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Challenging AlphaFold in predicting
proteins with large-scale allosteric
transitions
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Many proteins function by toggling between distinct conformations, yet most structure predictors
have been trained on data that do not capture this conformational diversity. Here, we benchmarked
AlphaFold2, AlphaFold3, and recent variants on autoinhibited proteins, a class of allosterically
regulated, often multi-domain proteins that exist in equilibrium between active and autoinhibited
states. Our analyses show that AlphaFold2 fails to reproduce the experimental structures of many
autoinhibited proteins, which is reflected in reduced confidence scores. This contrasts sharply with its
high-accuracy, high-confidencepredictions of non-autoinhibitedmulti-domain proteins.When tested
for its ability to capture conformational diversity, we found that AlphaFold2 performs better when
combined with uniform subsampling of sequence alignments rather than local subsampling. BioEmu
and AlphaFold3 improve upon these results, yet still struggle to accurately reproduce details of
experimental structures. Together, our study underscores the persistent challenges of predicting
protein structures shaped by complex energy landscapes.

Predicting a protein’s tertiary structure from its amino acid sequence is a
major challenge in biology. The development of AlphaFold21, a deep
learning model capable of near-experimental precision, marked a break-
through. Its release spurred the creation of similar tools and enhancements
that improved prediction accuracy and scope2–6. However, a significant
challenge for all of these tools is the fact that proteins are inherently dynamic
and that a singlemodel never captures the structural diversity of any protein
state7,8. Furthermore, many protein sequences encode multiple functional
states that have distinct structural characteristics, which makes structure
predictions for these proteins particularly challenging.

Several AlphaFold-based approaches have been proposed as solutions
to this problem. Initial studies have manipulated the evolutionary infor-
mation provided to AlphaFold either through subsampling of the multiple
sequence alignment (MSA) or rational in-silico mutagenesis9–11. Although
these approaches generated structures resembling the different experi-
mentally determined conformations, their generalizability remained
uncertain due to small validation sets. To address this caveat, a critical study
tested these approaches on a set of 92 fold-switching proteins12, previously
identified based on having multiple PDB entries exhibiting distinct sec-
ondary structures13. Using AF-Cluster, SPEACH-AF, and iterative

AlphaFold runs, the authors found that accurate prediction of alternative
conformations was achieved for only a subset of fold-switching proteins. In
parallel, more elaboratemethods have been developedwith the explicit goal
of predicting conformational diversity. In one such approach, CFold,
AlphaFold was retrained on a conformational split of the PDB, using only
one conformation per protein for training and reserving the others for
testing, which demonstrated success in accurately predicting alternative
structures for some proteins14. In another approach, BioEmu, a deep-
learning biomolecular emulator trained on large-scale molecular dynamics
simulations, AlphaFold structures, and stability data, was designed to gen-
erate diverse conformations during inference15. BioEmu shows promising
results, including for systems that undergo large-scale conformational
rearrangements. These recent findings underscore the potential and lim-
itations of recently developed methods in predicting alternative
conformations.

Here, we present a detailed evaluation of AlphaFold’s and related
structure prediction tools’ performance on a dataset of 128 autoinhibited
proteins, i.e., proteins that adopt at least two functionally distinct con-
formations. Autoinhibition is a widespread allosteric regulatorymechanism
in signaling proteins that prevents spurious activity16–20. Dysregulation of
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autoinhibition has been implicated in several diseases, including cancer21–24.
In its simplest form, autoinhibition arises from transient interactions
between a functional domain (FD) and an inhibitory module (IM) (Fig. 1),
placing theprotein in equilibriumbetweenanopen, active state anda closed,
inactive state. However, many autoinhibited proteins followmore complex
regulatory schemes with multiple partially active states24. Autoinhibited
proteins are often multi-domain with activity cycles that typically involve
large rearrangements in domain positioning, frequently without major
secondary structure changes. Nonetheless, secondary structure changes can
occur, particularly when the IM is intrinsically disordered20. Intramolecular
interactions suppress FDactivity either sterically or allosterically,most often
by blocking partner binding or catalysis. Many autoinhibited proteins
default to the inactive conformation25–27. External signals, such as post-
translational modifications (PTMs) or binding to partner molecules, then
trigger conformational transitions that shift the protein to an active form,
either a single open state in the simplest case ormultiple active states inmore
complex scenarios.

Themodern viewof protein allostery suggests that all possible states are
embedded within a protein’s energy landscape as multiple significant
minima, each with distinct statistical weights17,28,29. This means that a pro-
tein’s sequence inherently encodes all relevant conformations, including
active and inhibited states in autoinhibited proteins30. Because many auto-
inhibited proteins are multi-domain and undergo large inter-domain
rearrangements when transitioning between active and inactive states, they
provide an additional benchmark for evaluating the structure prediction
capabilities of AlphaFold and related tools.

Results
AlphaFold predicts structures of autoinhibited proteins less
accurately than those of proteins with permanent inter-domain
contacts
We first evaluated how well AlphaFold2 (AF2) and AlphaFold3 (AF3)
reproduce experimentally determined structures of autoinhibited proteins.
For this purpose, we assembled a dataset of 128 autoinhibited proteins from
a recently curated database31, which includes proteins in which auto-
inhibition has been experimentally demonstrated through deletion-
construct assays. Our dataset is restricted to entries with high-quality
experimental structures available in the Protein Data Bank (PDB) (see
Methods). Comparison with two earlier benchmarks of conformationally
dynamic proteins12,14 revealed only minimal overlap, three proteins in
common with the Chakravarty set and 12 with the Bryant set, highlighting
the complementary nature of our dataset. As a control for our assessment,

we collected a set of 40 proteins with available PDB structures that have two
UniProt-annotated domains and no available information indicating they
are regulated via autoinhibition (“two-domain” data set). Seven of these
two-domain proteins have permanent intramolecular domain-domain
interactions (obligate subset). This control was chosen because auto-
inhibited proteins, by definition, contain at least a FD and an IM, which are
often independently folded domains that change their relative positioning
when transitioning between active and autoinhibited states. In contrast,
two-domain proteins with permanent (obligate) domain-domain interac-
tions typically require these stable interactions for proper function and
therefore do not undergo regulatory rearrangements as autoinhibited pro-
teins do. For 71 and 29 of the autoinhibited and two-domain proteins,
respectively, at least twoPDBfiles are available.Usingproteinswithmultiple
PDBs, we confirmed that proteins in the autoinhibited data set are struc-
turallymore heterogeneous than those in the two-domain data set (Fig. S1).

