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Machine-learning prediction algorithms such as AlphaFold and

RoseTTAFold can create remarkably accurate protein models, but these
models usually have some regions that are predicted with low confidence
or poor accuracy. We hypothesized that by implicitly including new
experimental information such as a density map, a greater portion of a
model could be predicted accurately, and that this might synergistically
improve parts of the model that were not fully addressed by either machine
learning or experiment alone. Aniterative procedure was developed
inwhich AlphaFold models are automatically rebuilt on the basis of
experimental density maps and the rebuilt models are used as templates
innew AlphaFold predictions. We show that including experimental
informationimproves prediction beyond the improvement obtained
withsimple rebuilding guided by the experimental data. This procedure
for AlphaFold modeling with density hasbeenincorporatedinto an
automated procedure for interpretation of crystallographic and electron
Cryo-microscopy maps.

Advanced machine-learning-based structure prediction algorithms are
transforming the way that three-dimensional structures of proteins
and their complexes are obtained' . The AlphaFold' and RoseTTAFold?
algorithms, for example, can create accurate predictions for substan-
tial regions of a protein structure that are based on the amino acid
sequence of that proteinand onresidue covariation information’ pre-
sentinamultiple sequence alignment'. Prediction can be augmented
by including experimentally determined structures of proteins with
similar sequences as templates'. In many cases, the predicted models
areaccurate enough to allow straightforward experimental structure
determination using molecular replacement in macromolecular crys-
tallography or by docking a structure inadensity map insingle-particle
electron cryo-microscopy (cryo-EM), without requiring that a similar
structure has been previously determined>®%,

There are limitations in using predicted models for structure
determination®*’.In particular, machine-learning methods typically do

notyield accurate predictions for all of the residuesina protein™. This is
partly due to the presence of disordered segments in many proteins™",
but is also due to the limited size and accuracy of multiple sequence
alignments for part or all of some protein sequences, resulting in a
limited amount of available information about residue covariation'.
Arelated limitationis that parts of proteins that can adopt alternative
conformations may be systematically predicted in only one of them"";
this limitation may be reduced by alternative sampling of multiple
sequence alignments™. Additionally, individual domains of proteins
are often predicted accurately, but in the absence of extensive con-
served interaction surfaces the spatial relationship between domains
cannot be unambiguously predicted with current methods®. A final
limitation is that as these machine-learning methods are trained on
structures in the Protein Data Bank (PDB), predictions are likely to be
biased towards these known structures even if they are not included
explicitly as templatesin prediction.
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A strength of recent machine-learning algorithms for protein
structure predictionis that they canassess the accuracies of their own
predictions. AlphaFold, forexample, estimates the value of acommonly
used measure of prediction accuracy (IDDT-C,”) for each residue ina
proteinand reports these estimates as a confidence measure, pIDDT".
Validation with known structures demonstrated that these Alpha-
Fold pIDDT values are reasonably good indicators of actual accuracy
(Pearson’s rvalue relating pIDDT and IDDT-C, is 0.73 (ref.°)).

It is well known that the accuracy of structure prediction can be
improved by including external structural information, for example
distances between specified pairs of residues in a protein'. In Alpha-
Fold and RoseTTAFold, for example, residue pair distance information
is implicitly derived from sequence covariation'?. It is reasonable to
expect that experimental structural information from density maps
suchasthoseusedincryo-EM or crystallographic structure determina-
tion could be included as well, though a mechanism forincorporation
of this information in aform that is compatible with modeling would
berequired.

