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Abstract

Resolving protein-ligand interactions in atomic detail is key to understanding how small
molecules regulate macromolecular function. Although recent breakthroughs in cryo-
genic electron microscopy (cryo-EM) have enabled high-quality reconstruction of numer-
ous complex biomolecules, the resolution of bound ligands is often relatively poor.
Furthermore, methods for building and refining molecular models into cryo-EM maps
have largely focused on proteins and may not be optimized for the diverse properties

of small-molecule ligands. Here, we present an approach that integrates artificial intelli-
gence (Al) with cryo-EM density-guided simulations to fit ligands into experimental maps.
Using three inputs: 1) a protein amino acid sequence, 2) a ligand specification, and 3)
an experimental cryo-EM map, we validated our approach on a set of biomedically rele-
vant protein-ligand complexes including kinases, GPCRs, and solute transporters, none
of which were present in the Al training data. In cases for which Al was not sufficient to
predict experimental poses outright, integration of flexible fitting into molecular dynam-
ics simulations improved ligand model-to-map cross-correlation relative to the deposited
structure from 40-71% to 82-95%. This work offers a straightforward pipeline for inte-
grating Al and density-guided simulations to model building in cryo-EM maps of ligand-
protein complexes.

Author summary

Understanding how proteins interact with small molecules, such as drugs, has long been
a central challenge in structural biology. Visualising these interactions at the atomic
level can reveal critical details of protein function and empower drug design. Despite
recent advances in imaging such as cryogenic electron microscopy (cryo-EM) and com-
putational predictions using artificial intelligence (AI), many important protein-drug
complexes remain difficult to decipher by either method in isolation. In this study,
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we show how combining Al-driven structure prediction with cryo-EM imaging data

and molecular simulations can enable accurate modeling of protein-drug complexes
with minimal system knowledge or structural biology expertise. Our proposed pipeline
demonstrates the power of integrating experimental and computational methods to
decode the complex language of molecular recognition, and holds promise for advancing
both basic science and pharmaceutical innovation.

Introduction

Protein-ligand binding is of key importance to both biomolecular regulation and pharmaceu-
tical activity. Resolving protein binding of a ligand at the atomic level, including its geometry,
pose, and interactions with specific amino acid residues, can critically aid the characteriza-
tion of endogenous modulators or design of novel drugs. Recent advances in single-particle
cryogenic electron microscopy (cryo-EM) have enabled the determination of diverse macro-
molecular structures, including targets inaccessible by X-ray crystallography, and often with
ligands bound [1]. However, even with high-quality data, the resolution of bound ligands is
often lower than the surrounding protein, and may be too poor for definitive model build-
ing. For example, in a recently reconstructed cryo-EM map for 3-galactosidase bound to the
inhibitor phenylethyl -D-thiogalactopyranoside, the protein was resolved to 1.5 A, while the
ligand densities were limited to 3-3.5 A [2].

Several methods have been developed to refine molecular models in cryo-EM maps,
broadly categorized as rigid-body fitting, flexible fitting, and de novo model building, as
well as various combinations of these [3-6]. However, such approaches have primarily been
applied to proteins, with less focus on bound small molecules. It may be particularly chal-
lenging to maintain the native intricacies of intermolecular ligand-protein interactions dur-
ing computational modeling. Recent efforts to combine physics-based docking with relatively
low-resolution ligand densities [7-9] may be limited by reliance on an initial protein struc-
ture, which must be determined by separate methods, and substantially restricted from fur-
ther refinement even in the case of overlapping protein and ligand densities. Flexible fitting
methods can in principle refine a ligand and the surrounding protein pocket simultaneously,
but typically require a masked ligand-only density, hindering automation. For most auto-
mated methods, successful modeling depends on a reasonably accurate initial model for the
protein-ligand complex.

Recent artificial intelligence (AI)-based methods, including AlphaFold3 and its open-
weights analogs such as Chai-1, offer new approaches to predict structures of protein-ligand
complexes based on amino-acid sequences and ligand specification [10,11]. Here we test the
applicability of such a protocol, in combination with simulation-based flexible fitting where
necessary, to support an semi-automated pipeline for modeling pharmaceutically relevant
protein-ligand complexes into cryo-EM maps not represented in the Al training data (Fig 1).
For ten biomedically relevant targets, including cytosolic kinases, membrane-bound receptors
and secondary transporters, ligand models generated in Chai-1 fit the target cryo-EM density
with at least 82% accuracy relative to the deposited structure, either directly or after density-
guided simulations. These results demonstrate the utility of combining AI with flexible fitting
to ligand building in a variety of pertinent systems.
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Fig 1. An pipeline to modeling of ligand-protein complexes. First, the protein sequence and ligand SMILES information were provided
in Chai-1 to predict the protein-ligand complex structure. Then, rigid body alignment followed by molecular dynamics simulation-based
flexible fitting were performed.

