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Improving Protein Structure Prediction Using Integrative Cryo-
EM and lon Mobility Mass Spectrometry Modeling

Jacob B. Howardl", Akshaya Narayanasamy?”, Steffen Lindert2
1Department of Chemistry and Biochemistry, Ohio State University, Columbus, OH, USA

2Department of Chemistry and Biochemistry, University of California, Los Angeles, Los Angeles,
CA, USA

Abstract

Proteins perform essential roles in cellular processes, and accurate three-dimensional structures
are critical for understanding function and enabling drug discovery. High-resolution methods such
as cryo-electron microscopy (cryo-EM) and X-ray crystallography can provide detailed structural
information. However, many proteins are characterized only by low-resolution or sparse data,
which are difficult to translate into accurate atomic models. Mass spectrometry-based approaches
such as ion mobility (IM-MS) provide global structural information through collisional cross
section (CCS) but lack atomistic detail. Here, we present CRIM (cryo-EM + IM-MS), an
integrative Rosetta scoring function that combines low-resolution cryo-EM density with IM-MS-
derived CCS restraints to improve monomeric protein structure prediction. CRIM integrates the
REF2015 energy with CCS agreement (via PARCS) and an electron density term (elec_dens_fast).
On an ideal dataset of 60 proteins, CRIM reduced the mean RMSD from 3.65 A t0 2.90 A

and increased the TM-score from 0.88 to 0.90. On an experimental dataset of 54 proteins,

CRIM improved model selection, lowering the RMSD from 6.65 A to 4.38 A and increasing the
TM-score from 0.73 to 0.79. Compared to AlphaFold3, CRIM produced competitive predictions
and outperformed it for select challenging targets where sparse experimental data provide strong
constraints. The CRIM score function is freely available within Rosetta and provides a practical
framework for integrating complementary cryo-EM and IM-MS data to improve protein structure
prediction.

Graphical Abstract

Integrative modeling with sparse data from ion mobility mass spectrometry and low resolution
cryo-EM maps improved structure prediction with Rosetta
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Introduction:

Proteins are fundamental for most cellular processes and understanding their three-
dimensional structure is crucial for elucidating function and applications in drug discovery?
2 vaccine design3, and other biotechnological applications®. High-resolution techniques
such as X-ray crystallography, nuclear magnetic resonance (NMR) spectroscopy, and cryo-
electron microscopy (cryo-EM) are instrumental in determining protein structures at atomic
resolutions®. Occasionally, however, some of these higher resolution techniques only yield
structural information at lower resolutions, such as when lower-resolution density maps are
obtained from cryo-EM, or when NMR experiments yield sparse data®-19,

In addition to high-resolution approaches, a variety of experimental techniques provide
sparse yet valuable structural information. Mass spectrometry (MS) is a prominent example,
offering rapid data collection, minimal sample requirements, and broad applicability across
a wide range of protein sizes and heterogeneous samples. Several MS-based methods are
routinely employed to probe structural features, including hydrogen/deuterium exchange
(HDX), chemical cross-linking (XL-MS)1, surface-induced dissociation (SID)2, covalent
labeling (CL), and ion mobility (IM-MS)13: 14 IM-MS provides a collisional cross section
(CCS) value, which reflects the overall size and shape of an ion based on a rotationally
averaged cross-sectional area, thereby enabling characterization of conformational states.
Although the structural information from these lower-resolution methods is insufficient to
resolve atomic coordinates, it nonetheless offers critical constraints that may complement
high-resolution or computational techniques.

In parallel, recent advances in machine learning, particularly with deep learning models like
AlphaFold3 (AF3)1®, Boltz216, and RosettaFold217, have significantly enhanced our ability
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to predict protein structures computationally. While these models are highly effective and
frequently yield accurate predictions, there is a significant number of proteins that remain
challenging to predict18. To improve computational structure prediction, integrating sparse
experimental data into the prediction process can further improve the accuracy of these
predictions®.

