
Recovering Conformational Heterogeneity
from the Protein Data Bank at Scale

An Ensemble Dataset of over 60,000 Structures

Purpose
Proteins are dynamic ensembles of interconverting conformations. This ensemble,
rather than any single structure, governs functions such as catalysis, mutational
effects, and molecular recognition. Predicting protein conformational ensembles
is a central goal of structural biology, but progress is constrained by a shortage of
training data. Current ensemble predictors rely on molecular dynamics
simulations, which are limited in number and constrained by force-field accuracy
and accessible timescales. Experimental structural data is an untapped source of
alternative data for training ensemble predictors of structure. X-ray crystallography
and cryo-EM measure many copies of a protein and average over space and time,
so the data encodes an ensemble of states. Conventional refinement collapses
this signal into a single set of coordinates. Most Protein Data Bank (PDB)
depositions, therefore, report a single averaged structure, leaving the underlying
heterogeneity unmodeled and hidden in the experimental data. Here, we applied
qFit to recover this latent heterogeneous signal at scale. Starting from structures
resolved to better than 2 Å with deposited structure factors, we re-refined them
and ran qFit multiconformer modeling. This produced over 60,000 completed
multiconformer models, the largest dataset of experimentally derived ensemble
protein structural models to date, spanning a broad range of sequence and
structural diversity. 83.7% of structures have a lower  with qFit
multiconformer models compared to the deposited, re-refined model. These
models identified widespread side-chain heterogeneity absent from the deposited
models. This resource aims to help address the data bottleneck in ensemble
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prediction and reframes the experimental data deposited in the PDB as a source
of ensemble information.

Background
Static structural prediction has been transformed by machine-learning predictors
[1] [2] [3] [4] [5] [6] [7]. However, proteins are not static. They exist as dynamic

ensembles of interconverting conformations [8]. This ensemble, not any single

structure, drives biological function, governing catalysis, mutational effects, and
molecular recognition [9] [10].

Predicting an ensemble is significantly harder than predicting a single structure, as
the target is a distribution of weighted states rather than a single set of
coordinates [11]. Beyond the significantly more difficult learning problem, the

training data needed to learn that distribution is scarce. Current ensemble
structural predictors are trained on and benchmarked against molecular dynamics
(MD) data [12] [13] [14] [3]. However, simulations are constrained by force field

accuracy, accessible timescales, and the diversity of the training set [15] [16] [17].

Accurately predicting conformational ensembles will require far more training
data.

One untapped resource for training data is the experimental data used to derive
static structures. X-ray crystallography and cryo-electron microscopy (cryo-EM)
measure tens of thousands to billions of copies of the protein. These
measurements are then ensemble-averaged over both space and time, so the
experimental data carries information about an ensemble of states. While crystal
packing and cryogenic temperatures restrict the accessible conformational space,
they do not eliminate heterogeneity [18]. Conventional modeling and refinement

nonetheless collapse this signal into a single, approximate structure. As a result,
most Protein Data Bank (PDB) depositions report a single, averaged set of
coordinates [19] [20] [21]. These are the models that helped unlock static structure

prediction. The unmodeled heterogeneity in the experimental data is itself a
resource for ensembles. Recovering it would substantially increase the available
ensemble training data.
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However, identifying and modeling the underlying conformational heterogeneity
in experimental data is difficult. It is typically done by hand, identifying often sub-
Angstrom differences, using visualization tools such as Coot [22]. This is

complicated by low density and noise from many sources, including crystal
imperfections, radiation damage, and poor initial modeling [23] [24] [18]. Manual

modeling would be incredibly challenging to scale across the PDB. To make
multiconformer modeling routine and impartial, we previously developed qFit [25]

[26] [27]. qFit takes a refined single-conformer structure and a high-resolution X-ray

or cryo-EM real-space map as input. It then uses optimization algorithms to
identify alternative protein [27] [25] or ligand [26] conformations, supplementing

manual modeling.

