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Abstract

Background/Objectives: AI-based protein–ligand co-folding methods such as Boltz-2 are
able to reproduce experimentally determined ligand binding poses at G protein-coupled
receptors (GPCRs) with increasing accuracy and precision. As these models advance, they
raise several natural questions: assuming the correct placement of a ligand, do current
methods generate structural ensembles that are sufficient as a starting point for predictive
analysis of receptor dynamics? Does the noise introduced between predictions render these
unreliable, or can they be trusted to a degree comparable with experimental structures
(which themselves carry inherent noise)? We investigate this at the serotonin 5-HT2A recep-
tor (5-HT2AR), leveraging a rich panel of experimentally determined structures and prior
benchmarking of Boltz-2 at this receptor. Methods: First, a reference dynamic landscape is
established by performing anisotropic network model (ANM) analysis across 11 published
cryo-EM and crystal structures trimmed to a uniform 236-residue analysis mask spanning
the structured receptor (TM1-H8). We then ask whether Boltz-2 co-folding ensembles
recapitulate these experimentally derived dynamics. Results: All nine Gq-coupled agonist
structures converge to near-identical dynamic subspaces (mean RMSIP = 0.970 ± 0.019),
discriminating activation state but not agonist identity, chemotype, or hallucinogenic status.
Principal component analysis of the Boltz-2 ensemble yields moderate, highly uniform
overlap with the experimental ANM modes (mean RMSIP = 0.599 ± 0.007), with the first
two principal components capturing 56.9% of structural variance. Conclusions: Replicate
predictions of the same ligand are highly self-consistent yet show no usable ligand-specific
discrimination (within- versus between-ligand effect size is negligible). These findings
suggest a quantitative benchmark for the precision required to derive elastic network
dynamics from predicted structures and support the distinction between learned pose
recapitulation and genuine biophysical prediction.

Keywords: 5-HT2A receptor; normal mode analysis; elastic network model; Boltz-2; AI
co-folding; cryo-EM; GPCR dynamics; conformational ensemble; structural prediction

1. Introduction
AI-based methods for predicting protein–ligand complex structures have advanced

rapidly, with tools such as Boltz-2 [1], AlphaFold 3 [2], and Chai-1 [3], among others,
achieving remarkable accuracy in reproducing experimentally determined binding poses.
These co-folding approaches differ fundamentally from classical docking methods: rather

Receptors 2026, 5, 32 https://doi.org/10.3390/receptors5040032

https://crossmark.crossref.org/dialog?doi=10.3390/receptors5040032&domain=pdf&date_stamp=2026-10-09
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/receptors
https://www.mdpi.com
https://orcid.org/0009-0005-7789-1619
https://orcid.org/0009-0005-2449-8303
https://doi.org/10.3390/receptors5040032


Receptors 2026, 5, 32 2 of 17

than placing a ligand into a pre-determined rigid receptor structure, they predict the
receptor–ligand complex de novo from sequence and ligand information, allowing the
receptor backbone to adopt a conformation influenced by the bound ligand. This flexibility
raises an intriguing possibility: that co-folded structural ensembles might capture not only
the static binding pose but also aspects of ligand-dependent receptor dynamics.

Normal mode analysis (NMA) using elastic network models (ENMs) provides a
computationally efficient framework for characterizing protein dynamics from structure.
Anisotropic network models (ANMs) and Gaussian network models (GNMs) derive the
intrinsic flexibility of a protein from its Cα contact topology represented as the matrix of
pairwise inter-residue distances within a defined cutoff [4,5]. NMA approximates the es-
sential dynamics obtained from molecular dynamics (MD) simulations, typically achieving
root mean square inner product (RMSIP) values of 0.7–0.8 against MD principal compo-
nents for well-characterized systems [6]. These methods have been extensively applied to
GPCRs for comparing activation states, identifying allosteric pathways, and characterizing
conformational transitions [7,8]. The ProDy 2.0 framework enables systematic ensemble
NMA across panels of related structures [9,10]. Throughout this work, NMA is used for the
general approach, ANM when describing the specific calculations and quantities reported,
and GNM only where it is used as an independent secondary check.

ENM-based dynamics are sensitive to precise Cα positioning. Sub-angstrom shifts
can alter which contacts fall within the distance cutoff, reshuffling the Hessian matrix
and producing different eigenvectors. This sensitivity raises a practical question: do AI
co-folding methods provide sufficient structural precision for the resulting ENM dynamics
to be meaningful, and meaningful relative to what reference? Experimentally determined
structures can be thought of as the closest available approximation to a static posture, but
they are not noise-free; cryo-EM and crystallographic coordinates carry their own resolution-
limited uncertainty, and any ENM analysis inherits it. The relevant comparison is therefore
not whether predicted structures are perfect, but whether they support dynamics inferences
as reliably as the experimental structures already utilized for this purpose. Classical docking
cannot enter this comparison at all because it embeds ligands into a rigid receptor backbone,
meaning any dynamics analysis would simply recapitulate the single input structure.