Previous studies have demonstrated that diverse experimental data types can be incorporated
into modeling frameworks such as Rosetta to improve protein structure predictions20-22,
For example, XL-MS data have been used as upper-bound distance restraints 23: 24,

and CL experiments provided complementary constraints that refine surface exposure

and topology in modeled structures?>-29, SID measurements provided guidance on

subunit connectivity and non-covalent interaction energetics39-34 and IM-MS experiments
provided collisional cross section (CCS) values that describe overall molecular shape

and size enabling discrimination between candidate structuresl# 35-41, Beyond mass
spectrometry, low-resolution cryo-EM density maps can be directly integrated into
modeling protocols, supplying spatial localization constraints that further refine structural
predictions®: 10. 23,32, 42-44 £ rthermore, integrative approaches that combine multiple
complementary experimental techniques have been shown to be successful as well.
Seffernick et al. demonstrated that integrating SID mass spectrometry data with cryo-EM
maps improved the accuracy of protein complex modeling beyond what was observed
when just SID or cryo-EM was used independently32. Similarly, studies combining ion
mobility with chemical cross-linking have successfully refined modeling of large protein
assemblies by simultaneously constraining both overall shape and specific residue-residue
distances#®. These examples illustrate how incorporating diverse experimental datasets into
computational modeling frameworks can yield more robust and biologically meaningful
structural predictions?6.

In this study, we extend these integrative approaches to the problem of monomeric protein
structure prediction. We present the CRIM (cryo-EM + IM-MS) score function which
incorporates sparse data obtained from low-resolution (>6 A) cryo-EM density map and
IM-MS in the form of CCS values into Rosetta comparative modeling (CM) to improve
protein structure predictions. With our method we were able to improve structure predictions
across 83% of the monomeric proteins in both our datasets from an average RMSD of 5.1

A with the Rosetta REF2015 (RS) score function to 3.6 A RMSD with the new CRIM

score function. The CRIM score function is part of the Rosetta software suite and is

freely available for access by the users. (GitHub link: https://github.com/RosettaCommons/
rosetta/).

Ideal Dataset Construction

To evaluate the performance of the CRIM scoring function for idealized, noise- and error-
free data, we used a previously assembled ideal dataset of 60 monomeric proteins#C.
Structures in the ideal dataset represent all unique protein architecture categories as
classified by the CATH Protein Structure Classification Database, with sequence lengths
ranging from 58 to 965 amino acids. For each protein, synthetic experimental data was

J Chem Theory Comput. Author manuscript; available in PMC 2026 June 14.
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generated: collision cross section (CCS) values were calculated using the Rosetta PARCS
algorithm?0: 47 and low-resolution cryo-electron microscopy (cryo-EM) density maps were
simulated using the BCL density module as described below.

Structural models for each of the 60 proteins in ideal dataset were generated using Rosetta
multi-template Comparative Modeling (CM)*8. Following established protocols, 10,000
models were produced for each protein®%. The 3mer and 9mer fragment libraries were
created using the Rosetta fragment picker tool4?. BLAST was used to identify both low
and high sequence similarity templates which were included to broaden the diversity of

the model set. Additionally, template weights were varied to produce both native-like (<5
A RMSD) and non-native-like (>5 A RMSD) models compared to the target protein. All
structures generated with RosettaCM were subject to the Rosetta fast relax protocol prior to
scoring.

Models were scored using the RS score function 50 and the CRIM function, respectively,
to assess their ability to distinguish native-like and non-native-like conformations.

Model quality was evaluated using alpha-carbon root-mean-square deviation (Ca-RMSD)
calculated in PyMOL, and TM-score values were computed with TM-align®Z.