The hypothesis underlying the present work is that new experi-
mental information might improve structure prediction synergisti-
cally, where correcting one part of a protein chain might improve
structure predictionin another part of the chain. In AlphaFold, a core
algorithmfocuses attention on features that may contribute the most
tostructure prediction'. Aninternal recycling procedure uses the path
of the protein chainin one cycletofocus attention oninteractions that
should be considered in the next cycle. If experimental information
were to result in adjustments in conformation, the attention mecha-
nism might recognize important relationships that otherwise would
have been missed. This refocusing of the prediction algorithm might
lead toimprovements well beyond the experimentally guided changes
in conformation. At the same time, improvement in the accuracy of
a predicted model might make it easier to identify modifications to
that modelneeded to obtaina better match to the density map. These
possibilities suggest that an iterative procedure for incorporation of
information from a density map into structure prediction might fur-
ther improve the accuracy of modeling. This would be similar to the
situationin macromolecular crystallography, where improvement of
one part of amodel leads to improved estimates of crystallographic
phases, in turn improving the density map everywhere and allowing
stillmore of the model to be built®.

Asecond hypothesisinthis workis thatinformation from a density
map can be partially captured in the form of arebuilt version of a pre-
dicted model that has been adjusted to match the map. The structure
of suchamodel could only represent asmall part of the total informa-
tioninamap, butitseemed possible that much of the key information
could be captured, including overall relationships between domains
in a protein as well as the detailed conformation of the protein. As
AlphaFold can use models of known proteins as templates’, such a
rebuilt model could readily be incorporated into subsequent cycles
of structure prediction.

Results

We tested the ideas that that new experimental information might
improve structure prediction synergistically and that information
from a density map can be captured in the form of a rebuilt model by
developing an automated procedure in which a predicted AlphaFold
modelistrimmed, superimposed (docked) on acryo-EM density map,
and rebuilt to better match the map. The rebuilt model was then sup-
plied along with the sequence to AlphaFold in a new cycle of predic-
tion. The output of this procedure is a new AlphaFold model that has
incorporated new experimental information through the use of the
rebuilt template in the prediction. We applied four cycles of the itera-
tive algorithm to the sequence of one protein chain and the full density
map for each of 25 cryo-EM structures, all deposited after the training
database for the version of AlphaFold we used was created (July 2020).

In these tests, multiple sequence alignments were included in each
stage of AlphaFold modeling. To emulate the situation where no similar
structureis presentinthe PDB, templates from the PDB were not used.
For each protein we then examined the four AlphaFold models obtained
(oneforeach cycle of modeling), comparing them to the correspond-
ing deposited model (used as our best estimate of the true structure)
and to the corresponding deposited density map.

Iterative structure prediction and model rebuilding using a
density map

Figure la-fillustrates iterative structure prediction for one of these
structures, that of afocused reconstruction of SARS-CoV-2 spike pro-
tein receptor binding domain (RBD) in a complex with neutralizing
antibodies™ (3.7 A; Electron Microscopy Data Bank (EMDB) entry
23914, PDB entry 7MLZ; only the spike protein is analyzed here). The
five-stranded B-sheet (Fig. 1a, lower left corner) in the AlphaFold model
(inblue) was created on the basis of the sequence of the spike protein
and can be superimposed closely on the deposited model (in brown),
but the loops near P479 in the right part of Fig. 1a then do not match
well. Note that the deposited model is presented only for compari-
son and is not used in any of the calculations. The same AlphaFold
model is shown along with the density map in Fig. 1d, where it can be
appreciated that the density map does not clearly show the path of the
protein chain. The agreement between the AlphaFold model and the
mapis considerably worse than between the deposited model and map
(map correlation with map calculated from deposited model is 0.70;
from AlphaFold model is 0.41). Figure 1b shows a rebuilt version of
this AlphaFold model (in purple) obtained after automatic rebuilding
using the density map. Itis different from the blue predicted modelin
Fig.1aand agrees better with the density map (Fig. 1e), where the map
correlation increased from 0.41to 0.58. The percentage of C, atoms
inthe deposited model matched within 3 Aby a C, atomin the rebuilt
model was also somewhat improved over that for the superimposed
AlphaFold model (from 71% to 76%). This rebuilt model was used as a
template in AlphaFold modeling, with the goal of providing the infer-
ence procedure with some additional information about which parts of
the structure are close together, and the rebuilding and modeling were
repeated for atotal of four iterations. The AlphaFold model obtained
after iterative prediction and rebuilding is shownin greenin Fig. 1c. It
matches the deposited model (in brown) much more closely than the
original AlphaFold model obtained with sequence alone, particularly
intheloop region nearresidue P479,and 91% of C, atomsin the depos-
ited model were matched within3 Aby a C, atomin the superimposed
AlphaFold model. The overall map correlation for AlphaFold model
obtained after iterative prediction and rebuilding is 0.57. Note that
unlike the rebuilt model, the AlphaFold predicted model shown in
Fig.1chasnotbeenadjusted by coordinate refinement or rebuilding; it
is simply superimposed as arigid unit on the density map. The similarity
obtained to the map and to the deposited model therefore reflects an
improvement in the AlphaFold predictioniitself.