https://doi.org/10.1371/journal.pchi.1013367.9g001

Results
An pipeline to modeling of ligand-protein complexes

To test the integration of predictive AI with flexible fitting in building experimental
structures of protein-ligand complexes, we first predicted five molecular models for each
target using Chai-1 [11]. This open-weights model is based on comparable architecture and
training strategies to those of AlphaFold3 [10], and has shown similar performance in pre-
dicting protein-ligand complexes [11]. For each target, we input the protein amino-acid
sequence and a ligand specification using the simplified molecular input line-entry system
(SMILES) (Fig 1, left). The predicted complexes were then rigid-body aligned with their target
cryo-EM maps using ChimeraX (Fig 1, center) [12].

Next, we used density-guided molecular dynamics (MD) simulations in GROMACS [13]
to fit the best Chai-1 model to the density (Fig 1, right). Briefly, in this step, we applied addi-
tional forces to atoms of the protein and ligand scaled by the gradient of similarity between a
simulated density based on the initial model and the reference cryo-EM map. No additional
restraints were applied during these simulations, in order to enable conformational adjust-
ments to both the protein and ligand during refinement. During fitting, we monitored the
model-to-map cross-correlations (CCs) as a metric to track the quality of the fit, protein-
ligand interaction energy (PLIE) for favorable interactions without clashes, and the gener-
alized orientation-dependent all-atom potential (GOAP) score [14] for protein geometry.
Notably, PLIE does not correspond to free energy which is a non-trivial parameter to esti-
mate from our simulations. To minimize technical challenges arising from inconsistent lig-
and nomenclature, we focused on CCs to validate our fitted versus experimental structures
(ground truth). Because a ground truth would not be available in fitting original data, infor-
mation from the experimental structure was not used during model building, fitting or quality
assessment, but served as a reference for validation.

A test set of biomedically relevant protein-ligand complexes

We tested our approach on monomeric target complexes in the protein-ligand interactions
dataset and evaluation resource (PLINDER) [15] (see Methods). Experimental structures
for these test cases were reported after December 2021, such that they were not present in
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the Chai-1 training set. We filtered these for complexes containing native protein sequences
under 1200 amino acids, along with pharmaceutically relevant small molecules (quantitative
estimation of drug-likeness (QED) > 0.7 [16]) within 4 A of protein atoms. The resulting test
set consisted of ten protein-ligand complexes of 400-1200 amino acids resolved to 2.7-3.7 A,
including two cytosolic kinases, two G protein-coupled receptors (GPCRs) and six secondary
transporters (Table 1 and S1 Fig), and ligands with molecular weights from 218 to 442 g/mol
(16-30 heavy atoms), 0-4 rotatable bonds, and 3-10 hydrogen bond donor/acceptor atoms
(Table 2 and S2 Fig).

The kinases included 1) leucine-rich repeat kinase 2 (LRRK2), a multifunctional enzyme
(1194 residues) and driver of heritable Parkinson’s disease [27]; and 2) a variant of phos-
phoinositide 3-kinase o (PI3Ka), a lipid kinase of similar size (1096 residues) but distinct
fold, mediating cellular growth signals in human cancers [28] (Table 1 and S1 Fig). The target
complex with LRRK2 included MLi-2, an inhibitor with high affinity and selectivity [17]; the
complex with PI3Ka included BYL-719 (alpelisib), a Food and Drug Administration (FDA)
approved compound for the treatment of solid tumors [29] (Table 2 and S2 Fig).

The membrane-bound receptors included 1) the histamine H1 receptor (H1R), a GPCR
(438 residues) that is responsible for allergic and inflammatory symptoms [30]; and 2) the
type-3 hydroxycarboxylic acid (HCA3) receptor, a smaller GPCR (387 residues) with only
13% identity to HIR, also involved in inflammation as well as neuroprotection [31] (Table 1
and S1 Fig). The target HIR complex included desloratadine, a second-generation antihis-
tamine [19]; the complex with HCA3 included acifran, a drug capable of lowering plasma
low-density lipoprotein concentrations [20] (Table 2 and S2 Fig).

Table 1. Protein-ligand complexes tested in this study.

Protein name Ligand name EMDB ID Overall resolution [PDB ID Extended
(A) sampling needed?