For AF2, structure predictions were retrieved from the public Alpha-
Fold Database, while AF3 predictions were generated with the AlphaFold
Server using full-length protein sequences. As an initial measure of pre-
diction accuracy we used root mean square deviations (RMSDs) calculated
after aligning different sequence segments: the “global”, full available
coordinate region (gRMSD); the functional domain (fdRMSD); and the
inhibitory module (imRMSD). In addition, we computed the RMSD of the
IMs when the structures were aligned on the FDs (imfd RMSDs), providing
insights into the correct positioning of inhibitory modules relative to the
functional domain (see Methods). For the control set of two-domain pro-
teins, we performed similar RMSD calculations, aligning the first (D1) and
second (D2) domain in the sequences. For proteins with multiple PDB
entries, we selected the structure pair with the lowest gRMSD, capturing the
best overall agreement between the prediction and available experimental
structures for each protein. The distributions of gRMSDs indicate that
AlphaFold predicts structures of two-domain proteins significantly closer to
experimentally determined structures than autoinhibited proteins (Fig. 2a).
Using a 3Å cutoff, slightly more than half of the autoinhibited protein
predictions by AF2 match an experimental structure, compared to nearly
80% for two-domain proteins. This discrepancy does not stem from poor
individual domain predictions. Although RMSD distributions for indivi-
dual domains differ between autoinhibited and two-domain proteins, more
than 75% of proteins in both data sets have domain RMSDs smaller than
3Å. Instead, the key difference lies in domain positioning, specifically, the
placement of inhibitory modules relative to functional domains. imfd RMSDs
are significantly higher than d1

d2 RMSDs, with about half of the predicted IMs
misaligned relative to experimental structures (using a 3Å cutoff). We
tested whether AF3 predictions for full-length sequences of the auto-
inhibited proteins aremore accurate (Fig. 2a), specificallywith respect to the
placement of inhibitory modules relative to functional domains. Although
prediction accuracies of autoinhibited proteins, as assessed by RMSDs, are
marginally better for AF3 than AF2, they are not statistically better.

These differences between predictions of autoinhibited and two-
domain proteins become even more pronounced when focusing on two-
domain proteins with experimentally confirmed permanent domain
interactions (obligate subset) (Fig. S2a). AF2 accurately predicts all proteins
in this subset, including their relative domain placement. Given that inhi-
bitory modules (IMs) are sometimes disordered20 and AF2/3 are primarily
trained on folded domains, we examined whether the prediction dis-
crepancies between the data sets are due to IMdisorder.However, excluding
IMs with more than 50% predicted disorder does not alter observed trends
(Fig. S2c). Sincemost structures in the autoinhibitedprotein set predateAF2
and AF3’s release, it is likely that at least some of these proteins were
included in training. It is possible that AlphaFold has memorized proteins
known to adopt multiple conformations, while treating autoinhibited pro-
teins with a single conformation in the PDB as simpler prediction cases. To
test this, we examined whether autoinhibited proteins with only one
experimentally determined conformation (see Methods) are more accu-
rately predicted than those with two or more known conformations
(Fig. S3a). However, RMSD distributions show no significant differences

Fig. 1 | Simplest model of autoinhibition. This model involves intramolecular
interactions between an inhibitorymodule (IM) and a functional domain (FD). This
concept is illustrated with structures of the mouse Cytohesin-3. In the autoinhibited
form (left; PDB ID 2R0972), the Sec7-PH linker and C-terminal helix (cyan) occlude
the catalytic site of the Sec7 domain (light green). In the active form (right; PDB ID
6BBQ73), autoinhibition is relieved by binding of the activating partner Arf-GTP
(not pictured) to the PH domain.
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between these subgroups. Some of the autoinhibited proteins in our dataset
contain PTMs or are bound to interaction partners in the available
experimental structures. These factors may stabilize conformations that
differ from those of the unmodified protein in isolation, potentially
complicating AlphaFold’s prediction task. When splitting autoinhibited
proteins into two groups, with and without partners or PTMs, we find no
statistically significant difference in prediction performance for AF2 as
measured by RMSD (Fig. S3b). AF3 does significantly better for auto-
inhibited proteins without partners or PTMs, suggesting that additional
information is needed and may help in matching some experimental
structures (see below).

RMSD is a common metric for comparing protein structures but is
alignment-dependent, which can be problematic for multi-domain pro-
teins. Small alignment differences in one domain can cause large RMSD
variations in another. To mitigate this, we also used DockQ32, a metric
traditionally applied to protein complex predictions.DockQ integrates local
quality measures, including native interface contacts and local RMSDs33.
While it typically evaluates protein docking, it can assess multi-domain
protein predictions by treating one domain (e.g., the IM) as “docked” to
another (e.g., the FD) intramolecularly. Based on the calculated DockQ
scores, predicted structures can then be placed in critical assessment of

prediction of interactions (CAPRI) classes that identify predictions as
inaccurate or accurate, with the latter further subdivided intohigh,medium,
or acceptable quality. Applying this prediction classification to auto-
inhibited and two-domain proteins with inter-domain contacts (Fig. 2b)
revealed that two-domainproteinpredictions aremoreoftenof highquality.
The difference in CAPRI class distributions is even more pronounced
between proteins in the autoinhibited and obligate data sets (Fig. S2b).
Recent assessments of AlphaFold and AlphaFold-Multimer’s ability to
predict binary protein complexes demonstrated high accuracy, provided the
exact interaction sequences are used33. However, prediction accuracy
declineswhen full-length protein sequences are paired. Therefore, we tested
AF2 and AF3 using trimmed protein sequences, specifically the shortest
continuous segments containing both the FD and IM or D1 and D2. This
approach is justified, as autoinhibited proteins are often large and multi-
domain, making prediction more complex. Focusing on relevant sequence
regions could potentially improve accuracy. However, trimming sequences
leads to only marginal improvements (Fig. S3c, d). Overall, our analyses
show that AF2 and AF3 predictions for autoinhibited proteins are less
consistent with experimentally determined structures compared to non-
autoinhibited proteins, especially those with permanent inter-domain
contacts.