qFit produces a multiconformer model [28]. A multiconformer model represents

conformational heterogeneity within a single set of coordinates. It encodes
alternative states locally as altloc-labeled conformations and assigns each a
weight in the population proportional to its occupancy. Altlocs are added only
where the density requires it, so an ordered region can be modeled by a single
conformation, whereas a more heterogeneous area can be modeled by multiple
conformations. In contrast, an ensemble model represents heterogeneity as
multiple complete copies of the system. A region that adopts several
conformations appears as several slightly different versions of itself, one per copy,
and the population is read from the spread of the copies rather than from any
single one. The number of copies is set by the refinement protocol rather than by
the local complexity of the density, so even a well-ordered region is duplicated
across every model [29].

Here, we ran qFit on almost 80,000 deposited PDB structures with resolution
better than 2 Å and deposited structure factors. In most structures, qFit improves
the fit to experimental data and identifies additional conformational heterogeneity
latent in the deposited data. This produced the largest dataset of multiconformer
protein structures assembled to date, helping address the data bottleneck that
constrains ensemble prediction. Beyond ensemble prediction, it also provides a
rich resource for systematic studies of how conformational heterogeneity affects
allostery, macromolecular interactions, and mutations [30] [31] [32].
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Data Generation
The initial dataset includes all structures from PDBRedo with a resolution of 2 Å or
better (downloaded December 2024; n=80,876). Structures composed solely of
nucleic acids were removed (n=1043). We then re-refined all models using
phenix.refine with the parameters shown below [33]. This re-refined structure was

used as the ‘deposited’ comparison. We then generated a composite omit map,
which was used to run qFit (version 2025.3) with default parameters [28]. Finally, we

ran the post-qFit refinement script using phenix.refine. The final refinement cycle is
outlined below and matches the re-refined model. All code and parameters
needed to reproduce this pipeline are available in the qFit repository:
https://github.com/ExcitedStates/qfit-3.0. All re-refined models (PDB and CIF), qFit
models (PDB and CIF), and FASTA files are included in the Zenodo deposition
(https://zenodo.org/records/20801853).

phenix.refine \

"${pdb}.pdb" \

"${pdb}.mtz" \

"$ligand_cif" \

refinement.main.number_of_macro_cycles=5 \

refinement.main.nqh_flips=True \

refinement.refine.adp.individual.isotropic=all \

refinement.output.write_maps=False \

refinement.hydrogens.refine=riding \

refinement.main.ordered_solvent=True \

refinement.target_weights.optimize_xyz_weight=true \

refinement.target_weights.optimize_adp_weight=true \

ordered_solvent.mode=every_macro_cycle

Dataset Description
Of the 79,833 structures that entered the pipeline, 60,549 (85.9%) produced
completed models. Among the completed structures, the median resolution was
1.70 Å (range: 0.5–2.0 Å). The median number of residues was 298 (range: 3–2,338)
(Figure 1). The distribution of chain count per structure (range
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). The re-refined models had a median  of 0.198 (range 0.06–0.71) and a median  of
0.17 (range 0.06–0.68).  rises modestly as resolution worsens (slope 0.062, R² = 0.22)
(Figure 2). The median  of about 0.2 corresponds to a residual disagreement of roughly
20% between the experimental data and the model. This residual partially reflects the
limitation of reducing ensemble-averaged data to a discrete model rather than experimental
error [34] [35]. All models are located in the Zenodo deposition
(https://zenodo.org/records/20801853).

R ​free R ​work

R ​free

R ​free

Figure
1.

Overview of the qFit multiconformer model dataset (n = 60,549). A. Distribution of resolutions;
median resolution 1.70 Å (range 0.50–2.00 Å). B. Distribution of total residues per structure;
median 298 residues (range 3–2,338). C. Distribution of chain count per structure (range
).
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To assess the dataset's diversity, we clustered the entries at the sequence and
structural levels. Sequence clustering with MMseqs2 [36] yielded 16,133 clusters at

30% sequence identity, with many being singletons, and 25,608 clusters at 90%
sequence identity. Structural clustering with Foldseek produced 6,590 clusters [37].