LRRK2 MLi-2 41709 3.1 8TXZ [17] X

PI3Ka Alpelisib 34271 2.7 8GUA [18] X

HIR Desloratadine 38079 3.4 8X64 [19] X

HCA3 Acifran 35447 32 8THK [20] X

GlyT1 SSR504734 37494 3.2 8WFK [21] X

CHT1 Hemicholinium-3 {36027 3.6 8]75 [22] X

ThTr2 Thiamine 38691 3.7 8XV2 [23] X

NET Bupropion 34722 3.0 8HFL [24] X

OCT3 Corticosterone 14725 3.7 77ZH6 [25] X
OATP1B1 Estrone sulfate 34911 32 8HND [26] YES

https://doi.org/10.1371/journal.pchi.1013367.t001

Table 2. Properties of the ligands used in this study, extracted from PubChem [37].

Ligand name Molecular weight Heavy atoms Rotatable bonds Hydrogen bond
(g/mol) donors/acceptors

MLi-2 380 28 4 7

Alpelisib 442 30 4 10
Desloratadine 311 22 0 3

Acifran 218 16 2 5

SSR504734 397 27 4 7
Hemicholinium-3 415 30 3 6

Thiamine 265 18 4 7

Bupropion 240 16 4 3
Corticosterone 347 25 2 6

Estrone sulfate 350 24 2 6

https://doi.org/10.1371/journal.pchi.1013367.t002
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The secondary transporters included 1) the sodium- and chloride-dependent glycine
transporter 1 (GlyT1), a member of the solute carrier-6 (SLC6) family (652 residues) reg-
ulating both inhibitory and excitatory neurotransmission, and a target for the treatment
of schizophrenia [21]; 2) the high-affinity choline transporter 1 (CHT1), part of the SLC5
family (580 residues) mediating reuptake of synaptic choline following neurotransmitter
hydrolysis and involved in conditions such as depression and anxiety [32]; 3) the thiamine
transporter 2 (ThTr2), a member of the SLC19 family (496 residues) that takes up dietary
vitamins and is involved in diseases such as Wernicke’s encephalopathy [33]; 4) the nore-
pinephrine transporter (NET), another SLC6 member (617 residues) which plays an essen-
tial role in the central nervous system and is a therapeutic target for emotional and cogni-
tive disorders [34]; 5) the organic cation transporter 3 (OCT3), a member of the SLC22 fam-
ily (556 residues) responsible for cellular uptake of cationic drugs in various tissues [35];
and 6) the organic anion transporting polypeptide 1B1 (OATP1B1), another SLC22 fam-
ily member (691 residues) that transports a wide range of amphipathic organic anions,
including clinical drugs [36] (Table 1 and S1 Fig). In these test cases, GlyT1 was bound to
its inhibitor SR504734 [21]; CHT1 to its inhibitor hemicholinium-3 [22]; ThTr2 to its sub-
strate thiamine [23]; NET to its inhibitor bupropion, an FDA-approved antidepressant [24];
OCTS3 to its inhibitor corticosterone [25]; and OATPI1BI to its endogenous metabolite estrone
sulfate [26] (Table 2 and S2 Fig).

Imprecise prediction resolved by flexible fitting

For three of our test cases, including both kinases (LRRK2+MLi-2, PI3Ka+alpelisib) and one
GPCR (H1R+desloratadine), standard Chai-1 prediction followed by model-to-map rigid-
body alignment generated ligand poses with at least 0.6 CC and -6 kJ/mol PLIE (Table 3).
These poses corresponded to at least 90% ligand accuracy, as measured by CC relative to that
of the ground-truth structure (see Methods) (Figs 2 and $3). Indeed, although we report accu-
racy only for the best of five generated models, all predictions in these cases appeared largely
consistent, deviating less than 0.1 in raw CC (84, S5 and S6 Figs). Protein structures were also
similar to the ground truth, predicted with at least 88% accuracy for pocket residues within

4 A of the ligand, and with at least 83% accuracy for the entire protein (S3 and S7 Figs). For
these cases, although AI modeling appeared sufficient to approximate the target complexes as
previously reported for other systems [11], we still performed flexible fitting and maintained a
similar level of accuracy.

Table 3. Protein-ligand interaction energies (PLIE) and model-to-map CCs for the best Chai-I prediction (Pred.), final complex from flexible fitting
(Fitted) and ground truth based on the deposited experimental structure (GT) for each test system. PLIE values are scaled by number of ligand heavy

atoms.
System name Ligand CC
Pred.
LRRK2+MLi-2 0.8
PI3Kor+Alpelisib 0.7
H1R+Desloratadine 0.64
HCA3+Acifran 0.35
GlyT1+SSR504734 0.24
CHT1+hemicholinium-3 0.2
ThTr2+Thiamine 0.4
NET+Bupropion 0.35