Fig. 2 | Predictions of autoinhibited proteins deviate more from experimental
data than predictions of non-autoinhibited proteins. a Distributions of the best
(lowest) RMSD between predictions and experimental structures, broken down by
region and model. AI, autoinhibited; TD, two-domain. N = 128 for AF2 and AF3
autoinhibited protein predictions, N = 40 for AF2 two-domain structure predic-
tions. The red line indicates a 3Å cutoff. b Percentage of proteins in each CAPRI

class based on the best prediction/experimental structure fit. cDistributions ofmean
PAEs per and across domains. dMean PAEs per and across domains compared for
AF2 andAF3predictions of autoinhibited proteinswith nohomologous templates in
the PDB. N=32 proteins. Statistical differences were assessed using the Mann-
Whitney test (****: p-value ≤ 0.0001, ***: p-value ≤ 0.001, **: p-value ≤ 0.01, and *:
p-value ≤ 0.05).
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AlphaFold has limited confidence in predicting structures of
autoinhibited proteins
We evaluated whether AlphaFold’s confidence scores reflected the dis-
crepancies between autoinhibited and two-domain predictions. AlphaFold
provides two key self-confidence measures: the Predicted Local Distance
Difference Test (pLDDT) and the Predicted Aligned Error (PAE). pLDDT
evaluates the confidence in local structure predictions at the residue level,
while PAE assesses the reliability of the predicted relative positions between
pairs of residues. PAE serves as a strongmeasure of the relative placement of
domains34. pLDDT scores are significantly lower for autoinhibited proteins,
both at the whole-protein and individual domain levels (Fig. S4a, b), even
when considering the subset with only structured inhibitory modules
(Fig. S4c, d). PAE distributions are generally shifted toward lower values for
two-domain proteins, regardless of residue pair location (Fig. 2c). However,
median PAE values remain around 5 for intra-domain residue pairs in both
datasets, suggesting reliable domain predictions. Critically, PAE values of
AF2 and AF3 for inter-domain residue pairs, specifically between the
inhibitory module and functional domain in autoinhibited proteins, indi-
cate significantly lower confidence in domain positioning, which alignswith
the observed higher im

fd RMSDs. This effect persists when trimming the
sequences (Fig. S5a) or excluding disordered IMs (Fig. S5b), reinforcing that
AlphaFold struggles to orient the domains similarly to the experimental
structures.

Our results suggest that AlphaFold may “recognize” the complexity of
the energy landscape of autoinhibited proteins and thus the prediction task,
particularly as it pertains to the positioning of inhibitorymodules relative to
functional domains. If true, this should also be reflected in the confidence
scores of predictions for autoinhibited proteins without available structures.
The curated database of autoinhibited proteins31 containsmany caseswhere
IMandFDboundaries aremappedbutno experimental structures exist.We
selected the subset of these proteins that had no experimental structures,
even for homologs, and collected their AF2 and AF3 predictions as
described above (see Methods). PAE scores of AF2 predictions for these
autoinhibited proteins without homologous structures are slightly higher
than for those with known structures (Fig. 2c, d), with IM-FD residue pairs
showing particularly high PAEs, mirroring trends seen in autoinhibited
proteins with available structures. Predictions with AF3 show marginally
improved but not significantly different PAE distributions (Fig. 2d). These
findings hold even when excluding proteins with highly disordered IMs
(Fig. S5c) and when trimming the sequences (Fig. S5d), reinforcing that
AlphaFold has consistently limited confidence in predicting autoinhibited
protein structures.

Alternativeconformationsarepredictedonly in fewof thestudied
cases with high accuracy
Several strategies have been proposed to predict alternative protein con-
formations using AlphaFold. These efforts have predominantly focused on
structural changes within domains and secondary structure changes,
although some of the systems previously studied also undergo substantial
tertiary rearrangements12,14. Autoinhibited proteins, which frequently
experience complex interdomain rearrangements, provide a com-
plementary benchmark for evaluating the effectiveness of such predictive
approaches. To assess the performance of recently developed tools and
strategies for predicting conformational diversity, we selected a subset of 15
autoinhibited proteins from our dataset for which structural cluster analysis
of available experimental structures confirmed the existence of at least two
distinct conformations (see Methods). These distinct conformations cor-
respond to the active and inactive states of the proteins inmost cases. For the
15autoinhibitedproteins analyzed, 9of theAF2predictionsusing full-depth
MSAs are closest, based on gRMSD, to the autoinhibited state, while 6 are
closest to the active state. We refer to the conformation that the full-depth
MSA predictionmost closely resembles (autoinhibited or active) as the base
conformation, and we define the conformation representing the alternative
functional state, the one less closely matched by the AF2 predictions using
full-depth MSAs, as the alternate conformation.

We first evaluated the ability of the AF-Cluster approach to generate
structures resembling both the base and alternate conformations of the
chosen proteins. AF-Cluster produces two sets of subsampled multiple
sequence alignments (MSAs): locally clustered (LC) MSAs, which are
clustered by the algorithm DBScan35 based on sequence similarity; and
uniformly clustered (UC) MSAs, which consist of 10 or 100 sequences
evenly distributed across the full-depth MSA and are intended as control
sets. We used the subsampled MSAs along with ColabFold6 to generate
predictions and evaluated their accuracy with the RMSD measures descri-
bed previously. From the set of predictions generated using UC and LC
MSAs, we selected those with the lowest gRMSD values, representing the
best fits between predicted and experimental structures (Fig. 3a, b). Both
approaches yield structurally different predictions; however, only a limited
number of these match the base or alternate conformations at stringent
cutoffs of 2 or 3 Å. Similarly, in only a few cases are both the base and
alternate conformations accurately predicted. Given that correct IM pla-
cement is critical for accurately modeling the systems under investigation,
we repeated our prediction assessment using im

fd RMSDs instead of gRMSD
as the evaluation metric, and observed slightly worse results (Fig. S6a, b)