Multiconformer models improve fit to
experimental data
To assess whether multiconformer modeling improves the fit to the data, we
compared the  of each qFit multiconformer model with that of the
corresponding re-refined PDB-Redo model. Across 60,549 models, qFit lowered

 by a mean of −0.009 and a median of −0.01 (Figure 3A/B). Individual

outcomes vary widely, ranging from a 0.320 decrease to a 0.310 increase, with a
standard deviation of 0.026. However, 54,274 (89.7%) structures have a lower 
with qFit compared to the deposited, re-refined model. While the average

Figure 2. Data Description of qFit multiconformer models (n=60,549). A. Distribution of . B.
Distribution of . C. Relationship between resolution and  (Slope: 0.062, R²: 0.22).
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improvement in  is small in magnitude, it represents a real improvement in
fit to the data through identifying and modeling conformational heterogeneity (see
below). Further, the improvement in  is partly obscured by poor solvent
fitting around heterogeneous models [38]. Of note, there is a subset of structures

(1.3%; n=802) in which qFit yields significantly worse , defined as an increase
in  by over 0.05. Examining these structures, we could not find a pattern that

explained this increase in ; this remains the subject of ongoing work.

Multiconformer models have significantly
more conformational heterogeneity
compared to static structures
We quantified the additional heterogeneity in qFit models relative to deposited
models using root-mean-square fluctuation (RMSF) and the number of alternate
conformations (altlocs). RMSF measures the spatial spread of atomic positions
across the modeled conformers and captures the magnitude of discrete
displacement that qFit introduces through multiconformer modeling. The number
of altlocs is the count of discrete alternate conformations assigned per residue
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Figure 3. Comparison of  between deposited and qFit models. A lower  indicates a better fit
to the experimental data. A. Scatterplot of deposited  versus qFit . Points below the
diagonal indicate the qFit model fits the data better. B. Histogram of the per-structure 
difference (deposited minus qFit).
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and provides a direct measure of how many distinct conformational states qFit
resolves from the density.

The majority of residues had one altloc (90.4%) across deposited and qFit models
(Figure 4A). qFit increased the altloc count for 9.4% of residues. Among residues
that gained conformations, a single additional altloc was most common at 4.9%,
followed by two at 3.6% and three at 0.8%. Alanine, glycine, and proline had the
fewest additional altlocs, while leucine and cysteine had the most (Supplementary
Figure 1). Only 0.2% of residues also had a reduction in the number of altlocs
modeled.

Across the dataset, qFit increased RMSF by a mean of 0.13 Å relative to the
deposited model, with a median difference of 0, consistent with the majority of
residues not having an alternative conformer modeled (Figure 4B). However, a
small subset of residues shows a large increase in RMSF. Unsurprisingly, the
longer the amino acid, the larger the qFit RMSF, with lysine, arginine, glutamate,
and glutamine showing the largest changes in RMSF (Supplementary Figure 2). As
with the removal of altlocs, a minority of residues show reduced RMSF.