Instead, co-folding methods, which allow the receptor to organize around the ligand,
offer the potential to capture ligand-dependent dynamics from predictions, given their abil-
ity to incorporate receptor flexibility. The serotonin 5-HT2A receptor (5-HT2AR) provides
an ideal system for this investigation. As the primary target of classical psychedelics and a
leading neuropsychiatric drug target [11,12], it has been the subject of extensive structural
characterization. Inactive-state crystal structures [13] have been complemented by active-
state experimental structures spanning tryptamines (the endogenous agonist serotonin,
psilocin, DMT), ergolines (LSD, BOL-148), phenethylamines (mescaline, 25CN-NBOH,
RS130-180), and the non-hallucinogenic ergoline lisuride [14–16]. This pharmacological
diversity within a single receptor offers an exceptionally well-controlled testbed.

A prior study benchmarked Boltz-2, Uni-Mol Docking v2, and AutoDock Vina 1.2.1
with a range of tryptamine and phenethylamine test ligands against the recently pub-
lished cryo-EM structures of psilocin, DMT, and mescaline bound to 5-HT2AR. Boltz-2
demonstrated not only superior pose accuracy (quantified as the RMSD of core scaffold
features between the predicted poses and the published cryo-EM ligand orientations) but
also notable precision across independent predictions, with replicate structures appear-
ing nearly superimposable over the transmembrane domain [17]. This advantage was
attributed to the flexibility of co-folding, but must be interpreted cautiously, as Boltz-2
was trained on several 5-HT2AR structures deposited before its training cutoff, and recent
evidence suggests that co-folding models may recapitulate training-set conformations
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rather than learning transferable biophysical principles. The present study extends this
previous static structural evaluation into the dynamic domain by asking: does Boltz-2’s
pose accuracy translate into structural ensembles that recapitulate the dynamics encoded
in experimental structures?

Because elastic network modes are derived deterministically from a structure’s contact
topology, its dynamics are strictly encoded in its coordinates. Comparing dynamics is
therefore not independent of comparing structures, but neither is it equivalent. A raw
coordinate comparison such as backbone RMSD is dominated by displacements in flexible
loops and termini and weights all atomic differences equally. Normal mode analysis
instead extracts the collective, low-frequency directions in which the contact network is
most deformable, isolating the global motions most relevant to activation and allostery
while down-weighting local coordinate scatter. Two structures can be similar in coordinate
RMSD yet differ in their soft-mode directions, or the reverse; the RMSIP between their
mode subspaces reports whether they would deform along the same functional axes. This
is information that static distance alone does not provide. It is this collective-motion view,
not a restatement of atomic difference, that motivates layering dynamics analysis on top of
the static pose accuracy established previously.

An important caveat frames this investigation. Boltz-2’s training data include es-
sentially all qualifying PDB structures deposited before its training cutoff [1]. Several
5-HT2AR structures were available before this cutoff (including 6A93, 6WHA, 6WGT,
7VOD, 7WC4, and 7RAN, among others), providing the model with a variety of receptor
conformations and ligand poses at this target. While many of the specific psychedelic ago-
nist complexes used in this study were deposited after the cutoff and are therefore excluded
from the training set, the receptor itself is well represented. Growing evidence suggests
that diffusion-based co-folding models may, in many cases, recapitulate poses from their
training data rather than learning transferable biophysical principles [18]. This distinction
between memorization and generalization is critical for interpreting any dynamics derived
from these predictions and is addressed directly in the Section 4.

2. Materials and Methods
2.1. Experimental Structure Panel

Eleven experimentally determined structures of human 5-HT2AR were selected
to maximize pharmacological diversity across activation state and ligand chemotype
(Table 1). All agonist-bound cryo-EM structures were determined in complex with mini-
Gαq heterotrimers.

Table 1. Experimental structure panel for comparative NMA.

PDB Chain Method Ligand Chemotype Reference

6A93 A X-ray Risperidone Antipsychotic (inactive) Kimura et al. 2019 [13]
6WH4 A X-ray Methiothepin Inverse agonist Kim et al. 2020 [14]
9ARX A Cryo-EM Serotonin Tryptamine (endogenous) Gumpper et al. 2025 [15]
9AS7 A Cryo-EM Psilocin Tryptamine Gumpper et al. 2025 [15]
9AS1 A Cryo-EM DMT Tryptamine Gumpper et al. 2025 [15]
9AS3 A Cryo-EM LSD Ergoline Gumpper et al. 2025 [15]
9ARZ A Cryo-EM BOL-148 Ergoline Gumpper et al. 2025 [15]
8UWL A Cryo-EM Lisuride Ergoline (non-hallucinogenic) Lyu et al. 2024 [16]
6WHA A Cryo-EM 25CN-NBOH Phenethylamine Kim et al. 2020 [14]
9AS5 A Cryo-EM Mescaline Phenethylamine Gumpper et al. 2025 [15]
9AS9 A Cryo-EM RS130-180 Phenethylamine Gumpper et al. 2025 [15]
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2.2. Analysis Mask and Structure Preparation

