structure and286

Carbonara output maintain comparable Ramachandran plots (Figure S5), while two of the287

three MD repeats rapidly settle on relatively stable low χ2 and high Rg values (Figure S6).288

The MD sampling for the crystal structure remained confined to a relatively narrow Rg range289

centred around 39 Å (see Figure 4f, solid red line). GAJOE re-weighting (see Methods) of290

this ensemble (dashed red line) shows a strong bias towards the most extended, and rarely291

sampled conformations with Rg values around 40.5 Å, indicating that the MD sampling292

lacks the extended states to accurately describe the in-solution conformations observed in293

SAXS. In contrast, MD sampling of the Carbonara-refined model readily explored a wider294

range of Rg values, centred around 40 Å and extending as high as 44 Å (solid blue line).295

The GAJOE re-weighting (dashed blue line) selects conformations well within this sampled296

distribution, indicating that the simulations seeded from Carbonara models naturally access297

the conformational states needed to describe the solution scattering data.298

The distribution of χ2 versus Rg (Figure 4d,e) reveals that only 7.4% of the conformations299

extracted from the crystal structure simulations achieve χ2 < 2, compared to 39.7% for300

the Carbonara-initiated simulations. Even when initiating new simulations from the most301

extended conformations seen in the crystal structure trajectories (those with highest Rg302

and lowest χ2 values), the resulting conformational exploration remained limited [43], failing303

to access the broader space explored by Carbonara-initiated simulations. This suggests the304

presence of significant energy barriers in the crystal structure that prevent adequate sampling305

of the solution-states. This demonstrates that Carbonara refinement of crystal structures306

can successfully generate starting models from which the full range of conformational states307

present in solution can be more efficiently sampled by MD simulations.308
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4 Discussion and Conclusions309

Proteins function emerges from the Boltzmann-weighted ensemble of states they occupy in310

their native environment. X-ray crystallography provides a detailed potential starting point311

for investigating the solution state. However, while providing atomic-resolution, crystal312

structures can only capture a single protein conformation within a crystal lattice. AI-based313

methods for protein structural prediction, such as AlphaFold, are primarily trained on crys-314

tallographic data and therefore inherit this bias.315

To specifically address this challenge of bridging crystal-like and solution-state conforma-316

tions, we present Carbonara, a method that rapidly refines structures using SAXS data. By317

leveraging the atomic-level detail of existing structural models, whether from experimental318

techniques or computational predictions, and combining it with solution scattering data,319

Carbonara provides efficient access to the solution-state conformations that better reflect320

the biological reality.321

Carbonara advances protein structure prediction via: (i) a coarse-grained sampling strategy322

that maintains secondary structure elements while exploring flexible regions; (ii) a topological323

constraint that ensures physically realistic protein folding; (iii) a progressive q-range fitting324

procedure that systematically refines structure from large-scale changes to local features; (iv)325

a backmapping protocol for generating all-atom models. The integration of these components326

creates a refinement pipeline that can efficiently identify conformations that bypass large327

energy barriers separating static predictions from solution-states, achieving in minutes what328

traditional MD simulations might not accomplish in weeks (see Figure S8).329

This approach offers distinct advantages over existing methods for integrating SAXS data330

with structural prediction. Current approaches rely either on long MD simulations with331

posterior ensemble reweighting to match experimental data [44] or on directly incorporating332

SAXS as a biasing term in MD protocols [45]. To explore new protein conformational states,333

physics-based models such as MD simulations need to reproduce the process of the molecule334
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overcoming an energy barrier. When the energy barriers are high, the timescales associated335

with sampling a transition between states might make MD impractical. This limitation can336

be overcome by geometry-based conformational sampling methods such as Carbonara. While337

missing the atomic-level accuracy of an MD simulation, Carbonara can provide seeds where338