Although the predicted structures are not always closely aligned with
the experimentally determined ones, visual inspection suggests that the
overall topologies characteristic of different functional states are often
accurately reproduced for many of the 15 autoinhibited proteins. A notable
example is the tyrosine-protein phosphatase non-receptor type 6 (PTPN6).
For this protein, predictions generated through MSA subsampling suc-
cessfully capture the relative positioning of the IM and FD (Fig. 4a–c).
However, the gRMSD of the closest predicted conformation to the experi-
mentally determined autoinhibited state remains relatively high at 6.7Å.
One contributing factor is the linker domain between the IM and FD: while
it is correctly structured in the full-depth MSA prediction representing the
active state (Fig. 4a), it is misfolded in theMSA subsampling prediction that
most closely resembles the autoinhibited conformation (Fig. 4c). Given
these insights, a more lenient cutoff may provide a more informative
measure of prediction performance (Fig. 3a, b). UniformMSA subsampling
yields predictions within 10Å of both conformations for about half of the
autoinhibitedproteins.When focusing specifically on the inhibitorymodule
and its positioning relative to the functional domain (imfd RMSDs, Fig. S6a, b),
results are, again, worse. Next, we used CFold to predict alternative con-
formations. CFold is a retrained version of AlphaFold2, developed using a
conformationally split version of the PDB, that is, only one conformation
per protein was included in the training set. Among the 15 autoinhibited
proteins tested, none yielded predicted structures with a gRMSD or
im
fd RMSDs below 3Å, and only a few systems have predictions below the
10Å threshold (Fig. 3d andFig. S6d). Finally,we evaluatedBioEmu, anMD-
informeddeep learningmodel15 trainedusingmore than200millisecondsof
MD simulations, AF-predicted structures, and experimental protein stabi-
lity data. Overall, BioEmu achieved better prediction performance than
MSA uniform subsampling (Fig. 3e and Fig. S6e). However, at a gRMSD
threshold of 5Å, both the base and alternate conformations were accurately
predicted for only two autoinhibited proteins. Notably, this number
increased to 11 when a more permissive cutoff of 10Å was applied. The
trends inpredictionperformance across the different approaches are further
supportedby scatter plots showing the best gRMSDwith respect to base and
alternate conformations for each system (Fig. S7). Predictions generated
with AF2 using uniform subsampling and with BioEmu perform sub-
stantially better than those from local subsampling andCFold.However, the
differences between prediction methods are much less pronounced when
im
fd RMSDs scatter plots are considered (Fig. S8), consistent with analyses
using cutoffs for this metric. These results underscore that all methods
struggle to correctly position FDs and IMs relative to each other in amanner
consistent with available experimental structures.

As mentioned above, several of the autoinhibited proteins include
PTMs or are bound to interaction partners in their experimentally resolved
structures. This is especially true for systems where both active and auto-
inhibited conformations have been characterized, likely because PTMs or
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partner binding were necessary to stabilize a particular state for structural
determination. AF3 has been trained to incorporate the effects of certain
PTMs and binding partners on structure prediction. Since AF3 can incor-
porate such prior knowledge, we tested whether this feature improves
agreement with experimental structures. Indeed, AF3 predictions that
leveraged prior information outperformedAF2 full-depthMSApredictions
inmodeling base conformations across all defined RMSD ranges (Fig. 3c, f).

Notably, AF3 achieved superior accuracy at stringent cutoffs of 2 and 3Å
compared to all other testedmethods. For nearly half of the 15 autoinhibited
proteins, AF3 generated conformations within 10Å of both the base and
alternate experimental structures. Furthermore, AF3 also outperformed
other approaches in accurately capturing the relative placement of FDs and
IMs (Figs. S6f, S8). Together, these findings highlight that incorporating
prior biological knowledge, such as specific regulatory PTMs or interaction

Fig. 4 | Predictions of tyrosine-protein phospha-
tase non-receptor type 6 (PTPN6) and Filamin-A
(FLNA). The IMs of the experimental structures are
shown in light grey and the rest of the proteins is
dark grey. The predicted IMs are cyan and the rest of
the predicted proteins is shown in shades of green
for Alphafold/cluster predictions. a PTPN6 full-
depth prediction against the active state (PDB
3PS574). b PTPN6 uniformly clustered prediction
(U100-007) against the active state. c PTPN6 uni-
formly clustered prediction (U100-002) against the
autoinhibited state (PDB 2B3O75). d Full-depth
prediction compared to the autoinhibited state of
Filamin-A (PDB 2J3S76). e Uniformly clustered
prediction (U100-008) against the autoinhibited
state. f Uniformly clustered prediction (U10-007)
against the active state (PDB 4P3W77).

Fig. 3 | Limited accuracies in predicting conformational diversity. Number of
predictions that match the base, alternate, or both conformations at the given cutoffs
based on gRMSD for a uniformly clustered predictions; b locally clustered

predictions; c AF2 predictions; d CFold predictions; e BioEmu predictions; f AF3
predictions with partners/PTMs. N = 15 proteins.
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partners, can improve the prediction of alternative conformations in
autoinhibited proteins. Nonetheless, a substantial number of systems
remain difficult to model. For example, in the case of human Filamin-A
(Fig. 4d–f), none of the tested methods produced structures with gRMSDs
below10Å for either conformation, underscoring the continuing challenges
in accurately predicting large-scale allosteric rearrangements.

Predictions based on uniformly clustered MSAs are more con-
sistent with experimental structures
One of the unexpected findings of our analysis was that predictions based on
UC MSAs are more consistent with experimental structures than those
generated using LCMSAs (Fig. 3a, b; Fig. S6a, b).UCMSA-based predictions
were initially intended to serve as controls,whereas LCMSAshavepreviously
been shown to produce alternative conformations with high AlphaFold
confidence scores10. To better understand this result, we examined specific
autoinhibited systems in greater detail, mapping all predicted structures,
derived frombothLCandUCMSAs, onto thefirst twoprincipal components
capturing the dominant structural transitions between the experimentally
determined active and autoinhibited conformations (see Methods).

Figure 5a, b show the projections of structures predicted for the human
GTP-binding nuclear protein Ran using UC and LC MSAs, respectively.
Ran is a GTPase that is autoinhibited by a C-terminal helix binding to and
reducing the activity of the GTPase domain (the experimental structure of
the autoinhibited state, PDB: 3GJ3, is shown in black on the left of Fig. 5a, b).
Partner binding shifts the equilibrium toward an active conformation in
which the inhibitory helix is removed from the GTPase domain (the active
state, PDB: 4HAT, is shown in black on the right of Fig. 5a, b). Using LC
MSAsyields a large numberof predicted conformations (Fig. 5b),with some
(e.g., LC_061) closely resembling the active state, where the inhibitory helix
no longer interacts with the GTPase domain. However, other LC MSA-
based predictions (e.g., LC_103) show the inhibitory helix interacting with
the GTPase domain at a non-canonical site. Notably, the majority of these
structures exhibit high averaged inter-domain PAEs (IM-FD), indicating
high uncertainty regarding the placement of the inhibitory helix relative to
theGTPase domain. Interestingly, even the defaultAF2prediction using the
full-depth MSA yields a structure with high inter-domain PAE that
resembles the active conformation (Fig. 5a), despite the active experimental
structure requiring an activating partner not included as input (Fig. 5b,
4HAT structure with activating partner in yellow). In contrast, predictions
with low average inter-domain PAEs consistently reproduce the auto-
inhibited conformation, andmultiple predictions emerging fromUCMSAs
show both low inter-domain PAEs and accurate modeling of the auto-
inhibited state (Fig. 5a). As a second system we chose cystathionine beta-
synthase and found very similar results in the same type of analysis (Fig. S9).