A critical methodological consideration in comparative ENM studies is ensuring that
all structures are analyzed over the identical set of residues. Structures from different
laboratories resolve different subsets of receptor residues, particularly in loop regions,
and naive inclusion of heterogeneous coordinate sets can introduce artifacts. We therefore
defined a uniform analysis mask as the intersection of resolved Cα positions across all
11 structures, yielding 236 common residues spanning positions 84–390 of the receptor
sequence. The mask comprises the structured transmembrane core through helix 8; it is not
contiguous, excluding intracellular loop 3 (ICL3; residues 263–314) and a small number
of short, variably resolved surface loops that are not resolved in every structure. The
conserved elements critical for ligand recognition and activation (the orthosteric pocket
anchored by Asp1553.32, the Trp3366.48 toggle switch, and the P-I-F activation motif) fall
within the mask.

All structure preparation was performed programmatically using ProDy 2.0 [9,10].
For each structure, the 5-HT2AR receptor chain was selected explicitly (Table 1). Once
the receptor chain was identified, G-protein subunits, nanobodies, single-chain variable
fragments, ligands, and non-protein components were excluded, as were crystallographic
fusion proteins (e.g., T4 lysozyme/BRIL in ICL3) present in the X-ray structures. Only
protein Cα atoms of the receptor chain were retained. All structures were trimmed to the
236-residue analysis mask and superimposed onto the risperidone-bound inactive structure
(PDB: 6A93) using least-squares Cα alignment. Boltz-2 structures were loaded from local
CIF files and processed identically, trimmed to the same mask so that every comparison
operates on an identical set of Cα positions.

2.3. Boltz-2 Co-Folding Ensembles

Boltz-2 [1] was selected on the basis of a prior benchmarking study [17], in which
it demonstrated superior pose accuracy and notable inter-run precision compared with
Uni-Mol Docking v2 and AutoDock Vina 1.2.1 for psychedelic ligands at 5-HT2AR. Five
independent co-folding predictions were generated per ligand (55 structures total) using
Boltz-2 in UCSF ChimeraX version 1.11.dev202511072120 [19]. These were generated from
the human 5-HT2AR sequence (NCBI Gene ID 3356) and each ligand’s SMILES code. Each
set of five predictions samples independent trajectories through Boltz-2’s diffusion-based
denoising process, functionally equivalent to running five independent random seeds.

Notably, 5-HT2AR is represented in Boltz-2’s training set through several structures
deposited before the training cutoff, including complexes with risperidone (6A93), zotepine
(6WGT), 25CN-NBOH (6WHA), LSD (7WC4), and others. Many of the specific psychedelic
agonist complexes used here were deposited after the cutoff and are therefore excluded
from the training data.

2.4. Normal Mode Analysis

ANM calculations were performed on Cα-only representations using a distance cutoff
of 15.0 Å with 20 non-trivial modes. GNM calculations used a cutoff of 7.3 Å; the Kirchhoff
matrix was constructed using SciPy 1.17.1 spatial-distance functions for cross-platform
reproducibility [20]. Dynamic similarity between structures was quantified using the
RMSIP of the 10 lowest-frequency ANM modes [21], which ranges from 0 (orthogonal
subspaces) to 1 (identical subspaces) and provides a global, rotation-invariant measure of
low-frequency subspace overlap. Per-residue mean-square fluctuations, cross-correlation
matrices, eigenvalue spectra, and mode collectivity indices were computed for all structures.
All reported numerical values derive from ANM; GNM was used only as an independent
corroboration of the scalar flexibility trends.
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Normal modes are mathematical constructs rather than physical trajectories. They
form an orthogonal basis that decomposes a structure’s accessible deformations into in-
dependent components ordered by frequency; a protein does not move along any single
mode in isolation. Real conformational change is a superposition of many modes, weighted
by thermal energy and external constraints. The low-frequency modes analyzed here are
therefore best understood as the directions along which the elastic network is softest (the
motions most readily excited), not as discrete movements the receptor executes one at a
time. RMSIP comparisons accordingly assess whether two structures share the same set of
soft directions, not whether they undergo identical motions.

2.5. Ensemble Principal Component Analysis

To characterize the conformational landscape sampled by Boltz-2 ensembles, princi-
pal component analysis (PCA) was performed on the flattened Cα coordinate arrays (N
structures × N atoms × 3 dimensions) after centering. The resulting principal components
(PCs) represent the dominant axes of structural variation across the ensemble. To assess
whether the Boltz-2 ensemble samples the same motions that ANM predicts from experi-
mental structures, the overlap between Boltz-2 PCs and each experimentally determined
structure’s ANM eigenvectors was quantified by RMSIP. A high RMSIP indicates that the
structural variance in the co-folding ensemble aligns with the intrinsic flexibility encoded in
the experimental structure’s contact topology. Joint PCA and t-distributed stochastic neigh-
bor embedding (t-SNE) were performed across all structures (experimental and Boltz-2
combined) to visualize clustering by ligand identity, chemotype, and structure source.