Figure 4. Per-residue changes in altloc count and RMSF between qFit and deposited models. A.
Distribution of the per-residue difference in altloc count across all qFit models relative to deposited
models. The y-axis shows the number of residues on a log scale. 9.4% of residues gained an altloc in
the qFit model relative to the deposited model. B. Distribution of the per-residue difference in RMSF
across all qFit models relative to deposited models. The y-axis shows the number of residues on a log
scale. qFit increased RMSF by a mean of 0.13 Å relative to the deposited model. The median
difference was 0 Å.
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Hidden heterogeneity in a high-quality
structure
Structures with excellent refinement statistics can still contain conformational
heterogeneity that the deposited model does not capture. For example, the crystal
structure of death-associated protein kinase 1 (DAPK1) in complex with resveratrol
(PDB 7CCU; Figure 5A). This structure has a resolution of 1.65 Å, an  of 0.189,
and an  of 0.172, about median values for our dataset. By these metrics, the
model is of relatively high quality. However, the deposited model has no
alternative conformations modeled. After applying the qFit pipeline, we lowered
the  to 0.1812 and the  to 0.159, indicating a small but meaningful
improvement in the fit to the scattering factors. Across the structure, we found
that about 60% (164/277) of residues had at least one altloc, and 31% (85/277) had
more than 2 altlocs. When removing altlocs that exist within the same rotamer
well, we still see that 52% (144/277) and 17.3% (48/277) of residues had one or
multiple altlocs. Figure 5B-D shows a visualization of altlocs identified in Phe240
(Figure 5B), Asp220 (Figure 5C), and Glu118 (Figure 5D). All of these had a single
conformation modeled in the deposited structure, but clearly support multiple
conformations.
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Related datasets of conformational
heterogeneity
Several resources catalog the deposited alternative conformations. PDBFlex
characterizes flexibility by comparing different PDB structures of the same protein.
The Alternate Location Server maintains a list of PDB structures containing
alternate locations, and a recent survey has assembled a custom dataset of
alternately modeled backbone segments [39]. However, most deposited structures

have no alternative conformations, and the difficulty of modeling them often leads
to human bias, with some parts of the protein more likely to be modeled as
multiconformers while other regions remain single-conformer models [40].

Beyond experimentally derived datasets, most datasets used for training
ensemble predictors are MD datasets. The most widely used resources are ATLAS
and mdCATH, which provide all-atom trajectories for a broad range of folded
domains, spanning 1,390 protein chains in ATLAS and 5,398 CATH domains in

Figure 5. DAPK1 in complex with resveratrol (PDB 7CCU). The deposited model is shown in green and
the qFit multiconformer model in blue. Electron density is contoured at 0.5σ (mesh). (A) Deposited
model in electron density. (B) Phe240. (C) Asp220. (D) Glu118.
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mdCATH [41] [42]. Other resources include MISATO, which simulates approximately

20,000 protein-ligand complexes drawn from PDBbind and focuses on common
drug targets [43]. GPCRmd provides MD on GPCRs, with most systems belonging to

class A [44]. IDRome covers many disordered regions of the human proteome using

coarse-grained simulations [45].

There are a few key differences between the derivatives of these MD datasets and
our qFit multiconformer model dataset. MD produces an explicit, time-ordered
trajectory. It resolves motions from femtosecond-scale bond vibrations upward
but is limited by the simulation length and force-field accuracy. For example, the
ATLAS database, which has been used by many ensemble prediction algorithms,
provides three 100 ns trajectories per protein [41]. Many functionally important

motions, including loop rearrangements and allosteric transitions, occur on
microsecond to millisecond timescales and are undersampled at these lengths [46].

In contrast, X-ray crystallographic measurements are inherently time-agnostic,
capturing conformational changes regardless of the timescale, provided they
occur within the crystal. A single X-ray experimental dataset reports the
equilibrium distribution of conformations populated across the crystal, averaged
over time and over all unit cells. However, there is no time information, and
conformations are biased by the crystalline environment. Further, this data
remains latent in the experimental data until modeled.

Impact
X-ray crystallography and cryo-EM data encode rich ensemble information that
conventional modeling pipelines largely discard. Beyond the impact of
understanding individual proteins' functions, this leaves valuable training data for
ensemble methods unused. Here, we applied qFit across high-resolution
structures and experimental data in the PDB to recover this heterogeneity. We
show that qFit recovers the widespread conformational heterogeneity present in
high-resolution X-ray structure factors but absent from the deposited models [28]

[26]. The resulting multiconformer models more faithfully represent the true

underlying ensemble, as shown by improved  values. This yields the largest
dataset of multiconformer protein models to date. It offers experimentally derived

R ​free
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protein ensemble information at scale, a significant addition to the largely MD-
derived datasets used for ensemble training [41] [42] [43] [44]. This foundational

resource opens new avenues for studying protein ensembles and advancing
computational methods for their prediction [11].