Benchmark Dataset Construction

To evaluate CRIM under relevant experimental conditions, we curated a benchmark dataset
of 54 monomeric proteins. Of these, 30 of the target proteins had experimentally determined
cryo-EM density maps and 24 had published IM-MS CCS measurements. A detailed

source information of the experimental measurements of IM-MS CCS data is found in

the Supplementary CSV file. Among these 54 proteins 2 of them had both experimental
cryo-EM density map and IM-MS CCS measurements. To enable integrated scoring across
the full benchmark set, the missing data for each target was simulated: density maps were
generated with BCL for targets with CCS data only, and CCS values were computed with
PARCS for targets with cryo-EM data only. For each benchmark protein, 10,000 models
were generated using the same RosettaCM protocol applied to the ideal dataset.

Low-Resolution Cryo-EM Density Map Preparation

Within the benchmark dataset, 30 proteins had experimental cryo-EM density maps.
However, the density maps were often for entire complexes, which would affect the scoring
process of monomeric proteins when using the “elec_dens_fast” score term. As a solution,
the density maps were cropped within 5 A of the native structure using ChimeraX>2,

For the remaining targets in the benchmark dataset, along with all the proteins in the Ideal
dataset, the density maps were simulated using the BCL density package. All density maps
were simulated from crystal structures using BCL::density::FromPDB53 at 14 A resolution,
with a voxel size of 1.4 A and a Gaussian noise level set to 0.8.

Native CCS Calculations for Proteins Without IM-MS Data

Theoretical CCS values were computed from atomic coordinates using the Rosetta PARCS
algorithm#9, Each structure was randomly rotated 300 times to obtain a rotationally
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averaged CCS. CCS calculations were performed with the buffer-gas radius set to 1.0 A

to approximate helium-based ion mobility conditions. Helium CCS values are widely used
as a standard reference in ion mobility studies and are commonly employed for calibration
and comparison with theoretical models due to their extensive availability in the literature.5*

CCS values had to be calculated from the native structure for all 60 proteins in the ideal
dataset and 30 proteins in the benchmark dataset. Several of these native proteins had
missing residues within their PDB structure. Due to PARCS calculating CCS values based
on the atoms present in a PDB file, missing residues in the structure may result in an
underestimation of the native CCS values. For native structures with missing residues in
their PDB entries, a modified RosettaCM pipeline was employed to reconstruct the full
sequence across both datasets. For this RosettaCM protocol, only templates with high
sequence similarity were utilized in addition to the crystal structure with the missing
residues. Furthermore, the crystal structure was weighted higher than the other templates
so that near-native-like predictions could be obtained. With this protocol, only 250 structures
were predicted per protein system. The best-scoring model generated from this pipeline for
each target protein was used to compute the theoretical CCS value using PARCS. We used
this CCS value as the benchmark against the models in place of experimental IM-MS data.

Protein Structure Prediction with AlphaFold3

For each protein in the ideal and benchmark datasets, structures were generated using
AlphaFold3 v3.0.1 on the Cardinal cluster at the Ohio Supercomputer Center. Predictions
were made using the standard AF3 settings. The highest-ranked AF3 model for each protein
was used in comparison to the best-scoring CRIM predicted models

CRIM Score Function

Density maps and CCS values from cryo-EM and IM-MS experiments, respectively, were
incorporated into the RS score function to act as spatial restraints for integrative Rosetta
modelling. The Cryo-EM and IM score terms provide information regarding a protein’s
overall shape, size, and spatial density. To integrate this information into Rosetta, the
IMscore Term Was adapted from a previously implemented score term to quantify the
agreement of a predicted model with the IM-MS data®’. The IMscore Term IS @ piecewise
penalty function (defined in Eq. 1) based on the difference (ACCS) between CCSparcs and
CCSym. The function uses a lower bound (LB) to account for error and an upper bound (UB)
to cap the penalty for large deviations (shown in Eq. 1). ACCS values below the LB (25 A2)
do not receive a penalty and ACCS above the UB (125 A?) receive the maximum penalty of
125, with a fade function used in between.