2.6. Replicate Variance Analysis

To assess whether the small structural variability among visually near-identical co-
folding predictions is large enough to affect dynamics inferences, RMSIP values from the
replicate dataset were partitioned into within-ligand pairs (same ligand, different Boltz-2
seeds; n = 110) and between-ligand pairs (different ligands; n = 1375). The rationale is as
follows: if between-ligand dynamic differences represent genuine ligand-specific signal,
the between-ligand RMSIP distribution should be shifted measurably below the within-
ligand distribution, because replicates of the same ligand should share a dynamic signature
distinct from other ligands. If inter-prediction variance (between the multiple predictions
for the same ligand-receptor complex) is comparable to inter-ligand differences, the two
distributions overlap. Statistical comparison used the one-sided Mann–Whitney U test
with Cohen’s d as an effect-size measure; the replicate variance analysis was performed on
the same 236-residue mask used throughout, with effect size (rather than the p-value alone)
treated as the operative quantity given the large number of between-ligand pairs.

3. Results
3.1. Experimental Structure ANM: Agonist Dynamics Converge in the Ternary Complex

ANM analysis of the 11 experimental structures, trimmed to the uniform 236-residue
analysis mask, revealed a striking convergence of dynamic subspaces among all Gq-coupled
agonist-bound states. The mean RMSIP among the nine agonists (serotonin, psilocin, DMT,
LSD, BOL-148, lisuride, 25CN-NBOH, mescaline, RS130-180) was 0.970 ± 0.019 (Figure 1A).
This convergence was independent of chemotype: cross-chemotype comparisons such as
LSD (ergoline) versus mescaline (phenethylamine) yielded RMSIP = 0.983, while serotonin
(tryptamine) versus LSD reached 0.985 and lisuride (ergoline) versus mescaline reached
0.963. The non-hallucinogenic partial agonists BOL-148 and lisuride, the endogenous
agonist serotonin, and the β-arrestin-biased agonist RS130-180 were all mutually indistin-
guishable by ANM (pairwise RMSIP range across the agonist set: 0.928–0.994). The most
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distinct agonist, 25CN-NBOH, still overlapped its peers at a mean RMSIP of 0.937, well
within the converged cluster. Hallucinogenic status, chemotype, and signaling bias are not
reflected in the coarse-grained dynamics of the Gq-coupled ternary complex.

The two non-agonist structures were clearly separated from the agonist cluster: each
of risperidone (inactive) and methiothepin (inverse agonist) overlapped the agonists at a
mean RMSIP of 0.740 ± 0.015, well below the 0.970 internal convergence of the agonists,
demonstrating that ANM discriminates activation state even when it cannot discrimi-
nate agonist identity. The two non-agonist structures were not themselves closely similar
(risperidone–methiothepin RMSIP = 0.676), consistent with their being two distinct, non-
agonist ligand classes rather than members of a single tight cluster. Per-residue fluctuation
profiles confirmed these findings: agonist-bound structures were virtually superimpos-
able, with the primary distinction being elevated flexibility in TM6 and the intracellular
coupling interface relative to the inactive state (Figure 1B). GNM analysis independently
corroborated the ANM trends (Supplementary Figure S1).

Figure 1. Cont.
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Figure 1. Experimental structure reference dynamics. (A) ANM RMSIP heatmap across all 11
experimentally determined structures; (B) per-residue ANM fluctuation profiles grouped by phar-
macological category. Y-axis represents mean-square fluctuation at each Cα position; residues with
higher values are predicted to be more flexible. Red lines orient pharmacological landmarks D155,
L229, S242, W336, F340, N343, and Y370.

Examination of the eigenvalue spectra (Figure S2) reveals that the lowest-frequency
modes of all agonist-bound structures share similar eigenvalue magnitudes, indicating
that the energetic cost of the dominant collective motions is conserved across agonist
chemotypes. In contrast, the inactive risperidone-bound structure exhibits a shift in its
lowest eigenvalues, with modes 1–3 occurring at higher frequencies than their agonist
counterparts. This indicates that the global breathing and hinge motions most accessible
in the active state become stiffer, and therefore less thermally accessible, in the inactive
conformation. The redistribution is most pronounced in modes corresponding to TM5–TM6
outward displacement and intracellular cavity opening, consistent with these motions
being characteristic of the activation pathway. While individual ANM modes should
be interpreted cautiously as they do not capture the full complexity of conformational
transitions in isolation, this mode-level analysis reinforces the RMSIP finding: the active-
state structures share not only the same mode subspace but also a similar mode hierarchy,
with the inactive state diverging in both the directions and the energetic accessibility of its
dominant motions.
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3.2. Boltz-2 Ensemble PCA: Conformational Landscape of Co-Folded Structures

PCA of the 55 Boltz-2-predicted structures (5 replicates × 11 ligands), trimmed to
the same 236-residue analysis mask, showed that the first principal component captured
38.1% of structural variance, with the first two PCs together explaining 56.9% and the
first 10 PCs capturing 86.1% (Figure 2A). The two leading components thus account for
the majority of structural variation across the ensemble; given that the panel includes
both agonist- and antagonist-bound predictions, the dominant axes plausibly correspond
to activation-state-related reorganization rather than to fine ligand-specific differences
(Figure 2B). Joint t-SNE embedding recapitulated the RMSIP-based clustering: the active-
state experimental structures formed a tight grouping, while the non-agonist structures
separated, and the Boltz-2 predictions were broadly distributed across the embedding
space rather than co-localizing with the experimental active-state group (Figure 2C).