Overall, Fig. 1a-f shows that the AlphaFold model obtained with
ouriterative procedure and shownin greeninFig. 1cis much more simi-
lar tothe deposited model (brown) thaneither the predicted AlphaFold
model created with sequence alone (shown in blue in Fig. 1a) or the
rebuilt version of this predicted model (shownin purplein Fig.1b). The
improvement over the original AlphaFold model supports theideathat
atemplate created by rebuilding an AlphaFold model using a density
map contains information from that density map that can be used to
improve AlphaFold structure prediction. The observations that the
AlphaFold model obtained using a density map also improves upon
the rebuilt model and that iteration improves the AlphaFold model
support the idea that model rebuilding is synergistic with AlphaFold
prediction, yielding a new model that is better than either alone. Our
observations are consistent with the idea that this synergy comes from
providing additional information to the attention mechanismusedin
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Fig.1|Iterative AlphaFold prediction and model rebuilding using density
maps. a, Comparison of AlphaFold model of SARS-CoV-2 spike protein RBD
(blue) with deposited model' (PDB entry 7MLZ, brown). The position of P479 is
indicated. b, Comparison of modelin a rebuilt using density map (in purple) with
deposited model (brown). ¢, AlphaFold model obtained using density map and
four cycles of iteration including rebuilt models as templates (green), compared
with deposited model (brown). d-f, Models asin a-c, superimposed on the map
used for rebuilding (EMDB entry 23914 (ref. °), automatically sharpened as
described (Methods)). g-i, Details of iterative rebuilding of the 2AG3 Fab heavy
chain” (PDB entry 7MJS chain H) using cryo-EM data from EMDB entry 23883
ataresolution of 3.0 A. g, AlphaFold prediction superimposed on density map.
h, AlphaFold prediction asin g, but after one cycle of iterative rebuilding.

i, Asin h, but after four cycles of iterative rebuilding. j, Accuracy of models

obtained with AlphaFold alone (abscissa) and obtained with iterative AlphaFold
prediction and rebuilding with density (ordinate) for one chain from each of

25 structures from the PDB and EMDB. Accuracy is assessed as the percentage
of of C,atoms in the deposited model matched within 3 Aby a C,atominthe
superimposed AlphaFold model. k, Accuracy of models showninj, assessed on
the basis of r.m.s.d. of matching C,atoms and shown on alog scale. Abscissa is
r.m.s.d. for models obtained with AlphaFold alone and ordinate is for models
obtained withiterative AlphaFold prediction and rebuilding with density.

1, Accuracy of models assessed as in j by the percentage of of C,atomsin the
deposited model matched within 3 A by a C,atomin the superimposed model,
obtained with direct model building using the corresponding density maps using
the Phenix tool map_to_model (abscissa) compared with those obtained with
iterative AlphaFold prediction (ordinate).

AlphaFoldbutarealso consistent with other mechanisms. For example,
analternative hypothesis also consistent with our observationsis that
AlphaFold is capable of improving a model that is not too different
from the true structure, and rebuilding the model can bring it within
the radius of convergence of AlphaFold.