0 if ACCS<LB

IM Score Term = |100(2x3 =3x2 4 1) if LB < ACCS < UB x = — (ACCS - UB)

UB-LB
0 if ACCS > UB

@)
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The cryo-EMsgcore Term 1S @ previously implemented score term in Rosetta (elec_dens_fast)
and was calculated based on model agreement with either experimental cryo-EM density
maps or the simulated density maps®®.The evaluation score, CRIMg¢re, Was defined as a
weighted sum of the RS score function, IMgcore Term and cryo-EMsgore Term @S Shown in Eq.
2.

CRIM Score = RS +2(IM Score Term) + 10(Cryo — EM Score Term)

@

The total CRIM score captures both structural conformity to the standard Rosetta score,
and quantitative agreement with sparse experimental data from cryo-EM and IM-MS.
This integrated scoring strategy was hypothesized to improve the selection of near-native
structures across datasets with diverse experimental resolutions and data completeness.

Results and Discussion:

CRIM Score Function Improved Model Selection in an Ideal Dataset

In this study, we hypothesized that integrating cryo-EM density information with IM-MS
data would provide complementary constraints. This integration would enable more accurate
monomeric protein structure prediction than can been achieved with either method alone. As
both cryo-EM and IM-MS are becoming more accessible and widely used, it is increasingly
likely in the future that both data types will be available for the same protein target,
underscoring the need for computational methods capable of leveraging these datasets
together. To test this hypothesis, we assessed the performance of the CRIM score function
using an ideal dataset of 60 monomeric proteins, designed to represent diverse protein

folds across the CATH classification. In this dataset, synthetic experimental data was
generated by simulating CCS values with the Rosetta PARCS algorithm#® and cryo-EM
density maps with the BCL density packagel® 53. For each protein, 10,000 model structures
were generated with Rosetta comparative modeling (RosettaCM), and all models were
subsequently rescored using the CRIM function to evaluate its ability to discriminate
between native-like and non-native conformations.

For both scoring functions, the lowest-scoring model was considered the best or predicted
structure. Upon incorporating cryo-EM and IM-MS data through the CRIM score function,
we found a notable improvement in the accuracy of the best-scoring models compared

to predictions made using only the RS score function. The structures predicted by CRIM
exhibited an average RMSD of 2.90 A, compared to 3.65 A with the RS score function.
The average TM-scores also improved, increasing from 0.88 with RS to 0.90 with CRIM.
Three proteins demonstrating significant improvement in RMSD with the CRIM score
function are illustrated in Figure 1. Figures 1A and 1B show that incorporating experimental
data not only resulted in more accurate structural predictions but also penalized inaccurate
conformations more strongly, yielding significantly more clearly defined energy funnels
across the proteins. As illustrated in Figure 1C, the CRIM score function guided model
selection toward native-like conformations for all three proteins. For example, hemopexin

J Chem Theory Comput. Author manuscript; available in PMC 2026 June 14.
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(PDBID: 1QHU) improved from 10.77 A RMSD with RS to 3.78 A with CRIM, while
pORF2 (PDBID: 2ZZQ) improved from 11.75 A to 4.46 A. Even for the 50S ribosomal
protein L15 (PDBID: 3CPW), which was one of the most challenging proteins in the ideal
dataset, the CRIM score function reduced the RMSD from 22.61 A to 5.44 A, indicating
that substantial gains can be achieved across diverse structural contexts. Similar results were
observed for the other proteins in the ideal dataset as shown in Supplementary Fig. 1-3.

Across the ideal dataset, the RMSD of the predicted structures either improved or remained
the same for 50 out of the 60 proteins, with an average improvement of 1.44 A among the
proteins that saw an improvement (Figure 2A (i)). Likewise, the TM-score improved for

49 out of 60 proteins with an average improvement of 0.04 over the RS score function for
those proteins (Figure 2B (i)). Visually, most points lie below (RMSD) or above (TM-score)
the x =y line, suggesting an improved prediction, and the deviation from the line grows at
higher RS RMSD values, indicating stronger benefits for harder targets. These results further
support that the addition of simulated cryo-EM and IM-MS data refines the ability of the
RS score function to distinguish between native and non-native like models. However, since
the simulated, idealized data is not identical to real experimental data, we further tested the
effectiveness of the CRIM score function in conjunction with experimental data.