Figure 2. Cont.
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Figure 2. Boltz-2 ensemble conformational landscape. (A) PCA explained-variance (scree) plot.
(B) PC1 vs. PC2 scatter colored by ligand. (C) Joint t-SNE of experimental + Boltz-2 structures.

3.3. Boltz-2 Ensemble PCs Show Moderate, Uniform Overlap with Experimental ANM Modes

The central question is whether Boltz-2 structural ensembles recapitulate the dynamics
encoded in experimental structures. This was addressed by computing the RMSIP between
the Boltz-2 ensemble PCs and each experimental structure’s ANM eigenvectors. The mean
RMSIP across all 11 reference structures was 0.599 ± 0.007 (Figure 3A). This moderate
overlap indicates that the Boltz-2 ensemble captures a portion of the same conformational
motions that ANM derives from experimental topology, but falls substantially short of the
0.7–0.8 RMSIP typically observed between NMA and MD essential dynamics [6].

The overlap was remarkably uniform across experimental reference structures (stan-
dard deviation 0.007): agonist references ranged narrowly from 0.590 (psilocin) to 0.609
(lisuride), and the non-agonist references were comparable at 0.601 (risperidone) and 0.617
(methiothepin). This near-constant overlap, irrespective of the activation state or ligand
of the reference, suggests that the Boltz-2 ensemble samples a generic conformational
neighborhood that aligns comparably with all experimental ANM mode sets, rather than
preferentially reproducing any one structure’s dynamics (Figure 3B).

Reciprocal co-projection analyses were performed for better understanding of the spa-
tial relationship between experimental and predicted conformational landscapes (Figure 4).
PCA was fitted independently on the Boltz-2 ensemble and on the experimentally deter-
mined structures alone, and each dataset was projected into the other’s principal com-
ponent space. When experimental structures were projected into Boltz-2-defined PCA
space (Figure 4A), the active-state experimental structures occupied the upper portion of
the Boltz-2 distribution, while the two inactive-state structures (risperidone and methio-
thepin) separated. The experimental structures thus span a broader region of the Boltz-2
PC landscape than the predictions themselves occupy, suggesting that the conformational
differences between activation states captured by cryo-EM and crystallography exceed the
structural variance that Boltz-2 co-folding samples across its replicate predictions. When
Boltz-2 predictions were projected into experimental structure PCA space (Figure 4B), the
predicted structures grouped predominantly toward the inactive risperidone region along
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PC1 rather than overlapping with the tightly clustered active-state experimental structures
on the left. This asymmetry would suggest that the Boltz-2 ensemble’s conformational
variance is not centered on the active-state conformation but is instead distributed in a
direction that more closely resembles the inactive state in cryo-EM PCA space. The cryo-EM
PCA alone (Figure 4C) confirms that PC1 separates active from inactive states, with methio-
thepin and risperidone at opposite extremes along PC2, consistent with the RMSIP-based
clustering. Together, these projections indicate that the Boltz-2 ensemble samples a confor-
mational region that only partially overlaps with the experimentally observed active-state
landscape, with the predicted variance axis oriented differently than the activation-state
axis that dominates the experimental structures.

 

Figure 3. Boltz-2 ensemble versus experimental structure dynamics. (A) RMSIP bar chart, Boltz-2
ensemble PCs versus each experimental ANM mode set. (B) Mode-overlap heatmap, Boltz-2 PCs
versus a representative experimental ANM mode set (e.g., serotonin).
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Figure 4. Co-projection of cryo-EM and Boltz-2 structures in shared PCA spaces. (A) Cryo-EM
structures (stars) projected into PCA space defined by the Boltz-2 ensemble (circles). Active-state
structures are outlined in black; inactive-state structures in red. (B) Boltz-2 ensemble projected
into PCA space defined by the cryo-EM structures alone. (C) Cryo-EM PCA in isolation, showing
separation of active and inactive states along PC1.

3.4. Replicate Predictions Are Self-Consistent but Carry No Usable Ligand-Specific Signal

Because the practical value of co-folded ensembles for dynamics rests on the assump-
tion that replicate-to-replicate variation is small relative to ligand-dependent variation,
this was tested directly. The within-ligand comparison (same ligand, different Boltz-2
seeds; n = 110) measures pure prediction noise: whether the structural variability among
visually near-identical predictions is large enough to compromise dynamics inferences.
The between-ligand comparison (different ligands; n = 1375) measures whether co-folding
registers ligand-specific differences: if the model captures distinct receptor organization
for distinct ligands, the between-ligand distribution should sit measurably below the
within-ligand distribution.