Figure 1g-iillustrate theimprovement of another AlphaFold pre-
diction by iterative rebuilding and modeling. A detail of the superim-
posed AlphaFold prediction of the 2AG3 Fab heavy chain" is shownin

Fig.1g along with the corresponding portion of the density map from
EMDB entry 23883 ataresolution of 3.0 A. The superimposed predicted
model does not match the density well, and the r.m.s.d. of all match-
ing C, atoms from the deposited model is 3.6 A. Figure 1h shows that
the superposed AlphaFold model obtained after one cycle of iterative
rebuilding matches the map considerably better, and Fig. i shows that
after four cycles the AlphaFold model closely matches the density map.
The full AlphaFold prediction for this heavy chain obtained after four
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Fig.2|Iterative AlphaFold prediction and model rebuilding of domain

from flagellar basal body. a, Comparison of AlphaFold model flagellar basal
bodychainaresidues 250-365 (blue) with deposited model"” (PDB entry 7BGL,
brown). The positions of G316 and V284, bracketing a segment that is not present

V284

inthe deposited model, are indicated. b, Comparison of model in A obtained with
three cycles of iterative AlphaFold modeling and rebuilding using density map
(in green) with deposited model (brown).

cycles of iteration with the density map has anr.m.s.d. of matching C,
atoms from the deposited model of just 0.8 A.

Figure 1j compares the accuracy of AlphaFold models obtained
without and with density information for all of the 25 recently depos-
ited structures considered. The ordinate of Fig. 1j is the percentage of
C.atomsin each AlphaFold model superposing within 3 A of a C,atom
inthe corresponding deposited model (that is, 100% means that all C,
atoms superimpose within3 A). The abscissain Fig. 1jis the same metric,
but applied to the AlphaFold model obtained after iterative improve-
ment. Points above the unit line shown correspond to cases where
iterative modeling and building improves the accuracy of AlphaFold
modeling. Theinclusion of density informationincreased the number
ofthese 25 structures with at least 90% of C, atoms superposing within
3 Afrom12to20. This set of models is assessed on the basis of r.m.s.d.
of matching C, atoms in Fig. 1k demonstrating that in most cases the
iterative AlphaFold models have muchlower r.m.s.d. from correspond-
ing deposited models than predictions using sequence alone.

Figure 1l extends this analysis further by comparing the 25 models
obtained using iterative AlphaFold modeling and model rebuilding
(abscissa) with models created directly from density maps using an
automatic model-building algorithm'® that is based on many of the
sametools used herein model rebuilding, but withoutincluding Alpha-
Fold atall (ordinate). All but one of the iterative AlphaFold models are
more accurate than the corresponding models created by automatic
model building alone.

Validation using a structure not present at the time of
AlphaFold training

In the cases described above, it was possible that information about
the specific sequences that are being modeled could be presentin the
AlphaFold parameter database because similar structures may have
been presentinthe PDBwhen AlphaFold was trained. Inthiswork we are
comparing AlphaFold predictions that areidentical except that they are
carried out withand without templates, so this does not directly affect
our conclusion that AlphaFold modeling and rebuilding using a density
map are synergistic. There was a possibility, however, thatincluding the
density informationinthese examples allowed AlphaFold prediction to
use some pre-existing information about similar structures, rather than
truly incorporating new information from the density maps. Toaddress
such a possibility, we carried out an analysis of a structure for which
no similar structure was present in the PDB when AlphaFold training
was carried out. The structure we used was that of adomain of abacte-
rial flagellar basal body" (PDB entry 7BGL, chain a, residues 250-365,
EMDB entry 12183, resolution of 2.2 A) included in the CASP-14 structure
prediction competition®® (target identification of T1047s2-D3). The
PDB entry with the most similar sequence (PDB entry 2HM2) present

atthe time of AlphaFold training has asequence identity of just 9% and
has a very different structure®. Parts of the structure of this domain
from the basal body are accurately predicted by AlphaFold*’; however,
there wasasubstantial differencein the arrangement of two antiparallel
strandsrelative to the cryo-EM structure, as well as asmall differencein
the position of ahelix (Fig. 2a, compare the four-stranded sheetin the
AlphaFold modelinblue with the two-stranded sheetin the deposited
modelinbrown attheleft side, and compare positions of the blue and
brown helices in the center).