OCT3+Corticosterone 0.5
OATP1B1+Estrone sulfate |0.57

Pocket CC Protein CC PLIE (kJ/mol)
Fitted GT Pred. Fitted GT Pred. Fitted GT Pred. Fitted
0.8 0.9 0.7 0.7 0.73 0.46 0.55 0.63 -7.3 -8.2
0.7 0.75 0.55 0.6 0.65 0.45 0.52 0.56 -8.9 -7.4
0.62 0.68 0.52 0.55 0.71 0.52 0.54 0.7 -11.7 -7.3
0.61 0.76 0.52 0.6 0.71 0.54 0.53 0.67 -89 -6.6
0.62 0.67 0.68 0.78 0.82 0.58 0.7 0.71 -6.4 -7.9
0.7 0.8 0.43 0.64 0.8 0.53 0.61 0.67 -12.6 -10.1
0.7 0.8 0.5 0.7 0.72 0.51 0.74 0.8 -15.8 -20.1
0.72 0.84 0.5 0.71 0.8 0.44 0.65 0.72 -7.9 -9.4
0.64 0.82 0.57 0.62 0.77 0.46 0.64 0.71 -10.4 -7.2
0.8 0.85 0.68 0.76 0.8 0.56 0.62 0.7 -10.0 -10.1

https://doi.org/10.1371/journal.pcbhi.1013367.t003

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013367 August 11, 2025 5/18



https://doi.org/10.1371/journal.pcbi.1013367.t003
https://doi.org/10.1371/journal.pcbi.1013367

PLOS COMPUTATIONAL BIOLOGY Cryo-EM ligand building

Intial prediction
EEm After density-fitting

Ligand Pocket Protein
100 100 100
80 80 80 A
S
< 60 60 - 60
@
—
3 40 40 - 40 -
<
201 20 1 20 4
0- 0- 0-
vV e 9 S M"Y & 29 v e 2 S MH"h @ & o9 vV e 9 S M"Y & 29
ARSI I S S oL o Lo SN AR S G R R SN R S
ST ELEFLEE FFFTEPSERES IFTELSELRES
LTRSS STIT L E 5 TLEILITS ST ELE 5 TLIEIITS ST LE 5
O FTEFESESS @ O FELESESS & CIEFFESESSE
FEOH TS ALES e ST S LES FE I TS LEL
Q'%@Q,g\&;\,\ov\, Q‘%Q/(J%\/\gkov\, Q'%O(J*\/{\&o&,
ANV SIS & G & ARV SIS & G & VO QO I~ 8§ G G
Q¥ NSRS S Q¥ NSRS R alRs NSRS,
< \‘\“Z\ M oN & \§~2‘ hHoN & \AQ‘ MoN
~N IR NS ~N IO PSS ~ SR N o
< I O < I O < L & &
& £ & & § &
o o o

Fig 2. Accuracy of AI models before and after flexible fitting in 10 test systems. Accuracy for ligand (left), pocket residues (center) and protein residues (right)
based on model-to-map CC relative to that of the corresponding deposited structure, for the best initial AI prediction (yellow) and after simulation-based fitting to the
experimental map, when applied (blue). For fitted models, columns represent mean accuracy and standard error over the final 20 frames of the simulation.

https://doi.org/10.1371/journal.pcbi.1013367.9g002

For the remaining seven test cases, ligand poses were predicted with less than 0.6 CC,
corresponding to less than 71% accuracy and suggesting a need for further optimiza-
tion. In three of these cases, including one GPCR (HCA3+acifran) and two transporters
(GlyT1+SSR504734, CHT 1+hemicholinium-3), standard Chai-1 generation followed by rigid-
body alignment produced some of the least accurate ligand fits in this work (0.2-0.35 CC, or
40-60 % accuracy) (Table 3, Figs 2, 3, S8, S9 and S10). For HCA3, the ligand only partly over-
lapped the target density in 1 of 5 generated models. However, overall protein conformation
was predicted in these cases with at least 86 % accuracy (Table 3, Figs 2, S11, S12 and S13),
including outward-facing states for both transporters (overall root mean squared deviation
[RMSD], based on Ce atoms, within 1.5 A from their respective experimental structures [21,
22]), indicating that only the ligand fit needed substantial improvement. Indeed, density-
guided MD simulations of each of these complexes for 2 ns improved ligand CC from 0.2-
0.35 to 0.6-0.7 and accuracy from 40-60% to 85-95%. Accuracy also improved for the protein
models, increasing from 63-86% to 84-96% for residues in the binding pockets, and 86-87%
to 90-99% for the proteins overall. During our simulations, PLIE remained below -6 kJ/mol
(Fig 3). Similarly, GOAP scores largely remained below ground-truth values, indicating that
geometric plausibility was retained (S14 Fig).