Overall, these analyses suggest that predictions made with either uni-
formly or locally clustered MSAs can generate structures close to both the
active andautoinhibited conformations.However, uniformly clusteredMSAs
tend to produce structureswith higher confidence in the placement of the IM
and, therefore, may be more likely to be accurate. To test this further, we
compared the distributions of mean pLDDT and PAE scores for predictions
made with UC and LC MSAs (Fig. 6a, b). These distributions clearly show
that UC MSA-based predictions have significantly higher mean pLDDT
scores for the entire protein as well as for the IM and FD individually, and,
most notably, significantly lower mean intra- and inter-domain PAEs.

A key question, however, is whether these differences in prediction
confidence translate into consistently better agreement with experimental
structures. To investigate this, we compared the gRMSD distributions for
the “best” predictions generated with UC and LC MSAs, where “best” was
alternately defined by the lowest RMSD to the experimental structure,
highest mean pLDDT, or lowest mean inter-domain PAE (Fig. 6c, d). This
analysis revealed that predictions from UC MSAs selected based on PAE
consistently more closely matched the experimentally determined struc-
tures than those fromLCMSAs.Although thedifferencewasnot statistically
significant, likely due to the limited sample size, the overall trend was clear
(Fig. 6d). To strengthen the analysis, we repeated it by considering not only

the single best but also the top two or five predicted structures ranked by
PAE, and in this case the differences reached statistical significance
(Fig. S10). The detailed prediction analyses shown in Fig. 5 and Fig. S9
suggest that PAE-based selection tends to favormore closed conformations,
those in which the IM and FD are in closer contact. Indeed, in 11 out of 15
proteins with experimentally determined active and autoinhibited states,
PAE-based selection leads to more compact models. Overall, these findings
suggest UC MSAs yield higher-confidence predictions and better capture
conformations that align with experimental data than LCMSAs.Moreover,
PAE-based selection preferentially identifies closed conformation in the set
of proteins analyzed here.

Variability in sequence and evolutionary information is asso-
ciatedwith better predictionoutcomes for autoinhibited proteins
Next, we investigated the extent to which sequence and evolutionary
diversity in the clustered MSAs correlate with improved prediction fidelity
to experimental data. Specifically, we quantified the information content
provided to AlphaFold2 by the clustered MSAs in two ways: first, by mea-
suring sequence variability through Shannon entropy; and second, by
assessing taxonomic diversity using ametric we termed the Lineage ScoreΔ
(see below and Methods). We then compared the distributions of these
measures between predictions that closelymatched experimental structures
(within 3Å) and those that did not. As expected, uniform clusters exhibit
higher average Shannon entropy than local clusters, consistent with the fact
that DBScan clusters based on sequence similarity (Fig. S11). Roughly a
third of autoinhibited UC clusters display average Shannon entropy values
above 2, indicative of high sequence variability. In contrast, only a negligible
fraction of LC clusters reach this level of variability. The same trend is
observed in two-domain proteins.When autoinhibited protein groups were
stratified based on the accuracy of their predictions (using a 3Å cutoff
relative to experimental structures), no significant difference in the average
Shannon entropy across the full-length sequences is observed. However,
when considering only the sequence regions corresponding to the IM and
FD, the critical regions for autoinhibition, we found that accurate predic-
tions usingUC are associated with statistically significantly higher sequence
variability than inaccurate predictions (Fig. 7).

As an additional metric, we assessed the taxonomic diversity of the
sequences within theMSAs by calculating a lineage score for each sequence.
This score represents the number of nodes within a species’ taxonomic
lineage, effectively, the number of branches required to reach that species
from the root of the evolutionary tree (see Methods for details). The dif-
ference in lineage scores, denoted as Δ, serves as a measure of the phylo-
genetic diversity within each clustered MSA used for prediction. For
predictions made using both UC and LCMSAs for autoinhibited proteins,
we observed that accurate predictions are associatedwith significantly larger
lineage score Δ values compared to inaccurate ones (Fig. S12a). However,
since a higher number of sequences could inherently increase the likelihood
of greater variance, we controlled for this potential confound. Specifically,
we separated uniform clusters into two groups, those with 10 sequences and
those with 100 sequences, and re-evaluated the lineage score Δ variance
(Fig. S12b). In both cases, clusters that led to accurate structure predictions
exhibit greater lineage score Δ variance, although the difference reaches
statistical significance only for the larger clusters (100 sequences). We fur-
ther analyzed themaximum lineage scoreΔwithin eachMSA and similarly
find statistically significant differences between accurate and inaccurate
predictions (Fig. S12c). Notably, across all analyses, clusters with the lowest
average Shannon entropy or the lowest lineage scoreΔ consistently produce
inaccurate structures. Overall, these findings demonstrate that for auto-
inhibited proteins, greater sequence and phylogenetic diversity are impor-
tant for achieving reliable structure predictions.

Discussion
Proteins are inherently dynamic, constantly adjusting their structures to
fulfill functional demands17. This principle lies at the heart of the modern
viewof allostery,whichholds that a protein’s sequence encodes an ensemble
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of conformations, each sampled under native conditions with distinct sta-
tistical weights. The ultimate goal of protein structure prediction is to
accurately capture this entire conformational landscape, with populations
that reflect specific experimental conditions. While this remains a distant
target, AlphaFold and related tools have opened exciting new avenues
toward realizing it. Here, we systematically assessed the capabilities of
AlphaFold2, AlphaFold3, and recent method extensions to predict the
structures of autoinhibited proteins, complementing important bench-
marking analyses that have been carried out by others9–11,14.