Cryo-EM and IM-MS Data Improved Model Selection in the Experimental Dataset

The experimental dataset consisted of 52 proteins with either experimental data from cryo-
EM or IM-MS, and two proteins that have both experimental data types. The data was
curated as described in the methods section. For each protein in the experimental dataset,
10,000 models were generated with Rosetta Comparative Modelling, and were rescored with
the cryo-EM and IM-MS data.

Again, we saw an improvement in model selection quality with the addition of the CRIM
score function as compared to the RS score function (Figure 2A (ii), 2B (ii)). The average
best-model RMSD dropped from 6.65 A (RS) to 4.38 A (CRIM), and the mean TM-score
rose from 0.73 (RS) to 0.79 (CRIM). Notably, most proteins benefited: 46/54 showed equal
or lower RMSD with CRIM (Figure 2A (ii), and supplementary Fig. 4), and 43/54 showed
equal or higher TM-scores (Figure 2B (ii), and supplementary Fig. 5). For the 46 proteins
with lower RMSD values, we observed an average improvement of 3.40 A (corresponding
to an improvement of 0.09 in TM-score), with 20 of those achieving a greater than 1

A RMSD reduction, and 17 achieving a greater than 0.05 TM-score increase, indicating
widespread practical improvement with the CRIM score function. For the two proteins with
both experimental data types, we observed improvements in model selection. The proteins
lysozyme and insulin (PDBID: 1DPX and 3INS) saw an average improvement from 5.95
A to 4.02 A RMSD and an average change in TM-score from 0.49 to 0.52, using the RS
and CRIM score functions respectively (see Supplementary Fig. 6). These results further
demonstrate that model selection with experimental cryo-EM and IM-MS data outperformed
that of just the RS score function.

Furthermore, Figure 3 highlights two benchmark proteins, pB2-crystallin (PDBID: 1YTQ)
and eEF3 (PDBID: 21X8), where the CRIM score function significantly improved
predictions over the RS score function. Figure 3A shows the RMSD vs score distributions of

J Chem Theory Comput. Author manuscript; available in PMC 2026 June 14.
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the models when scoring with the CRIM score function (orange) compared to scoring with
the RS score function (blue). The corresponding TM-score distributions are shown in Figure
3B. We used an experimental CCS value for 1YTQ, whereas the cryo-EM density map was
simulated as described in the methods section. 21X8 had an experimental low-resolution
cryo-EM density map, and the CCS value was simulated with PARCS. In both cases, we
saw significantly better models selected when using the CRIM score function. Notably,
both RS predictions had a TM-score below 0.5, which indicates that the predicted model
did not share a similar fold to the native structure. However, when experimental data was
included and the models were rescored with the CRIM score function, both predicted
models exhibited a TM-score over 0.8, which indicates a highly similar structure between
the predicted model and the native structure. This further supports that integrating these two
types of experimental data does help in predicting the structures of monomeric proteins.

We performed a cumulative density plot analysis to understand if there was improvement

in the 100 top scoring models’ RMSD as depicted in Figure 3C. For the two example
proteins, the CRIM score function significantly shifted the distribution of the top 100
scoring models towards a lower RMSD value than when the RS score function was used. In
both cases, the CRIM score function achieved a near complete density saturation at around
6 A RMSD, whereas density saturation for models scored with the RS score function was
only observed for RMSD values beyond 10 A in both cases. This trend was seen throughout
the experimental dataset (Supplementary Fig. 7), showing that the CRIM score function
consistently scored models more accurately than the RS score function (even in cases where
the top scoring model did not improve significantly).