Beyond ensemble training, it is possible that this resource may help the accuracy
gap between prediction methods and experiments may result from an incomplete
consideration of ensembles [21]. All public predictors are trained on single-

conformer models [2] [3] [6] [7]. When a residue populates multiple states, modeling

it as a single conformer introduces strain and other local geometric artifacts [28].

Predictors trained on these structures may learn the distortions along with the
correct geometry. Beyond incorrect geometry, it is possible that ensemble models
will help with “the last angstrom problem”, the gap between the accurate
backbones that current predictors produce and the sub-angstrom side-chain and
bond geometry needed for ligand docking and mechanistic interpretation [47]. The

last angstrom problem may be due to the precision with which the algorithms are
built and to underlying uncertainty, but it is also possible that the poor precision
reflects the statistical distribution of structural models. Additionally, this data can
also help with the analysis and benchmarking of MD data.

More broadly, the dataset supports a shift toward dynamic structural biology. It
reframes the PDB as a source of ensemble information. In the vast majority of
cases, experimental structural biology data are too rich to be described by a single
conformation. Making heterogeneous multiconformer models available at scale
lowers the barrier to integrating dynamics into routine structural analysis. This
opens up rich possibilities for systematic study across a range of biological
phenomena through the lens of conformational ensembles.

Several dataset limitations warrant consideration. First, structures are restricted to
those resolved to better than 2 Å with available structure factors, limiting our
dataset and hiding heterogeneity in lower-resolution structures. Second, the
dataset inherits conformational constraints imposed by crystal packing and
cryogenic temperatures in most structures. Third, the conformational
heterogeneity identified here arises predominantly from side-chain rather than
backbone movements. Beyond these specific constraints, it is important to
recognize that structures are models rather than experimental reality [34]. Our
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multiconformer models improve fit to the experimental data, as shown by
improved  values, but bridging the remaining gap between deposited models
and the full information content of experimental observations remains an
important challenge for the field.

Future work will focus on improving these algorithmic approaches and integrating
them with guidance methods [48] [49] [50] [51]. This helps establish a self-reinforcing

loop (Figure 6). Training data derived from qFit can improve the ability to predict a
larger portion of the conformational ensemble. Using these improved structure
predictors, we can then use them alongside guidance frameworks, enabling the
discovery of richer heterogeneity, which in turn generates higher-quality ensemble
training data for subsequent prediction algorithms.

Realizing this loop also depends on how we encode this information. The
experimental data capture conformational heterogeneity spanning length scales

R ​free

Figure 6. A self-reinforcing loop for conformational ensemble prediction. Training data derived from
qFit improves structure predictors' ability to capture conformational ensembles (modeling
heterogeneity). These improved predictors, combined with guidance frameworks, enable discovery of
richer heterogeneity. This richer heterogeneity, in turn, generates higher-quality training data for the
next generation of predictive algorithms.
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from single atoms to loop movements. There is also considerable compositional
heterogeneity within experimental data. While qFit and a growing number of
approaches can model this complex heterogeneity landscape, the current
PDBx/mmCIF format does not support its description or encoding well [52]. This

means that even when heterogeneity is modeled, much of it cannot be
communicated through a model. This limits the ensemble information available to
describe biological phenomena and the prediction methods used for training.

Finally, closing the loop will also require new infrastructure, including tools to
share, query, and compare models, built around a living database that treats
experimental data as ground truth and continuously incorporates modeling
improvements as they emerge. The circular prediction model we present above
depends on capturing this information at each pass (Figure 6). As ensemble-based
methods become more accurate and computationally accessible, a unified and
continually updated repository would let those improvements propagate easily to
downstream users, enabling new biological insights rather than locking them
behind the original depositors' modeling choices.
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