By comparing predictions for protein sequences encoding auto-
inhibited proteins, i.e., sequences that, by definition, encode at least two
functionally distinct conformations, often characterized by large inter-
domain rearrangements, with predictions for two-domain proteins
lacking autoinhibition annotations (some of which are known to form
obligate inter-domain contacts), we found that AlphaFold2 and Alpha-
Fold3 exhibit lower confidence when modeling the autoinhibited pro-
teins. This trend also holds for autoinhibited proteins for which only a
single conformation is available in the PDB, structures that AlphaFold

Fig. 5 | PCAanalysis of cluster-based predictions ofGTP-binding nuclear protein
Ran (RAN). a Predictions using UCMSAs and b LCMSAs were projected onto the
first and second lowest frequency eigenvectors of experimentally determined
structures and color-coded according to their averaged inter-domain (IM-FD) PAEs
(color scale shown on the right). Locations of selected experimental structures on
this projections are also provided with PDB IDs. Experimentally determined
structures representing the autoinhibited state (PDB ID 3GJ378) and the active state

(PDB ID 4HAT79) are shown on the left and right of the PCA plots, respectively. IMs
of experimental structures are shown in light grey and the rest of the proteins is dark
grey. RAN's partner protein, Ran-specific GTPase-activating protein 1, is shown in
yellow in (b). Structures of representative UC and LC predictions are also provided.
The predicted IMs are cyan and the rest of the predicted proteins is shown in shades
of green.
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should, in principle, reproduce with high confidence if its predictions
were primarily driven by memorization of training data. Notably,
AlphaFold2 and AlphaFold3 also display reduced confidence, particu-
larly in positioning the inhibitory module relative to the functional
domain, for autoinhibited proteins lacking homologous structural

templates in the PDB. These findings, combined with the fact that the
majority of the autoinhibited proteins analyzed predate AlphaFold’s
training set cutoff, suggest thatAlphaFoldmayhave learned aspects of the
energy landscapes of these proteins11,36,37, rather thanmerely memorizing
structures12,14. Nonetheless, thismay be a finding specific to autoinhibited

Fig. 6 | Predictions based on uniform MSA subsampling display greater con-
fidence and accuracy than those based on local subsampling. Confidence metrics
and consistency with experimental structures for predictions made with UC and LC
MSAs for the 15 autoinhibited proteins with two known reference conformations.
a Distributions of average pLDDT for UC and LC predictions. N = 300 uniform
clusters, N = 1059 local clusters. b Distributions of average inter-domain (IM-FD)

PAE for UC and LC predictions. N = 300 uniform clusters, N = 1059 local clusters.
Distributions of gRMSDs for predictions selected based on the best gRMSD,
(highest) pLDDT per protein (in c) and best (lowest) inter-domain PAE (in d).
N = 15 proteins. Statistical differences in all panels were assessed using the Mann-
Whitney test (****: p-value ≤ 0.0001, ***: p-value ≤ 0.001, **: p-value ≤ 0.01, and *:
p-value ≤ 0.05).

Fig. 7 | Accurate predictions result from multiple
sequence alignments with higher sequence diver-
sity. Distributions of average Shannon entropy
broken down by protein type (autoinhibited or two-
domain), cluster type (uniform or local), and accu-
racy to experimental structures at a 3Å cutoff
(accurate or inaccurate). The average Shannon
entropy was taken over the sequence ranges
encompassing the IMs and FDs. Sample sizes are
shown in category labels. Statistical differences were
assessed using the Mann-Whitney test (****:
p-value ≤ 0.0001, ***: p-value ≤ 0.001, **: p-value ≤
0.01, and *: p-value ≤ 0.05).
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proteins andmore detailed analyses will be required to rigorously test this
hypothesis.

The initial assessment of AlphaFold’s predictions of autoinhibited
proteins clearly highlights both the challenges the method faces and its
intrinsic recognition of these challenges as reflected in its lower confidence
scores. To address the central goal of our benchmarking effort, we next
evaluated recent AlphaFold extensions to assess their ability to capture not
just one, but two functional conformations of autoinhibited proteins. In the
case of CFold, we observed that its predictions for autoinhibited proteins
perform poorly. However, this finding is consistent with CFold’s own
evaluation14, which reported that CFold struggles particularly with “hinge”
motions, the type of structural changes that characterize the majority of
autoinhibitedproteins inourdataset.WhileMSAsubsampling strategies lead
to more favorable results, only a limited number of autoinhibited proteins
show accurate overall predictions of both the active and autoinhibited con-
formations. These findings mirror those from the study on fold-switching
proteins, where accurate prediction of multiple conformations was observed
in only a minority of cases12. Previous work that generated alternative con-
formations through MSA alteration9–11 proposed that these manipulations
deconvolve evolutionary signals, enabling AlphaFold to predict alternative
states. Intriguingly, for autoinhibited proteins, we observed the opposite:
uniform subsampling of the MSA, and the resulting increase in sequence
diversity, is associated with more accurate predictions. Our analyses suggest
that greater sequence diversity may be necessary to accurately predict con-
formations of autoinhibited proteins. Interestingly, recent work has
demonstrated that reducing subsampling to very shallow depths improves
predictions of alternative conformations in fold-switching proteins38.

Better results than with MSA subsampling were achieved using
BioEmu, as expected given that the model was specifically optimized for
conformational diversity through the inclusion of MD simulation data
during training. Nevertheless, only in one analyzed system did BioEmu
generate structures matching both conformations within 3Å gRMSD.
AlphaFold3 performed similarly when PTM information and interaction
partner sequences were incorporated, enabling accurate modeling of both
active and autoinhibited conformations that most closely resembled the
experimentally observed ones. Since PTMs and partner binding are major
factors that shift the structural equilibriumof autoinhibited systems, and are
often leveraged experimentally to stabilize specific states, it is perhaps
unsurprising that providing this information enhances AlphaFold3’s ability
to predict alternative conformations. However, this advantage also high-
lights a key limitation: the method requires prior knowledge of the factors
governing conformational shifts, which substantially constrains its gen-
eralizability. Despite the encouraging results achieved with BioEmu and
AlphaFold3, it is important to emphasize that all tested methods, including
these two, performed poorly in reproducing the relative placement of IM
and FD as observed in experimental structures, underscoring the persistent
challenges of predicting autoinhibited protein structures.