CRIM Score Term Analysis

To evaluate how each experimental data type contributed to the re-scoring of protein models,
we analyzed the IM-MS and cryo-EM score terms individually and in combination. Because
density maps are far more information-rich than a single CCS value, the cryo-EM term
contributed the majority of the total prediction improvement for most models. The IM-MS
term, however, proved essential for achieving the best results across both the experimental
and ideal datasets (see Supplementary Fig. 8.). CRIM outperformed the cryo-EM term alone
for 94 of 114 proteins, and 10 of those 94 improved solely due to the IM-MS contribution,
showing no improvement, and in some cases performing worse when re-scored with cryo-
EM data alone. Particularly, we observed cases such as antigen protein (PDB ID: 4H2A)
and CASL1 protein (PDB ID: 4XTK) where improvements were only achieved when both
cryo-EM and ion mobility data were used together, as well as instances where ion mobility
contributed to improved model selection in situations where cryo-EM alone was insufficient
(see Supplementary Fig. 9). These results emphasize the complementary nature of the two
data sources and support the value of integrating both within a unified scoring framework.

Structure Prediction Using CRIM is Competitive with AF3

AF3 is the state-of-the-art technique for protein structure prediction!®. Thus, we compared
the best CRIM predictions for the proteins in both the ideal and benchmark dataset to the
respective AF3 predictions to contextualize the benefit of incorporating sparse experimental
data into protein structure prediction (see Supplementary Fig. 10 for the full RMSD

J Chem Theory Comput. Author manuscript; available in PMC 2026 June 14.
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distributions across AF3, RS, and CRIM). For the ideal dataset (Figure 4A), the mean
RMSD for the AF3 predictions was 2.55 A, compared to a mean RMSD of 2.90 A with

the CRIM score function. While on average, AF3 slightly outperformed CRIM, 36/60 (60%)
of the predictions were within 1.0 A of each other, and for an additional 5 proteins CRIM
outperformed AF3 by more than 1 A RMSD. Thus, CRIM performed similarly or better
than AF3 for 41/60 (68%) of the structures predicted as shown in Figure 4A. Similar trends
were seen for the benchmark dataset comparison (Figure 4B). The mean RMSD for the

AF3 predictions was 4.12 A compared to 4.38 A when using the CRIM score function.
Across the dataset, 20/54 (37%) of the predictions were within 1 A of each other, and

for 12/54 proteins, CRIM produced lower RMSD models than AF3 by more than 1 A
RMSD. Notably, based on AF3’s reported training cutoff date of 09/30/2021, all proteins

in the ideal dataset and all but two proteins in the benchmark dataset were potentially
included in AF3 training; the two benchmark proteins deposited after this cutoff (8B2X

and 7T7V) were both predicted substantially better by CRIM (RMSD values of 2.3 A

and 2.0 A, respectively) than by AF3 (RMSD values of 19.3 A and 5.0 A, respectively).
Collectively, these results demonstrate that although AF3 remains the more accurate method
on average, CRIM frequently produced predictions that are competitive with AF3 and can
substantially outperform AF3 for select targets when sparse experimental restraints provide
strong discriminatory power. This observation is consistent with the broader motivation for
CRIM. Experimentally grounded restraints reduce ambiguity and improve discrimination
between native-like and non-native-like conformations, thereby improving predictions for
difficult targets. Looking forward, an important extension of this work will be to incorporate
sparse experimental information directly into machine learning based structure prediction
workflows such as AF3, for example by using IM-MS and cryo-EM derived restraints during
model generation and/or as part of a restraint-guided refinement stage. Integrating these
orthogonal experimental constraints into machine learning pipelines could further reduce the
frequency of inaccurate predictions and improve reliability for difficult targets, extending the
benefits of sparse experimental data to next generation structure prediction workflows.