Flexible fitting improves protein as well as ligand conformations

In three additional test cases, including the transporters ThTr2+thiamine, NET+bupropion,
and OCT3+corticosterone, the protein conformations as well as ligand poses were predicted
with relatively low accuracy (71-75% and 50-68%, respectively) (Table 3, Figs 2, 4, 515, S16
and S17). Visual inspection indicated they deviated from the functional states assigned to
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https://doi.org/10.1371/journal.pchi.1013367.g003
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the deposited structures, a particular challenge for targets like SLCs whose biological func-
tion involves conformational cycling [38]. Poor correspondence did not appear to correlate
with the functional state or fold of the target density: ThTr2 and NET were resolved in inward-
facing states [23,24], while OCT3 was outward-facing [25], similar to GlyT1 and CHT1 in

the previous section. ThTr2 and OCT3 are in the major facilitator superfamily, while NET as
well as GlyT1 and CHT1 are in the LeuT family. Still, all best-fit models characterized in this
work deviated less than 4 A overall from the ground-truth structures deposited for their cor-
responding targets, such that density-guided simulations could be expected to accomplish
reasonably accurate refinement [6]. Indeed, density-guided simulations improved accuracy of
the overall protein models to 93-94%, and the ligands to 82-90% (Table 3 and Figs 2, 4), indi-
cating that protein conformational changes as well as ligand fitting can be accommodated by
this flexible fitting protocol. PLIE remained below -6 kJ/mol for all the three cases, indicating
tavorable packing between the ligand and protein.

Challenging ligand poses improved by extended sampling in Chai-1

For the OATP1B1+estrone sulfate complex, standard Chai-1 prediction produced a best-

fit model in the apparent outward-facing state (RMSD of 1 A from the experimental target
structure [26]) with 90% accuracy for the binding pocket, and 92% accuracy for the protein
overall (Table 3 and Figs 2, 5A and 5B). The ligand was modeled with 67% accuracy (Table 3,
Fig 2), and improved to 77% after density-guided simulations. However, PLIE values above
-1 kJ/mol during simulation suggested the ligand was not well coordinated in the binding
pocket. Indeed, visual inspection indicated that even the best-fit ligand was flipped relative
to the ground truth, a type of discrepancy that may not be easily corrected by flexible fitting
(Fig 5B). To improve the initial model, we generated an additional 20 predictions in Chai-1.
The best resulting model included a ligand pose that was 71% accurate, and oriented similar
to the experimental structure; ligand accuracy improved to 92% after density-guided simu-
lations (Table 3 and Figs 2, 5C, 5D). PLIE for this model was around -10 kJ/mol during the
entire simulation. Thus, extended sampling in Chai-1 may usefully improve initial models for
challenging ligand poses, although they were only required in one of our ten test cases.

Discussion

Here, we showcase how AI models can complement MD simulations to accurately fit small
molecules into cryo-EM maps, limiting user effort and bias during modeling. When bench-
marked against ten biomedically relevant entries from the EMDB, our approach fits ligands
with 82-95% accuracy relative to deposited structures. The resulting models would constitute
appropriate templates for final manual or automated refinement, or in some cases for direct
analysis and deposition.

Our approach addresses several challenges in automated structure determination of
protein-ligand complexes [9,39-41]. First, the flexible fitting protocol implemented here
enables refinement of the protein alongside the ligand; the protein structure does not need to
be accurately built in advance to achieve an accurate model of the complex. Ligand model-
to-map cross-correlation relative to the deposited structure (our accuracy measurement)
improved from 40-71% to 82-95%. For pocket and protein, accuracy improved from 63-97%
to 84-98% and 71-89% to 84-99%, respectively. Here, we focused on ligand model-to-map
cross-correlation relative to the ground-truth deposited structure as a metric for accuracy.
However, some challenging cases also benefited from monitoring PLIE as a check for chem-
ical plausibility, for instance when an initial prediction is flipped relative to its optimal pose.
In the case of OATP1B1+estrone sulfate, initial modeling was associated with reasonable
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Fig 4. Flexible fitting improves protein as well as ligand conformations. (Left) Initial Chai-1 prediction of the binding pocket for the
thiamine transporter 2+thiamine (A), norepinephrine transporter+bupropion (B), and organic cation transporter+corticosterone (C)
systems. Same coloring scheme used as in Fig 3. Alignment of the entire protein in addition to binding pockets are shown. (Middle) Final
frame of the density-fitting simulations (blue) along with the experimental structure (green). (Right, top) Time trace of the protein-ligand
interaction energy is shown. (Right, bottom) Time trace of the cross-correlations of the ligand (yellow), pocket residues (silver), and the
entire protein (black) during the density-fitting simulations. The vertical lines (with same color coding) represent values calculated using
the experimental structure. Chai-1 prediction of all the 5 possible binding sites can be found in S15, S16 and S17 Figs.

https://doi.org/10.1371/journal.pchi.1013367.9004
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Fig 5. Challenging ligand poses improved by extended sampling in Chai-1. (A) Chai-1 prediction of 5 possible binding sites of estrone
sulfate in a solute carrier organic anion transporting polypeptide, without pocket information. Same coloring scheme used as in Fig 3.