MD simulations can be initialised, bypassing the need to sample rare, high-energy transition339

events.340

Our case studies demonstrate Carbonara’s ability to capture large-scale conformational341

changes that are inaccessible with traditional methods. For SMARCAL1, AlphaFold yielded342

well-folded subdomains, but their relative arrangement was incompatible with SAXS ex-343

perimental data. Long simulations initialised from this model remained confined to its344

immediate conformational neighbourhood. Carbonara refinement revealed an ensemble of345

more elongated models, featuring a substantial rearrangement of the HARP2 domain. MD346

simulations seeded from this ensemble sampled a conformational space distinct from that347

of the AlphaFold model. Besides being in good agreement with SAXS data, our models348

showed a possible mechanism by which SMARCAL1 can facilitate the remodelling of DNA349

structure and promote strand annealing. This result may provide insight into pathologi-350

cal conditions associated with SMARCAL1 interaction with DNA, such as cancer immune351

evasion [46].352

The ChiLob7/4 case study demonstrated a complementary application of Carbonara, using a353

single refined structure rather than an ensemble approach. Starting from a crystallographic354

structure, Carbonara increased the Rg in line with the SAXS by opening and twisting the355

structure, providing conformational changes beyond the reach of even microsecond-scale356

MD simulations. While MD simulations initiated from the crystal structure required ex-357

treme re-weighting to match SAXS data, indicating rare sampling of relevant states, simula-358

tions initiated from the Carbonara-refined structure naturally and frequently explored these359

solution-state conformations with minimal re-weighting needed. Owing to their flexibility360

and complex disulphide bonding patterns, especially in the hinge region, antibodies are chal-361
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lenging for both experimental structure determination and computational prediction. Our362

results show that Carbonara can identify an appropriate starting point for exploration of363

the physiologically relevant conformational space of an antibody, providing insights into the364

relationship between its rigidity and activity.365

Understanding and predicting protein dynamics in solution remains a major challenge in366

structural biology and is essential for the next generation of AI-driven predictive meth-367

ods [47]. Carbonara helps bridging the gap between crystal-like structural predictions and368

solution-state conformations. In this context, while primarily addressing the crystal-to-369

solution transition, the conformers it generates can serve as starting points for MD simula-370

tions to explore Boltzmann-weighted ensembles. It should be noted that, like all SAXS-based371

methods, Carbonara cannot guarantee the uniqueness of its solutions due to the inherent372

ambiguity of scattering data. Complementary experimental approaches could help reduce373

this ambiguity. FRET spectroscopy, for example, can provide precise distance constraints374

(10Å − 100Å) between specific residues [48], further narrowing the conformational search375

space. Similarly, X-ray footprinting, regularly collected at synchrotrons alongside SAXS,376

can offer residue-level insights into protein dynamics and solvent accessibility [49]. Including377

additional experimental constraints will enable Carbonara to produce conformations that378

even more closely reflect the states proteins take in solution.379

5 Data and Software availability380

Carbonara is available open-source at: https://github.com/Prior-Lab-Durham-University/381

carbonara382
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8 Methods394

8.1 The Carbonara fitting protocol395

The modelling pipeline builds upon, and extends, work presented in [35] and [36]. A brief396

summary of the validations performed in those studies can be found in Supplementary Meth-397

ods S2. Here we outline their crucial elements and how they are used within our modelling398
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pipeline.399

8.1.1 Explicit hydration layer model400

To capture the hydration layer effect, crucial to match SAXS data, solvent molecules are401

placed on a cylindrical shell surrounding each section of the molecule. This layer is then402

checked for overlap of the solvent and the backbone, as well as likely shared solvent positions403

and any redundancy or forbidden overlap is removed until the final shell is created. An404

example is shown in Figure S2.405

8.1.2 The scattering model406

Within Carbonara we use the Debye scattering formula [50],407

I(q) =
N∑

i=1

N∑

j=1

fi(q)fj(q)
sin(qrij)

qrij
, (1)

for the scattering intensity I(q) as a function of momentum transfer q = π sin(θ)/λ. Here408

N is total number of Cα ’s and solvent molecules, fi(q) the form factor for residue i and409

rij is the distance between points i and j. The amino acid form factors take the standard410

form411

fam(q) = fb(q)− ρexfex(q). (2)

Here fb is the scattering form factor of the amino acid in a vacuum and fex is a scattering form412

factor adjustment due to the excluded volume of solvent, with ρx ∈ [0.95, 1.12] a commonly413

use scaling parameter [26, 24]. Each amino acid is assigned the same scattering function414

fb(q), a five-factor exponential representation415

fb =
5∑

i=1

Aie
−Biq

2

+ C, (3)
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where {Ai, Bi}
5
i=1 and C (a standard form used to fit molecular form factors [51]). These416

constants were are empirically determined in [35] using the scattering data of a number of417

known structures and their BioSAXS data. The excluded volume effect is captured using an418

exponential model in the form419

fa
ex(rw, q) = v(rw)e

πq2v(rw)3/2 , v(rw) =
4π

3
r3w, (4)

where rw is the average atomic radius of the atom; this is also a standard form, see e.g. [26,420