Over the 236-residue mask, replicate predictions of the same ligand were highly self-
consistent (within-ligand RMSIP = 0.917 ± 0.038): high in absolute terms, but notably
below the 0.970 internal convergence of the experimental agonist structures. Crucially,
this self-consistency did not translate into ligand discrimination: the between-ligand
RMSIP (0.912 ± 0.037) was essentially identical, with an absolute separation of 0.005 RMSIP.
Although a one-sided Mann–Whitney test returned a nominally significant difference
(p = 0.037), the effect size was negligible (Cohen’s d = 0.142): a difference detectable only
because of the large number of between-ligand pairs, and far below any threshold that
would permit one ligand’s co-folded dynamics to be distinguished from another’s (Figure 5).
Replicates of the same ligand diverge in their ANM dynamics as much as structures of
different ligands. This pattern is interpreted in Section 4.2.

Figure 5. Replicate variance. (A) Within-ligand versus between-ligand RMSIP distributions (kernel
density or histogram) with the Mann–Whitney/effect-size annotation. (B) Per-ligand replicate-
consistency box plot.
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4. Discussion
4.1. The Central Question: Can Co-Folding Be Trusted for Dynamics?

The question motivating this study is whether AI co-folded structural ensembles can
serve as a trustworthy basis for receptor dynamics analysis, and specifically, whether they
can be trusted to a degree comparable with the experimental structures already used for
this purpose. This question is distinct from, and more demanding than, whether co-folding
produces accurate static poses. Classical docking methods, despite achieving reasonable
pose accuracy in many systems, cannot address receptor dynamics at all, because they
embed ligands into a rigid, pre-determined backbone; any downstream dynamics analysis
would simply return the input structure. Co-folding represents a qualitative advance
because it allows the receptor backbone to reorganize around the ligand, creating the
possibility, in principle, that different ligands produce structurally distinct conformations
with correspondingly distinct dynamics.

The results indicate that this possibility is realized only partially. The Boltz-2 en-
semble PCs overlap moderately and uniformly with experimental structure ANM modes
(RMSIP = 0.599), capturing some of the conformational motions encoded in experimental
structures while missing a substantial fraction. For comparison, NMA modes typically
achieve RMSIP of 0.7–0.8 against MD-derived essential dynamics [6], and the experi-
mental structures themselves show near-perfect internal convergence among agonists
(RMSIP = 0.970). Whether Boltz-2 generated ensembles can be trusted as much as the
experimental structures is answered most directly by comparing their respective structural
variances. Importantly, all of these are statements about precision relative to an experi-
mentally derived reference (which itself contains imperfection and inconsistency), not an
absolute truth.

4.2. Prediction Noise, Replicate Consistency, and the Memorization Question

A direct comparison of structural variances quantifies the reliability gap between
co-folding and experiment. Among the experimental structures, different agonist com-
plexes are highly similar but not identical (mean agonist-agonist RMSIP = 0.970). Boltz-2’s
replicate-to-replicate variation for a single ligand is larger: repeated predictions of the same
ligand are less similar to one another (within-ligand RMSIP = 0.917) than experimentally
derived structures of different agonists are to each other (0.970). Expressed as dispersion
(1 − RMSIP), the model’s pure prediction noise (≈0.083) is roughly threefold the entire
spread observed across distinct agonist complexes in cryo-EM (≈0.030). This is the crux
of the reliability question: because the run-to-run noise of the co-folding model exceeds
the structural scale on which agonist complexes actually differ, co-folding cannot resolve
ligand-specific receptor organization at that scale; any genuine ligand-dependent differ-
ences are necessarily smaller than the prediction noise that obscures them. The experimental
structures, whose inter-agonist variation falls below this noise floor, are correspondingly
more reliable as a substrate for dynamics analysis. This is not because cryo-EM reveals
large ligand-specific differences (it does not; the agonists converge) but because its effective
structural resolution is finer than the co-folding noise. The experimental structures are
evidently capturing small, consistent differences in receptor organization that the co-folding
model cannot recapitulate, placing them on meaningfully firmer ground for dynamics
inference. Consistent with this, the between-ligand RMSIP (0.912) is statistically indis-
tinguishable from the within-ligand value (0.917; Cohen’s d = 0.142), confirming that the
apparent inter-ligand spread in the Boltz-2 ensemble reflects prediction variance rather than
ligand-specific signal; the nominal significance of the within-versus-between difference is
an artifact of the 1375 between-ligand comparisons and carries no practical weight.
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Why does co-folding behave this way, internally self-consistent for a given ligand, yet
blind to ligand identity and coarser than experiment? The most reasonable explanation lies
in how these models relate to their training data. Boltz-2’s training set includes structures
deposited before its cutoff, and several 5-HT2AR complexes fall within this window (6A93,
6WHA, 6WGT, 7VOD, 7WC4, 7RAN, among others). While many of the specific psychedelic
complexes used here were deposited after the cutoff, the receptor itself is well represented
in the training data across multiple conformational states and binding partners. Recent
analyses have demonstrated that diffusion-based co-folding models frequently recapitulate
poses present in their training data rather than learning transferable biophysical principles
that would generalize to novel systems [18]. These models allow the receptor to organize
around the ligand, which is a genuine advance over rigid docking, but appear, in many
cases, to do so from memory rather than from an explicit representation of physics. For a
receptor the model has seen extensively, repeated predictions therefore converge tightly
because they reconstruct the same memorized region of conformational space, but that
convergence reflects the consistency of recall rather than sensitivity to the particular ligand.
This is highlighted by the results in Section 3.4.