(B) One representative Chai-1 prediction of the binding pocket for complex, with the greatest cross-correlation for the ligand. Final frame
of the density-fitting simulations (blue) along with the experimental structure (green). (C) Time trace of the protein-ligand interaction
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energy, cross-correlations of the ligand, pocket residues, and the entire protein during the density-fitting simulations are shown. The simu-
lation automatically terminated before reaching 2 ns, possibly due to the high force from the density. (D) Chai-1 prediction of 25 possible
binding sites of the same complex. Same coloring scheme used as in Fig 3. (E) One representative Chai-1 prediction of the binding pocket
for complex, with the greatest cross-correlation for the ligand. (F) Simulation time traces are shown as in panel C.

https://doi.org/10.1371/journal.pcbi.1013367.9005

cross-correlations, but unfavorable PLIE scores (Fig 5C). Increasing Al-based sampling pro-
duced an initial configuration more similar to the optimal orientation, enabling fitting with
accuracy comparable to other cases (Table 3 and Fig 2)

Second, the Al step requires only the amino acid sequence and SMILES specification as
inputs, avoiding any need for structural templates. The initial models thus generated also do
not require rebuilding of unresolved atoms, residues, loops, or other regions, as is often nec-
essary when preparing experimental structures for MD simulations. Third, our method does
not require knowledge of the ligand-binding location or coordinating residues, a nontriv-
ial inference when studying novel complexes. Independent predictions for the same input
complexes can vary, so we used model-to-map cross-correlations for the ligand as a metric
to select the likely-best candidate ligand-receptor model for further refinement. It is plau-
sible that this approach may also be applicable to simultaneously model multiple ligands,
including ions and cofactors, as allowed by both AlphaFold3-like models and density-guided
simulations [10,11].

As noted in Fig 4, Al methods might not predict the relevant conformational state of a
protein-ligand complex. This may be a particular concern for proteins such as transporters
that undergo conformational changes between functional states. The SLCs investigated in
this study operate by various alternating-access mechanisms, cycling between inward- and
outward-facing states. Proteins in the LeuT superfamily such as GlyT1, CHT1, and NET gen-
erally employ gated-pore mechanisms, while members of the major facilitator superfamily
such as ThTr2, OCT3, and OATPI1BI are associated with rocker-switch mechanisms respec-
tively [38]. Possibly due to the diversity of relevant structure for each of these transporters,
Al methods can fail to predict a given state. Nonetheless, conformational differences in all
cases studied here could be accommodated with reasonable accuracy by flexible fitting. We
previously reported that transporters for which functional states deviate more than 4 A ben-
efit from the generation and clustering of an ensemble of initial models [42], an approach
that could also prove valuable in more challenging cases of ligand fitting. As Al predictions
continue to improve, the success of flexible fitting is likely to extend to a broader range of
systems.

A potential limitation of our approach is its performance with proteins that lack evolu-
tionary data or have highly flexible structures. Previous studies have shown that AlphaFold2
can struggle to predict new protein conformations in such scenarios [43]. This challenge
underscores the importance of the density-guided molecular dynamics step in our approach,
as it enables a good fit even when none of the generated models closely matches the tar-
get conformation. Incorporating previously described multi-step approaches, such as itera-
tive density-guided simulations with progressively increasing resolution or enhanced sam-
pling techniques [39], could further improve our pipeline performance in more challeng-
ing cases. Another limitation of our approach is that forcefields for small molecules in clas-
sical MD simulations may not be highly accurate. However, given the relatively high force
arising from the cryo-EM density potential, dependence on classical forcefields should be
minimized.

We acknowledge that the success of our strategy currently relies on the quality of initial
conformations predicted in Chai-1. The generation of starting structures reasonably close to
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the optimal configuration—especially in terms of protein architecture and ligand pose—is a
critical factor in the effectiveness of our density-guided refinement pipeline. As noted in prior
literature [5,6], flexible fitting methods are typically most successful when the starting model
is within a local basin of the correct conformation. Major errors in the input model can limit
the accuracy of the final structure. While our results underscore the value of Chai-1 in gen-
erating such high-quality initial predictions, we recognize that the current approach could

be less robust in case of severe inaccuracies in the starting model. Nonetheless, our frame-
work establishes a promising direction for integrating Al-based prediction with physics-based
refinement. Future efforts aimed at improving robustness against poor initial guesses, such as
incorporating enhanced sampling strategies or iterative model rebuilding, could extend the
utility of this method, even in more challenging modeling scenarios.