52, 24]. The parameter ρex, the relative weighting of the excluded volume effect was also421

determined empirically in [35] using a similar constraint range as in [26, 52, 24].422

The scattering form for an individual water molecule in the hydration layer is423

fh(q) = ρh(2fhy(q) + fox(q)), (5)

where fhy and fox are the vacuum scattering of hydrogen and oxygen respectively [51]. The424

constant ρh is varied over the same range ρh ∈ [−2, 4], as in the FoXS package [31].425

8.1.3 Fitting to experimental data426

We use a mean squared distance metric χ2
f to assess the fit of the model to the BioSAXS427

data:428

χ2
f =

1

ns − 1

ns∑

i=1

[log(Im(qi))− log(Ise (qi))− Ld]
2 , (6)

Ld =
1

ns

ns∑

i=1

log(Im(qi))− log(Ise (qi)).

ns =
2(qmin − qmax)Dmax

π
.

Where Im(q) is the model scattering calculated using the Debye formula (1), and Ise (q) the429

smoothed experimental data. The values of Ise (q) are obtained using the Shannon sampling430
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theorem to bin the data into ns bins and then taking the median value from each bin, a431

procedure described in [37, 53, 29]; we use twice the number of bins as suggested by the432

Shannon sampling theorem as advocated in [29], while the value Dmax is the maximum433

distance of any pair of coordinates in the model (Cα coordinates or solvent coordinates).434

The factor Ld, which will superimpose identical curves which differ by a translation is used435

because the protein concentration can only be measured with relatively low accuracy [26,436

24] (when taking a logarithm of the data a scaling factor becomes a vertical translation).437

Note that unlike for CRYSOL, FoXS, and a number of other packages, the metric χ2
f is not438

a true χ2 measure as the noise inherent to the data is smoothed using the Shannon sampling439

principle before fitting, as advocated in [37]. Thus, an ideal score is 0.440

8.1.4 Overlap prevention measure χo441

To prevent physically unreasonable conformations, a penalty χo is applied if the Cα-Cα dis-442

tance of ≤ 4Å is found for for any pair of non-adjacent Cα positions. Previously a harmonic443

potential was used in [35], but in this work the penalty takes the following form:444

χo =
0.1

m

m∑

i=1

(e4.0−di − 1) (7)

where di is any of m non-adjacent Cα coordinates which are less than 4.0Å, providing a445

similar penalty for distances close to 4Å to the harmonic potential, but a more dramatic446

repulsive effect if smaller distances are sampled.447

8.1.5 Custom distance restraints χd448

If the user has some additional knowledge of their structure, e.g., contact predictions or449

disulfide bonds, then Carbonara can constrain these distances. The restraints are placed on450

the Cα coordinates. If there are np pairs of Cα coordinates, with idealised distances d 0
i , then451
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the following penalty is used to restrain these values:452

χd = 0.0001

np∑

i=1

d 4
f df =

1

w0

di − d 0
i

d 0
i

. (8)

Here di is the distance between pair i. If w0 = 1 the quantity df represents the discrepancy453

from this ideal value d 0
i as a fraction of d 0

i . The pre-multiplier is the value at which the454

scattering penalty χf is considered a good fit. Altering the value of w0 dictates the value455

of df at which χd = 0.0001, a value which is equal to a high quality scattering fit (i.e.456

χ2
f = 0.0001). The standard value used in Carbonara is w0 = 0.5.457

8.1.6 Topological fold metric χt458

The absolute crossing number acn, a measure of the self entanglement of a suitably smoothed459

protein backbone, has a strict lower bound on its value as a function of its length for protein460

structures in the PDB [36] (Figure S7). Enforcing this constraint during the Carbonara461

search prevents the method from predicting unrealistically unfolded structures. To enforce462

this constraint Carbonara calculates acn of a smoothed representation of the structure and463

imposed a step function-like penalty χt defined as:464

χt =
1

1 + exp (20 (acn − lb))
(9)

where lb is the empirically obtained lower bound of the protein (a function of its length, see465

Supplementary Methods 3). If the current structure’s acn > lb the structure is considered466

sufficiently tangled and this term is exponentially small. If acn < lb then the structure is467

considered too open, and χt ≈ 1/2, a value which is several orders of magnitude larger than468