A key issuewhenworkingwith protein sequences that encode complex
energy landscapes is the definition of ‘ground truth.’Autoinhibited proteins
may not only sample states of full inactivity or full activity, often the ones
captured experimentally, but also a spectrum of partially active states, each
associated with distinct conformations. Moreover, fully active states may
contain various conformations. This is particularly evident when the IM
loses stable interactions with the functional domain (Fig. 5). In this case, the
IM likely adopts an ensemble of conformations relative to the FD, of which
only a subset has been experimentally determined. Moreover, experimental
conditions used for structure determination (e.g., solvation) can bias which
conformations are captured or even lead to crystallographic artifacts, and
PDB entries do not fully represent the conformational diversity of
proteins7,8,39. As a result, AlphaFold predictions for autoinhibited proteins
that come close but do not exactly match an experimentally observed
structure shouldnot automatically be considered ‘incorrect’. For this reason,
more lenient structural similarity cutoffs, such as those applied here, may
provide a fairer basis for assessing predictions and avoid overly negative
evaluations.

This raises the question of whether confidence scores provided by
prediction tools can mitigate these issues. Ideally, a predictor would assign
high confidence only to conformations that are functionally relevant. Yet it
remains unclear whether AlphaFold’s confidence metrics truly capture
biological relevance10 or whether correlations with accuracy are largely
coincidental9,14,40. While pLDDT is often used as a measure of prediction
reliability, several studies have shown that AlphaFold can assign high
confidence to incorrect structures, particularly in flexible or ambiguous
regions12,14. Our analysis cannot determinewhetherAlphaFold’s confidence
scores correlate with the biological or functional relevance of predicted
conformations of autoinhibited proteins. However, we found that, for this
class of proteins, PAE is a more reliable indicator of structural similarity to
experimental data than pLDDT. Based on these observations, we propose
using PAE as a selection metric when employing full-depth and uniformly
subsampled MSAs, although this strategy may favor the selection of closed
conformations, i.e., states in which the IM and FD interact. Whether this
PAE-driven bias toward compact structures generalizes to other complex
systems, and the extent to which it favors alternative closely packed con-
formations, remains an important question for future studies.

Finally, although our analyses cover a substantial number of proteins,
including over 100 proteins not previously examined by large-scale
efforts12,14, the generalizability of our results remains limited by sample
size and diversity. While analysis of autoinhibited, two-conformation pro-
teins outside of AlphaFold2’s training set serves as an important control,
such an evaluation would be restricted to only around seven proteins.
Furthermore, our dataset is heavily skewed toward vertebrate proteins: of
the 894 high-quality experimental structures analyzed, 90% are human, and
accurate predictions from clustered MSAs were limited to humans and
brown rats (Rattus norvegicus), highlighting a likely species bias in
AlphaFold. Achieving accurate, generalizable predictions of alternative
conformations will ultimately require training on a broader and more
phylogenetically diverse structural dataset5,14. Notably, while this study was
underway, additional approaches to generate confotmational diversity have
emerged41,42. However, whether such methods can accurately recapitulate
the conformational diversity of the systems analyzed here remains to
be seen.

Methods
Data sets
We compiled the set of autoinhibited proteins from proteins deposited in
the autoinhibited protein database (AiPD)31. An autoinhibited protein is a
protein that self-regulates via transient intramolecular interactions between
different parts of the protein. The initial data compilation resulted in a list of
442 autoinhibited proteins. After filtering for proteins with associated PDB
structures containing ≥ 60% domain completeness, 128 proteins remained
representing 70 homologous superfamilies. Complete information on
InterPro classifications can be found in project_pipeline/data/
interpro.tsv at the github repo (https://github.com/bperkinsj/
autoinhibitory_protein_prediction). The autoinhibited protein database
AiPD31 provided annotated sequence boundaries for both the inhibitory
module (IM) and the functional domain (FD). IM boundaries are typically
defined through deletion assays, where removal of specific regions results in
altered activity. The FD corresponds to the domain responsible for the
protein’s primary function—such as partner binding or catalytic activity—
and is the focus of the assay.

For autoinhibited proteins with no homologous structures in the PDB,
we selectedproteins fromAiPDaccording to specific criteria. Itwas required
that the locationof the IMof the candidateproteinshadbeenexperimentally
determined. We checked for the absence of experimental structural infor-
mation for the protein (no PDBs), as well as for any of its known homologs.
Homologs were obtained from the Homologous Gene Database (HGD)43.

We also assembled a control set consisting of non-autoinhibited two-
domain proteins.We created the list of two-domain proteins by selecting all
proteins annotated as “Multi-domain proteins (alpha and beta) (56572)”
under SCOP-e on the RCSB and then filtering for proteins with two
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domains annotated inUniProt44 using customPython code. This resulted in
a list of 61 proteins. Filtering for proteins with associated PDB structures
containing ≥60% domain completeness left 40 proteins. Sequence bound-
aries of the domains were taken from UniProt annotations. Obligate pro-
teins are two-domainproteinswithpermanent inter-domain interactions.A
list of PDBfileswith permanent interactionswas taken fromref. 45 andused
to find associated proteins in the list of two-domain proteins. Ultimately,
seven proteins in the two-domain list were labeled as obligate.

We selected fifteen autoinhibited proteins for predictions of multiple
conformations. All 15 were selected on the basis of having at least two
experimentally observed conformations (see 4.2). In addition, we selected
nineteen two-domain proteins randomly from the list of 40 for control
structure predictions via MSA subsampling. For any predictions using
trimmed sequences, we extracted protein segments from UniProt44,
including only residues corresponding to the IM, FD, and any intervening
regions. When multiple isoforms were available, the canonical sequence
annotated in UniProt was used.

Protein clustering
Weused hierarchical clustering to determine the structural heterogeneity of
the experimental structures and identify proteins with distinct conforma-
tions. Specifically, we performed the clustering using SciPy’s46 linkage
function with method='single' and metric='euclidian'.
Proteins were considered having distinct conformations if at least two
cluster emerged when using a cutoff of 3 Å.

Predictions using full-depth MSAs
WedownloadedAF2predictions for full-length sequences of the proteins in
the two data sets (128 autoinhibited and 40 two-domain proteins) and
autoinhibited proteins with no homologous templates in the PDB from
AlphaFold’s Google Cloud repository. AlphaFold3 (AF3) predictions were
generated using the AlphaFold Server (https://alphafoldserver.com/
welcome) for all 128 autoinhibited proteins, without providing binding
partners or post-translational modifications (PTMs). Additionally, for a
subset of 15 proteins with at least two known experimental conformations,
we performed AF3 predictions with partner sequences and PTMs specified
based on experimental data. The full list of experimental structures, along
with their associated partners and PTMs, is available in the file
af3_partner_prediction_structures.xlsx on GitHub
(https://github.com/bperkinsj/autoinhibitory_protein_prediction).