Methods
Data curation

To curate test cases, we used the recently released protein-ligand interaction structural
database called PLINDER [15]. Using PLINDER’s parquet file format, we extracted

recently released cryo-EM monomeric protein ligand complexes (from January, 2022-

June, 2024) using the keywords “entry_determination_method”, “entry_release_date” and
“entry_oligomeric_state”. The date cutoff ensures that our test cases were not in the train-

ing set of Chai-1 (cutoff date: Dec, 1st, 2021) [11]. We further narrowed our search con-
tains non-covalent drug-like small molecules (with quantitative estimation of drug-likeness
[QED] value > 0.7 [16]) using the keywords “ligand_is_covalent”, “ligand_qed” and “lig-
and_is_lipinski”. This resulted into a dataset of 23 test cases, which was narrowed down to 10
after removing proteins with unnatural chimeric constructions, nonconclusive ligand bind-
ing sites (judged based on no atoms being closer than 4 A in the binding pocket), homologous
pairs, proteins with more than 1200 amino acids.

Chai-1 predictions

We used the Chai-1 webserver lab.chaidiscovery.com to predict our protein-ligand complexes,

where the protein amino acid sequence and ligand SMILE string were used as input [11].
The webserver by default outputs 5 predictions. Predictions made independently for the
same input complexes may differ, so we used ligand model-to-map cross-correlations as

a criterion to identify the most accurate complex for further refinement. For the case of
OATPI1BI1+Estrone sulfate complex, 20 additional predictions were generated. For cross-
correlation calculations, we rigid-body fitted the Chai-1 predicted model into the map using
the “fitmap” command in ChimeraX [12].

System preparations

Each protein-ligand complex predicted by Chai-1 was prepared for molecular dynamics (MD)
simulations using the CHARMM-GUI [44] webserver. Each system was solvated with TIP3P
water [45] and neutralizing in 0.15 M KCl to generate systems containing in the range from
90,000 to 210,000 atoms. It was shown previously that the membrane does not substantially
improve density guided simulation results [46], so we did not include membrane building
step into the pipeline for simplicity. The systems were energy minimized and then relaxed in
simulations at constant pressure (1 bar) and temperature (310K) for 1 ns, during which the
position restraints on the protein and ligands were gradually released. The restraints were
used as recommended by CHARMM-GUI. Specifically, we minimized the energy for 5000
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steps with backbone and side chains restraints of 400 and 40 k] mol™ nm™2, respectively.
Then, equilibrations were performed for around 1 ns with the same backbone and side chain
restraints.

Density-guided simulations

Density-guided MD simulations in this study were performed using GROMACS-2024 [13]
utilizing CHARMM36m [47] and CHARMM General Force Field (CGenFF) [48] force field
parameters for proteins and ligands, respectively. Bonded and short-range nonbonded inter-
actions were calculated every 2 fs, and periodic boundary conditions were employed in all
three dimensions. The particle mesh Ewald (PME) method [49] was used to calculate long-
range electrostatic interactions with a grid spacing below 0.1 nm™. A force-based smoothing
function was employed for pairwise non-bonded interactions at 1 nm with a cutoff of 1.2 nm.
Pairs of atoms whose interactions were evaluated were searched and updated every 20 steps.
A cutoff of 1.2 nm was applied to search for the interacting atom pairs. Constant pressure was
maintained at 1 bar using the c-rescale barostat [50] and temperature was kept at 310K with
the v-rescale thermostat [51]. Forces from density-guided simulations were applied every

N = 2 steps. The scaling factor for density-guided simulation forces of 10 kJ/mol was com-
bined with adaptive force scaling.

Analysis

Cross-correlations to the target map during simulations were calculated using the “mdff check
-ccc” command in Visual Molecular Dynamics (VMD) [52]. Protein-ligand interaction ener-
gies were calculated using the “gmx energy” feature in GROMACS [13]. System visualiza-
tions were carried out by ChimeraX [12]. Structure quality check during MD simulations
were done using the generalised orientation-dependent all-atom potential (GOAP) score
matrix, where low values indicate better structure [14]. Model accuracy is calculate using the
following formulae:

0

|Our model value - Ground truth value|
Model accuracy (%) = (1 - - - ) %X 10
Maximum possible value

Supplementary data

S1 Data. Raw values for each figure in the main text (Figs 1-5).
(XLSX)

Supporting information

S1 Fig. Experimental structures of the proteins tested in this study. PDB IDs are described
in brackets after the names of each protein. Red sphere shows the ligands bound to the pro-
teins.