Conclusion

This study introduced the Rosetta CRIM score function, an integrative scoring strategy

that augments the RS score function with sparse cryo-EM density and IM-MS information
to guide monomeric protein structure selection. Across an idealized, noise-free dataset

of 60 proteins, CRIM consistently identified more native-like structures relative to RS
alone, lowering the average best-model RMSD from 3.65 to 2.90 A and increasing the
mean TM-score from 0.88 to 0.90. In an experimental dataset of 54 proteins with either
experimental cryo-EM or IM-MS data (and the complementary modality simulated), CRIM
again improved quality: the mean best-model RMSD decreased from 6.65 to 4.38 A and
the mean TM-score rose from 0.73 to 0.79. The improvement was most pronounced for
harder targets, where the additional information provided by IM-MS (shape information
from CCS) and cryo-EM density helped to more clearly distinguish between native-like and
non-native-like models. This clearly demonstrates the utility of integrative IM-MS/cryo-EM
modeling for both ideal and experimental datasets. The CRIM score function is freely

J Chem Theory Comput. Author manuscript; available in PMC 2026 June 14.
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available as part of the Rosetta software suite. A detailed tutorial of the protein structure
scoring pipeline is provided in the Supplementary information.

Moving forward, we plan to extend the CRIM score function beyond monomeric targets

as predicting complexes is an limitation of this method to explicitly handle protein
complexes, where constraints from CCS and cryo-EM density can be integrated to improve
discrimination among predicted architectures. Furthermore, incorporating CRIM into next-
generation deep learning tools such as AlphaFold is an additional, natural extension of

this work. AlphaFold frequently achieves high accuracy; however, it faces limitations for
larger proteins, when evolutionary signals are weak, or for proteins with disordered regions
and/or multiple conformations®®: 57, In these settings, CRIM’s constraints from IM-MS data
and low-resolution cryo-EM maps may add experimentally grounded information that helps
reduce ambiguity and improves reliability for more difficult targets.

Finally, because CRIM combines IM-MS and electron microscopy information in a single
framework, it may also be useful for modeling soft-landed proteins. Soft-landing workflows
naturally pair native MS/IM-MS measurements with electron microscopy on the deposited
sample>8-80 which matches well with the types of data CRIM is designed to use. In this
context, CRIM could help evaluate whether soft-landed proteins remain native-like and help
select or refine structural models that agree with both the measured CCS value and the
resulting EM density.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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(A) The score vs RMSD distributions for the 10,000 model structures of proteins 1QHU,
27ZQ, and 3CPW when scored with the CRIM score function (orange) compared to the RS
score function (light blue). For both score functions, the best scoring structure is indicated
with a star in its respective color. The score values for the CRIM score function were
normalized to the RS scores by subtracting the difference between the two best scoring
structures from all 10,000 of the model scores. (B) The corresponding score vs TM-score
distributions of the models scored with the CRIM score function (orange) compared to the
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RS score function (light blue). (C) Predicted models for the three proteins using the RS
score function (light blue) versus the CRIM score function (orange), each overlaid with the
native structures (grey).
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Benchmark Dataset
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Evaluation of structural accuracy using CRIM versus RS score functions. (A) RMSD of

the top-ranked models, presented for the ideal dataset (i) and the benchmark dataset (ii)
separated by proteins with IM-MS data (green) and cryo-EM data (purple). (B) TM scores of
the highest-ranking models, reported for the ideal dataset (i) and the benchmark dataset (ii)
separated by proteins with IM-MS data (green) and cryo-EM data (purple).
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(A) Score versus RMSD distributions for the 10,000 model structures of 1YTQ and 21X8
using the CRIM score function (orange) and the RS score function (light blue). For both
score functions, the best scoring structure is indicated with a star in its respective color.
(B) TM-score vs RMSD distributions of the models scored with the CRIM score function
compared to the RS score function. (C) Cumulative density plots for the RMSD of top
100 scoring models. (D) The predicted models using the CRIM score function (orange)
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compared to the models predicted with the RS score function (light blue) with each of the
models overlaid on the native structure (grey).
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Figure 4.
Comparison of structural accuracy when using the CRIM score function versus AF3. (A)

RMSD of the top-ranked models for the ideal dataset. (B) RMSD of the top-ranked models
for the benchmark dataset separated by proteins with IM-MS data (green) and cryo-EM data
(purple). The two circled and labeled data points indicate the protein structures that were
deposited in the PDB after the AF3 training date cutoff.
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