χf for a reasonable fit to the scattering data. Thus, in practice, it acts solely to prevent the469

structure from becoming too unfolded.470
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8.1.7 Fitting models to SAXS data471

For a given range q ∈ [qmin, qmax] the aim is to minimise the sum χ = χ2
f +χo+χd+χt (if no472

distance restraints are specified χd is trivially 0). A Monte Carlo method is used in which473

the algorithm loops over each designated flexible section. For each section a Monte Carlo474

algorithm is used to generate a new geometry (see Supplementary Methods 1). The value475

of χ is calculated and if it is less than the current minimum then the new configuration is476

accepted, else it is rejected.477

If a value of χ2
f < 0.0001 is reached, then the algorithm extends the range q ∈ [qmin, qmax]478

being fitted by adding a value of 0.1 to qmax. New configurations are only accepted if the full479

penalty χ < 0.0001 but it is possible that a particular prediction can have a small penalty480

in either the overlap or distance restraints so extra data being included is based on the481

scattering fit alone. The form of both χo and χd are selected such that these errors will482

lead to either only slightly close Cα - Cα distances (from χo) or minor variations from the483

idealised distance restraints (from χd).484

As GAJOE (see below) is only compatible with CRYSOL, for consistency we evaluated the485

χ2 between experimental SAXS and every all-atom model produced via the backmapping486

procedure using CRYSOL [26].487

8.2 Model generation488

8.2.1 SMARCAL1489

We analysed a truncated structure of the Human SMARCAL1 protein, spanning residues490

325 to 870, which contains both the HARP2 and ATPase domains [40]. We produced an491

atomistic model with AlphaFold3 [4], and identified its flexible regions using Carbonara’s492

automated procedure (see details in Supplementary Methods S4).493

The model was then refined with Carbonara’s progressive fitting approach beginning with494

the low-q interval (q ≤ 0.1Å
−1
) of the experimental SAXS data. We ran 200 distinct fitting495
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runs, each starting from the initial AlphaFold model. Each structure for which χ2
f < 0.001496

was used to generate a pool of all-atom predictions. These models were screened using497

CRYSOL to calculate their χ2 over the interval q = [0.02, 0.22] against experimental data.498

This optimal q-range was determined using SHANUM [54], giving the maximum useful data499

range. For this dataset, the analysis indicated data above q = 0.22Å
−1

does not contribute500

additional structure above the level of noise. 30 models with a χ2 less than 1.6 were selected501

for further analysis with MD simulations.502

For the Carbonara-refined model with χ2 closest to 1, comprehensive validation was per-503

formed using multiple SAXS profile calculation methods. Supplemental Table 1 provides504

detailed comparisons between the AlphaFold and Carbonara models using CRYSOL (shown505

in the main text), as well as additional validations with FoXS and WAXSiS, demonstrating506

significant improvement across all evaluation methods.507

8.2.2 ChiLob 7/4 IgG2508

The crystal structure of ChiLob 7/4 IgG2 (PDB: 6TKD) and SAXS data (SASBDB: SAS-509

DLJ4) of its C239S variant are reported in [43]. We identified linker regions using Car-510

bonara’s automated procedure, and manually selected as flexible those at the hinge region511

of the structure. Since the C239S variant of ChiLob 7/4 is a multi-chained protein, Car-512

bonara also controlled the roto-translational degrees of freedom of each chain. To ensure the513

two F(ab) arms were held together, the C-α atoms of opposing disulfide bonding cysteine514

residues in the hinge region are constrained at 6 Å by Carbonara. The specific amino acid515

pairs subjected to disulfide bond restraints were 136− 680, 149− 205, 225− 591, 231− 686,516

264−329, 375−435, 477−551, 604−660, 719−784, and 830−890. This distance constraint517

is particularly significant for disulfide bonds found within the hinge region, which confer the518

C239S variant its distinctive physiological properties [43].519

The crystal structure was then refined with Carbonara’s progressive fitting approach (see520

Theory), beginning with the low-q interval (q ≤ 0.1Å
−1
) of the experimental SAXS data.521
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The best fitting Carbonara model was selected and used to produce an all-atom model. To522

ensure robust validation, the refined structure was evaluated against experimental SAXS523

data using multiple independent methods as detailed in Supplemental table 2, including524