We used the flagellar basal body (7BGL) structure to test whether
iterative AlphaFold prediction and model rebuilding would be effective
inacasewhere AlphaFold was trained without any similar structures. In
thistest, fragments from amodel automatically built from the density
map wereincluded in model rebuilding, and multiple sequence align-
ments were only used in the first cycle of AlphaFold modeling. These
options were chosen to improve model rebuilding and to allow the
conformations of the rebuilt models to guide the AlphaFold prediction.
Figure 2ashowed that astandard AlphaFold predictionleads toamodel
that has some correct and some substantially incorrect parts. Note that
the deposited model in brown is missing residues 285-315, which are
notvisiblein the density map. These residues are modeled by AlphaFold
butarenotincludedin our comparisons. Iteration of AlphaFold mode-
ling withmodelrebuilding yields amodel that agrees more closely with
the deposited (7BGL) model (Fig. 2b) Thisiterative AlphaFold modelis
much more accurate than the original AlphaFold prediction (Fig. 2a)
onthe basis of r.m.s.d. between matching C, atoms (1.7 Aversus 4.7 A)
and by percentile-based spread, which de-emphasizes large discrepan-
cies? (0.3 Aversus 2.0 A).Itis similar to, but somewhat more accurate
than, theinitial rebuilt model (r.m.s.d. of 1.8 A, percentile-based spread
of 0.4 A). To check that the improvement in prediction with iteration
was not simply due to leaving out the multiple sequence alignment in
predictions after the first, we carried out AlphaFold modeling without
amultiple sequence alignment and without information from the map.
This resulted in a prediction that was quite different from that of the
deposited model (r.m.s.d. of 11.5 A, percentile-based spread of 11.2 A).
These observations show that the synergy initerative AlphaFold mod-
eling and model rebuilding using a density map can be obtained even
if AlphaFold is trained in the absence of any similar structures. Three
cycles of iteration were used in this example.

The flagellar basal body structure is a symmetric 26-mer (C26),
while the AlphaFold prediction in CASP-14 used a monomer, and we
also used the sequence ofamonomer inour analysis. It seemed possible
that some of the sequence covariation presentin the multiple sequence
alignment would be due to inter-subunit contacts, and that if we sup-
plied asequence corresponding toahomo-oligomer, AlphaFold might
be able to use this inter-subunit contact information to create amore
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Fig.3| Current automatic map interpretation tools work poorly with an
unclear map but can be improved upon by iterative AlphaFold prediction
and model rebuilding. a, Machine-learning method for automatic map
interpretation (DeepTracer®) applied to the SARS-Cov-2 structure shown in
Fig.1a. Deposited modelisin brown and DeepTracer modelisin blue.

b, Comparison of DeepTracer model with density map. c,d, Asinaand b except
model building carried out with the Phenix tool map_to_model and map_to_
model structure isin magenta’, The unoccupied density inband d that does not
correspond to the brown deposited modelinaand c corresponds to an antibody

heavy chain thatis part of this structure. e, Progress of automated model
building for structures shown in Fig. 1 using AlphaFold predictioniterated with
model rebuilding on the basis of a density map. The resolution of the map and the
PDBidentifier for each structure s listed. The vertical bars show the percentage
of C,atomsin the deposited structure that are within 3 A of any C,atomin the
corresponding model. The purple bars represents initial AlphaFold models,
superimposed on the deposited structure. The salmon, gray, yellow and red bars
represent therebuilt modelin cycles1,2,3 and 4 of iterative AlphaFold modeling
and rebuilding, respectively.