(TIFF)

S2 Fig.Ligand overview used in this study.
(TIFF)

S3 Fig. Accurate prediction of protein-ligand complexes. (Left) Initial Chai-1 prediction
of the binding pocket for the, leucine-rich repeat kinase 2+MLi-2 (A), phosphoinositide 3-
kinase ar+alpelisib (B), and histamine H1 receptor+desloratadine (C) systems. Cryo-EM den-
sities for the ligand (yellow) and pocket protein residues (silver) are shown in transparent.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi. 1013367 August 11, 2025 13/18


https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013367.s001
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013367.s002
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013367.s003
https://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1013367.s004
https://doi.org/10.1371/journal.pcbi.1013367

PLOS COMPUTATIONAL BIOLOGY Cryo-EM ligand building

(Middle) Predicted structure (yellow) along with the experimental structure (green). Align-
ments were done using the entire protein in ChimeraX Matchmaker module. Chai-1 predic-
tion of all the 5 possible binding sites can be found in $4, S5 and S6 Figs.

(TIFF)

$4 Fig. Chai-1 prediction of 5 possible binding sites of MLi-2 in a leucine-rich repeat
kinase 2. Cryo-EM densities for the ligand (yellow) and pocket protein residues (silver) are
shown in transparent. Cross-correlation values for the ligands are shown in the table below.
(TIFF)

S5 Fig. Chai-1 prediction of 5 possible binding sites of alpelisib in a phosphoinositide 3-
kinase a. Cryo-EM densities for the ligand (yellow) and pocket protein residues (silver) are
shown in transparent. Cross-correlation values for the ligands are shown in the table below.
(TIFF)

S6 Fig. Chai-1 prediction of 5 possible binding sites of desloratadine in a histamine H1
receptor. Cryo-EM densities for the ligand (yellow) and pocket protein residues (silver) are
shown in transparent. Cross-correlation values for the ligands are shown in the table below.
(TTFF)

S7 Fig. Chai-1 prediction of 3 complexes, shown in (S3 Fig), focusing on the entire
protein:leucine-rich repeat kinase 2+MLi-2 (A), phosphoinositide 3-kinase a+alpelisib
(B), and histamine H1 receptor+desloratadine (C) systems. Predicted structure (yellow)
along with the experimental structure (green) are shown on the right.

(TIFF)

S8 Fig. Chai-1 prediction of 5 possible binding sites of acifran in a type-3 hydroxycar-
boxylic acid receptor. Cryo-EM densities for the ligand (yellow) and pocket protein residues
(silver) are shown in transparent. Cross-correlation values for the ligands are shown in the
table below.

(TIFF)

S9 Fig. Chai-1 prediction of 5 possible binding sites of SSR504734 in a glycine transporter.
Cryo-EM densities for the ligand (yellow) and pocket protein residues (silver) are shown in
transparent. Cross-correlation values for the ligands are shown in the table below.

(TIFF)

$10 Fig. Chai-1 prediction of 5 possible binding sites of hemicholinium-3 in a choline
transporter. Cryo-EM densities for the ligand (yellow) and pocket protein residues (sil-

ver) are shown in transparent. Cross-correlation values for the ligands are shown in the table
below.

(TIFF)

S11 Fig. Initial Chai-1 prediction (yellow), final frame of the density-fitting simulations
(blue) along with the experimental structure (green) of the type-3 hydroxycarboxylic acid
receptor+acifran complex.

(TIFF)

$12 Fig. Initial Chai-1 prediction (yellow), final frame of the density-fitting simula-
tions (blue) along with the experimental structure (green) of the glycine transporter
1+SSR504734 complex.

(TIFF)
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$13 Fig. Initial Chai-1 prediction (yellow), final frame of the density-fitting simula-
tions (blue) along with the experimental structure (green) of the choline transporter +
hemicholinium-3 complex.

(TIFF)

$14 Fig. GOAP score calculation of the entire protein during our simulation. GOAP score
for the experimental structure is depicted in the horizontal line. Lower the GOAP score,
better the structure quality of the protein.

(TIFF)

$15 Fig. Chai-1 prediction of 5 possible binding sites of thiamine in a thiamine trans-
porter 2. Cryo-EM densities for the ligand (yellow) and pocket protein residues (silver) are
shown in transparent. Cross-correlation values for the ligands are shown in the table below.
(TIFF)

$16 Fig. Chai-1 prediction of 5 possible binding sites of bupropion in a norepinephrine
transporter. Cryo-EM densities for the ligand (yellow) and pocket protein residues (sil-

ver) are shown in transparent. Cross-correlation values for the ligands are shown in the table
below.

(TIFF)

$17 Fig. Chai-1 prediction of 5 possible binding sites of corticosterone in an organic
cation transporter. Cryo-EM densities for the ligand (yellow) and pocket protein residues
(silver) are shown in transparent. Cross-correlation values for the ligands are shown in the
table below.

(TIFF)
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