Predictions using MSA subsampling, CFold and BioEmu
Togeneratepredictions byMSAsubsampling,we followed the steps laid out
by Wayment-Steele et al.10 in their AF-Cluster approach. First, an initial
multiple MSA was created using the ColabFold notebook (https://colab.
research.google.com/github/sokrypton/ColabFold/blob/main/AlphaFold2.
ipynb), which utilizes MMSeqs2 and HHsearch47,48. AF-Cluster was run
with these MSAs to generate a number of clusteredMSAs equal to ϵmax, the
maximumnumber of clusters. AF-Cluster also generates twentyMSAs that
are uniformly sampled across the full sequence alignment, ten ofwhichhave
ten sequences and the other ten having onehundred sequences.We referred
to these MSAs as “uniformly clustered” (UC) and the former as “locally
clustered” (LC).Wereferred to structures generatedwith the fullMSAdepth
(a.k.a. the original AlphaFold2 pipeline) as “full depth” predictions. We fed
clustered MSAs generated by AF-Cluster to an instance of ColabFold (v.
1.5.2) running on Compute Canada’s Graham server cluster. The config-
urationswere set to default, i.e.num_recyles is set to 3 andnum_seeds
is set to 1. We collected ten predictions from each MSA.

For CFold predictions, we first generatedMSAs usingHHblits49, based
on the protein sequences from the RCSB, following the approach described
in ref. 14. These MSAs were then used as input in the CFold Google Colab
notebook (https://colab.research.google.com/github/patrickbryant1/Cfold/
blob/master/Cfold.ipynb) to generate structure predictions.

We submitted protein sequences to the BioEmulator Google Colab
notebook (https://colab.research.google.com/github/sokrypton/ColabFold/

blob/main/BioEmu.ipynb) on the Compute Canada’s Fir server cluster to
generate 10,000 samples per protein15. For two proteins (P21333 and
P26358) technical errors allowed for only 100 samples to be generated.

Confidence scores
To assess differences in pLDDT scores across protein categories, we
extracted scores from prediction CIF files and calculated average pLDDT
values for the full structure, the inhibitory module (domain 1), and the
functional domain (domain 2).

PAE) values were extracted from the JSON output files provided by
AlphaFold and ColabFold. For each comparison—either within a single
region or between two regions—we isolated the relevant submatrix (e.g.,
residues 1–102 vs. 1–102 or 1–102 vs. 344–485) and calculated the
mean PAE.

RMSD calculations
There are multiple ways to compare protein structures, the most common
being the root mean square deviation, which is given inÅ and calculated as

RMSD ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
n

X

n

i¼1

d2i

s

where n is the number of equivalent atom pairs and di is the distance
between atom i in a given conformation and its counterpart in the reference
structure50. Although various atom sets can be used for alignment, we used
the standard approach of aligning Cα atoms. We calculated four types of
RMSDs: the global RMSD of a protein when aligning the entire sequences
for which coordinates are available in all PDB structures (gRMSD); the
RMSDof the inhibitorymodules when aligned to each other (imRMSD); the
RMSDof the functional domainswhen aligned to eachother (fdRMSD); and
the RMSD of the inhibitory modules when aligned on the functional
domain (imfd RMSDs).

DockQ
Wealso compared experimental structures and full-depth predictions using
DockQ32. Predictions with the best (imfd RMSDs) were chosen for this ana-
lysis. Structures were split into three chains—chain A for the functional
domain (domain 2), chain B for the inhibitory module (domain 1), and
chain C for the rest of the protein—using custom Python scripts and Sna-
kemake (Snakemake_DockQ). We then ran the DockQ scoring script
from the official GitHub repository (https://github.com/bjornwallner/
DockQ) to compute interface quality scores.

Conformational ensembles mapping
We used principal component analysis (PCA) to capture the major con-
formational differences between structures.Cartesian coordinates of aligned
Cα atoms of all experimental structures of a given protein were used to
calculate the covariance matrix. The covariance matrix was then diag-
onalized to derive principal components with their associated variances
using Bio3D packagei, a family of related R packages containing utilities for
the analysis of biomolecular structure, sequence and trajectory data51,52.
Over 90% of the total mean-square displacement (or variance) of atom
positional fluctuations was captured in two dimensions for the two systems
analyzed (P62826 and P35520). Thus, the first two principal components
provide a useful description of the conformational space of the systems.We
projected structures predicted with LC, UC and full-depth MSAs as well as
experimental structures representing active and autoinhibited states on the
two first principal components.

Shannon Entropy
We calculated Shannon entropy53 of clusterMSAs using amodified version
of Joe Healey’s Shannon.py script54. We calculated the Shannon entropies
over both the entire protein sequence and the sequence ranges representing
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the IM and FD and then the average entropy was taken for both. We
calculated average Shannon entropy for clusterMSAswith ≥100 sequences.

Lineage score
Wecalculated the lineage scores as follows. EachMSA contains a number of
sequences pulled from UniRef10055. UniRef100 combines identical
sequences and fragments into a single entry with a representative sequence.
For each sequence, we queried UniRef100 for the UniRef ID denoted in the
MSA and the species from which the representative sequence was selected.
The number of nodes on the species’ NCBI taxonomic lineage56 was
counted, giving the lineage score. To calculate theLSΔ for each sequence,we
subtracted the LS of the sequence from the LS of the reference sequence and
the absolute value was taken.

Additional predictions, plotting and statistical Analysis
To identify structured IMs, we predicted their disorder with Espritz57 using
theDisprot prediction type and theBest Swdecision threshold.Weanalyzed
all our data in Jupyter notebooks58 with custom Python scripts utilizing
Biopython59, NumPy60, Pandas61, and SciPy46. K-means clustering was
performed using sklearn62. Protein structures visualizations were created
with PyMOL63. Plots were constructed using a mixture of matplotlib64 and
seaborn65 and stylized with scienceplots66. Two-sided Mann-Whitney
U-testswere carried out and annotated using statannotations67. Finalfigures
were created using Inkscape68.

Data availability
Data used to generate plots, as well as the original lists of proteins, can be
found at Github69. Raw structure data for AlphaFold and ColabFold pre-
dictions, as well as generated MSA clusters, are publicly available70 at the
Open Science Framework71.

Code availability
Code used for data collection, analysis and visualization can be found at
Github69. Software versions and requirements can be found in the
README.
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