If Boltz-2’s predictions for 5-HT2AR are primarily drawing on memorized receptor
conformations, then the 0.599 RMSIP may reflect similarity between the training set’s con-
formational distribution and the experimental structure ANM modes, rather than a genuine
ability to predict dynamics from first principles. Two features of the data reinforce this read-
ing. First, the overlap is nearly constant across active and inactive experimental references
(0.590–0.617), as expected if the ensemble samples a generic neighborhood of the training
distribution rather than a physically specific dynamic landscape (Figure 6). Second, the
within-versus-between difference, though statistically detectable, is negligible in magnitude
(Cohen’s d = 0.142; ≈0.005 RMSIP), far below the threshold for practical ligand discrimina-
tion, and best read as residual prediction noise rather than a ligand-specific signal.

Figure 6. (A) Boltz-2 overlap with experiment is the same whether the reference is active (0.597) or
inactive (0.609), with the whole set inside a 0.027-wide band. (B) Within/between are nearly equal
with overlapping means. p = 0.037 is an artifact of 1375 pairwise comparisons, and the effect itself
(d = 0.142) is negligible.

This concern does not diminish the practical utility of co-folded ensembles for pose
prediction, virtual screening, and structure-based design. It does, however, urge caution
when extending these predictions to biophysical inferences such as dynamics, allostery, or
conformational selection, where the distinction between memorized and learned conforma-
tional diversity is consequential. Targets absent from training data, and decoy ligands with
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no experimental reference, will be needed to disentangle these contributions by isolating
the model’s capacity for de novo biophysical prediction from its capacity for recall. These
controls would help to definitively distinguish whether the moderate dynamic overlap and
absence of ligand-specific signal reflect fundamental limitations of co-folding precision, or
are specific to a target whose conformational landscape the model has already memorized.

One interpretive caveat deserves explicit statement. We refer to the spread among
replicate predictions as noise, but it can also be read as signal: the model’s sampling of
conformationally accessible states. In this case, the spread does not depend on the ligand:
within- and between-ligand variances are statistically indistinguishable (Section 3.4), so
whatever the replicate diversity represents, it is not ligand-specific conformational avail-
ability. We therefore describe it as noise relative to the question of ligand-specific dynamics,
while acknowledging that determining whether it encodes any physical sampling would
require direct comparison with MD-derived ensembles.

4.3. Experimental Structures as an Imperfect Reference

The experimental structure ANM convergence (RMSIP = 0.970 among all agonists) is
itself a notable observation: hallucinogenic tryptamines, non-hallucinogenic ergolines, and
a β-arrestin-biased phenethylamine all produce indistinguishable coarse-grained dynamics
in the Gq-coupled ternary complex. This is consistent with the G-protein dominating
the receptor’s conformational landscape once coupling occurs, constraining the receptor
into a shared active conformation regardless of which agonist initiated activation. The
clean separation is between active and non-agonist states, demonstrating activation-state
discrimination in the absence of agonist discrimination.

It is important, however, not to treat these experimental structures as an absolute stan-
dard against which predictions simply pass or fail. Cryo-EM coordinates carry resolution-
limited uncertainty, and the conformational differences relevant to ligand-specific dynamics
(on the order of tenths of an ångström in backbone Cα positioning) may lie below the
resolution of current structural biology altogether. In that regime, neither predicted nor ex-
perimental structures can be said to resolve a definitive ligand-specific dynamic signature,
and the appropriate framing is comparative and exploratory rather than absolute: all of
these methods, computational and experimental alike, are tools for generating hypotheses
about dynamics, each with its own noise floor. The relevant conclusion is therefore not that
Boltz-2 “fails” against a perfect reference, but that current co-folding does not yet supply
dynamics inferences with precision comparable to what the experimental structures are
already considered acceptable for this purpose (a bar that the structures themselves meet
only modestly at this scale).