CRYSOL (presented in the main text), FoXS, and WAXSiS, all confirming improvement525

over the crystal structure.526

8.3 Molecular Dynamics simulations527

8.3.1 SMARCAL1528

MD simulations were performed using GROMACS 2023.4 [55], employing the CHARMM36m529

force field [56] along with the TIP3P(m) water models. These force fields were chosen for530

their improved accuracy in simulating non-globular protein conformations [56], making them531

suitable for validating the more extended conformations suggested by SAXS.532

The protein was solvated with TIP3P water molecules in a dodecahedron box with a mini-533

mum distance of 1.0 nm between the protein surface and the edge of the box. A physiological534

0.15 M concentration on Na+ and Cl− ions was used to charge balance the simulation box.535

Energy minimisation was performed via steepest descent with a step size of 0.01 nm, con-536

tinued until the maximum force fell below 1000 kJ/mol/nm or 50,000 steps were reached.537

The minimisation used a Verlet scheme with a cutoff of 1.2 nm for both van der Waals538

and Coulomb interactions. Energy minimisation was followed with a two-phase equilibrium539

process. First an NVT equilibration was performed for 150 ps with a 1 fs timestep, the tem-540

perature was maintained at 303.15 K using the V-scale thermostat with a coupling constant541

of 1.0 ps and position restraints were applied to the backbone atoms. Following this, an NPT542

equilibration was performed for 100 ps, maintaining the same temperature while coupling543

the pressure to 1 bar using the Parrinello-Rahman barostat, with a coupling constant of 5.0544

ps.545
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8.3.2 ChiLob7/4 IgG2546

MD simulations were performed using GROMACS v2021.2, employing the Amberff14SB547

force field [57] for protein atoms and Joung-Cheatham parameters for ions [58]. These548

parameters were selected to maintain parity with previous studies of the C239S IgG2 variant,549

specifically those used in simulations of the crystal structure [43]. The protein structure was550

prepared using Protein Preparation Wizard [59], capping chain termini with ACE and NMA551

residues and protonating at pH 7.0, followed by a restrained minimisation. The system552

was solvated in a TIP3P water box with a 2.5 nm buffer between the protein and box553

edges. System neutralisation was achieved by addition of Na+ and Cl− ions to reach a554

physiological concentration of 0.15 mM. Energy minimisation proceeded in two phases: 1000555

steps of steepest descent followed by 1500 steps of conjugate gradient protocol. The system556

was then equilibrated in two phases: first, a 50 ps NVT equilibration heating to 300 K,557

followed by a 100 ps NPT equilibration at 1 bar. Temperature was maintained using a558

Nose-Hoover thermostat [60] with a 2 ps−1 collision frequency, while pressure was controlled559

with a Parinello-Rahman barostat [61] during equilibration using a 2.0 ps relaxation time.560

Production simulations used periodic boundary conditions with an 8 Å direct space cut-off561

for non-bonded interactions. Long-range electrostatics were handled by Particle Mesh Ewald562

summation [62], while long-range van der Waals interactions used an analytical dispersion563

correction. LINCS constraints [63] were applied to all bonds involving hydrogen, allowing a 2564

fs timestep. Pressure was maintained at 1 bar with a Parinello-Rahman barostat throughout565

production simulations. Three independent production repeats were performed using distinct566

random seeds for the thermostat.567
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8.4 Simulation analysis568

8.4.1 SMARCAL1569

For all MD simulation of AlphaFold and Carbonara-refined models, we extracted snapshots570

at 1 ns intervals, generating a total of 12,000 structures. We concatenated and aligned all571

these trajectories on their Cα coordinates (residues 392-432), and then performed a Principal572

Component Analysis (PCA) on the Cα Cartesian coordinates.573

A subset of 55 conserved residues in the N-terminal lobe of the ATPase core domain from both574

AlphaFold and Carbonara-refined SMARCAL1 model were structurally aligned to the cor-575

responding domain of SNF2h in complex with dsDNA (PDB: 1Z63) using a custom Python.576

A Holliday junction structure (PDB: 3CRX) was then aligned to the dsDNA in the SNF2h577

complex by superimposing the C1’ atoms on the DNA were aligned (Holliday: chain C,578

residues 20-35, chain F residues 3-18; SNF2h chain C residues 9-24 and chain D residues 3-579

18). The alignment was repeated for all 12,000 conformations produced in the simulations of580