4.4. Future Directions

Several extensions of this work are envisioned. First, MD trajectories would provide
essential dynamics via PCA that can be compared directly with both the experimental
structure ANM modes and the Boltz-2 ensemble PCs, establishing a three-way comparison
between experimental dynamics, NMA predictions, and co-folding ensembles. Second,
AlphaFold2-based conformational sampling via MSA-depth modulation [22,23] offers an
alternative route to generating structural ensembles for dynamics analysis; preliminary
evidence suggests that shallow MSA depths can sample both active and inactive GPCR
conformations, and the NMA of such ensembles could be benchmarked against the ref-
erence established here. Third, the replicate variance framework used here (comparing
within-condition to between-condition structural variability) provides a general-purpose
quality-control step for any study deriving dynamics from predicted structures. Fourth,
testing co-folding on GPCR targets absent from the training data would help disentangle
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learned biophysics from pose memorization. Fifth, methods designed explicitly for gen-
erating protein conformational ensembles (such as AlphaFlow, DynaProt, and BioEmu)
represent particularly relevant comparators, as these approaches aim to capture conforma-
tional heterogeneity or protein dynamics rather than static co-folded structures.

4.5. Limitations

NMA captures only the lowest-frequency collective motions and cannot resolve fine-
grained conformational differences. The cryo-EM structures all employed mini-Gαq as the
coupling partner; structures coupled to other transducers may reveal transducer-dependent
dynamic signatures not examined here. The 236-residue analysis mask, while necessary for
uniform comparison and now spanning the full structured receptor through helix 8, still
excludes ICL3, the receptor termini, and a few variably resolved loops. The Boltz-2 results
are specific to this co-folding method, this receptor, and this ENM formulation. Boltz-2 was
developed primarily for the prediction of static structures of protein–ligand complexes,
and was not intended for theoretical investigation of protein dynamics. The absence of
ligand-specific dynamics in the replicate predictions does not represent a shortcoming
of this method within its intended domain of application. The training-data overlap
between Boltz-2 and the evaluation structures limits the generalizability of the RMSIP
values reported here, as emphasized throughout.

RMSIP itself quantifies the overlap between two mode subspaces (whether two struc-
tures share the same accessible low-frequency directions), but is insensitive to how those
directions are populated. Two ensembles can span the same subspace while sampling it
with very different amplitudes or weights, producing a high RMSIP despite represent-
ing different conformational distributions. RMSIP is thus a necessary but not sufficient
condition for dynamic equivalence: a high value indicates shared accessible motions, not
identical sampling of them. This distinction is especially pertinent when comparing a
generative ensemble such as the Boltz-2 principal components, which reflect how the
prediction set is distributed, against single-structure elastic network modes, which encode
accessible directions but no population information.

This study relies primarily on ANM-derived dynamics quantified by RMSIP, which
captures overlap in low-frequency mode subspaces but does not encompass all dimensions
of structural comparison. Complementary metrics such as root mean square deviation
of inter-residue contact maps, spectral comparison of Kirchhoff matrix eigenvalue distri-
butions, or distance-based similarity measures that do not depend on mode decompo-
sition, could reveal aspects of ligand-dependent structural variation that RMSIP misses.
The independent corroboration of ANM trends by GNM analysis (which uses a distinct
mathematical formulation and captures scalar flexibility without directional information)
provides some assurance that the findings are not specific to one ENM variant. Neverthe-
less, the most definitive comparison would involve essential dynamics from molecular
dynamics trajectories, where principal components derived from all-atom simulations
can be directly compared to both ANM modes and co-folding ensemble PCs. Such MD
trajectories are currently in progress for select ligands at this receptor and will be the subject
of a subsequent investigation.

A final point of concern is the applicability of elastic network models to a receptor
of this size. ANM assumes the protein fluctuates within a single harmonic energy well
centered on the input structure. This approximation is well supported for small struc-
tures, but is a bigger assumption for large membrane proteins, which populate multiple
conformational basins rather than a single minimum. For such systems the single-well
approximation may capture only part of the functional dynamics, and confidence in NMA-
derived motions is appropriately tempered until corroborated by methods that sample
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multiple states. The present NMA results should be read as a structurally grounded but
harmonic-approximation view of the dynamics.

5. Conclusions
We have investigated whether AI co-folded structural ensembles can recapitulate

the receptor dynamics encoded in experimental structures, using 5-HT2AR as a testbed.
Cryo-EM ANM establishes that all nine Gq-coupled agonist structures converge to a
single dynamic attractor (RMSIP = 0.970), discriminating activation state but not agonist
identity. Boltz-2 co-folding ensembles show moderate, highly uniform overlap with these
experimental dynamics (RMSIP = 0.599), capturing some conformational motions but
falling short of the precision that would make them a substitute for experimentally derived
dynamics; replicate predictions, though internally consistent, carry no usable ligand-specific
signal. This overlap must be interpreted cautiously given Boltz-2’s training-data overlap
with 5-HT2AR structures, and the experimental reference is itself an imperfect, resolution-
limited standard. Co-folding represents a necessary advance over classical docking for
dynamics applications by allowing the receptor backbone to reorganize around the ligand,
but current methods have not crossed the precision threshold required for the elastic
network contact topology to yield ligand-specific dynamic information. These findings
establish a quantitative benchmark and underscore the importance of rigorous validation,
including replicate variance testing and careful chain handling, before deriving biophysical
insight from AI-predicted structures.
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