AlphaFold and Carbonara models. The HARP2 domain conformational space was visualised581

using VMD’s VolMap tool (residues 325-398, resolution 2 Å, atom size 1 Å, weighted by mass582

density) and rendered with an isosurface value of 0.025, a step size of 3 (solid surface) and583

step 1 (isosurface).584

For each aligned conformation, we measured the distance between the centres of mass of the585

HARP2 domain and the Holliday junction (defined as the centre of mass for DNA strands586

C, D, E, and F, residues 17-20).587

8.4.2 ChiLob7/4 IgG2588

Structural snapshots were extracted every 1 ns from simulation trajectories, generating a pool589

of 6,000 structures. Terminal caps were removed and titratable residues renamed to match590

CRYSOL naming conventions. Radii of gyration, Rg, and χ2 values were calculated using591

CRYSOL (ATSAS 3.0.4) [64], with Rg values taken from the slope of net intensity.592
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When applying ensemble reweighting, conformational ensembles were selected from the MD-593

derived pool using the genetic algorithm implemented in the GAJOE software (ATSAS 3.0.4)594

[65]. Ensembles were selected to reduce the difference between the experimental and com-595

puted SAXS intensity of the ensemble, calculated as an average of the summed individual596

synthetic scattering intensities, and the experimental scattering. As GAJOE is not deter-597

ministic, to ensure convergence, GAJOE was executed independently 10 times using default598

settings with qmax=0.2, using the crystal-seeded and Carbonara-seeded MD pools as inputs.599

The resulting Rg frequency distributions were found to be consistent across all GAJOE600

runs.601

8.5 Visualisation602

All plots were generated in Python (3.11) with the matplotlib (3.8.2) library. Molecular603

visualisations were produced with VMD 1.9.4 [66].604
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60. Nosé, S. A molecular dynamics method for simulations in the canonical ensemble. Molecular742

Physics 52, 255–268 (2 1983).743

61. Parrinello, M. & Rahman, A. Polymorphic transitions in single crystals: A new molecular744

dynamics method. Journal of Applied Physics 51, 7182–7190 (12 1981).745

36



62. Darden, T., York, D. & Pedersen, L. Particle mesh Ewald: An Nlog(N) method for Ewald746

sums in large systems. The Journal of Chemistry Physics 98, 10089–10092 (12 1993).747

63. Hess, B., Bekker, H., J. C. Berendsen, H. & G. E. M. Fraaije, J. LINCS: A Linear Constraint748

Solver for molecular simulations. Journal of Computational Chemistry 18, 1463–1472 (51749

1998).750

64. Manalastas-Cantos, K. et al. ATSAS 3.0: expanded functionality and new tools for small-angle751

scattering data analysis. Journal of Applied Crystallography 54, 343–355 (2021).752

65. Tria, G., Mertens, H. D., Kachala, M. & Svergun, D. I. Advanced ensemble modelling of753

flexible macromolecules using X-ray solution scattering. IUCrJ 2, 207–217 (2015).754

66. Humphrey, W., Dalke, A. & Schulten, K. VMD: visual molecular dynamics. Journal of molec-755

ular graphics 14, 33–38 (1996).756

37



Supplementary Files

This is a list of supplementary files associated with this preprint. Click to download.

carbonaraappendix.pdf

https://assets-eu.researchsquare.com/files/rs-6447099/v1/067fbc5db4363cc150f90570.pdf

	Introduction
	Theory
	Coarse-grained conformational sampling
	Fitting models to SAXS data
	All-atom backmapping

	Results
	Refinement of an AlphaFold model: Human SMARCAL1
	Insight into the functionality of SMARCAL1
	Refinement of a crystal structure using alternative disulfide bond constraints: ChiLob7/4 IgG2

	Discussion and Conclusions
	Data and Software availability
	Acknowledgements
	Contributions
	Methods
	The Carbonara fitting protocol
	Explicit hydration layer model
	The scattering model
	Fitting to experimental data
	Overlap prevention measure o
	Custom distance restraints d
	Topological fold metric t
	Fitting models to SAXS data

	Model generation
	SMARCAL1
	ChiLob 7/4 IgG2

	Molecular Dynamics simulations
	SMARCAL1
	ChiLob7/4 IgG2

	Simulation analysis
	SMARCAL1
	ChiLob7/4 IgG2

	Visualisation

	References