accurate model of each individual chain. We carried out predictions
with a trimer and a dodecamer of the 7BGL sequence and compared
one chain from each with the deposited model. The conformation of
each chain in predictions from the trimer were similar to that of the
predicted monomer in Fig. 2a and had an r.m.s.d. from the deposited
model of 3.8 A. Three of five dodecamer predictions had a conforma-
tion for each single chain that was more like the deposited model,
with anr.m.s.d. of superposed C, atoms for the top-scoring model of
3.0 A. For comparison, the iterative AlphaFold model in Fig. 2b has an
r.m.s.d. of 0.8 A. This indicates that the AlphaFold prediction could
be somewhatimproved in this case by modeling more than one chain.

Application to automated analysis of cryo-EM or
crystallographic maps

Animmediate application of iterative prediction and model rebuilding
is automatic analyses of cryo-EM or crystallographic density maps.
Though tools exist for this purpose, automatic map interpretation is
challenging, particularly when high-resolution maps are not available.
Forexample, Fig. 3a—-d show that automatically generated models cre-
ated by each of two automated tools'®** using the experimental density
map for the SARS-CoV-2 spike protein structureillustrated in Fig. 1 fail
to createamodel resembling the deposited structure. The automated
map interpretationmethodsinFig.3a,c are able to matchjust 60% and
24%, respectively, of C,atoms in the corresponding deposited model
within 3 A. A corresponding analysis using a cutoff of 2 A is shown in
Extended Data Fig. 1.

The output of the iterative AlphaFold modeling and map-based
rebuilding process described above is a predicted AlphaFold model
thatisalready positioned to match the density inamap. The predicted
model may still require some adjustmentindicated by the density map,
and such adjustment can be carried out by automatic refinement® or
rebuilding as described above. The resulting refined or rebuilt model
isanautomatically generated interpretation of the corresponding part
of the density map. Our procedure can therefore also be viewed as a
method to automatically interpret adensity map, incorporating infor-
mation from a density map into AlphaFold modelingin the process.

Figure 3e presentsresults from the same analysis of cryo-EM maps
as that shown in Fig. 1, this time from the perspective of automated
map interpretation. Asinareal case where the structureis not known,
each full density map is supplied without any trimming or masking.
The sequence of one chain to be interpreted in this map was used
to create a standard AlphaFold prediction. That predicted model is
automatically oriented to match the map, rebuilt to match the den-
sity in the map, and included in the next AlphaFold prediction. After
iteration, the last version of the model that was rebuilt to match the
map is the output of the procedure. This differs from Fig. 1in that the
final model is now no longer an AlphaFold model, but instead is an
AlphaFold model that has been adjusted to match the map. The pro-
gress of map interpretation for each of the 25 recent cryo-EM density
maps consideredinFig.1jisshowninFig.3e. Some of these structures
contain multiple copies of the same chain. In these cases, matching any
copy was allowed in this evaluation. Others contained multiple chains
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withsimilar sequences (for example, proteasome structures 7LSX and
7LS5, the antibody heavy and light chains in 7MJS, and the a3y his-
tonesin7LV9).Inthese cases, amatch was allowed to whichever chain
matched the location the automatic docking had chosen (the correct
location was actually picked in all cases except for 7LV9, a structure
at aresolution of 4.5 A). For each structure and density map, Fig. 3e
shows this percentage of matching C, atoms for the initial AlphaFold
model (superimposed onthe deposited chainwith secondary-structure
matching) and the four automatically docked and iteratively rebuilt
models. The structures are arranged on the basis of the resolutions of
the corresponding maps, with finer (higher) resolution onthe left and
coarser (lower) resolution on the right. The SARS-Cov-2 spike protein
structure’ shown in Fig. 1is labeled as 7MLZ in Fig. 3e; it can be seen
that the automated interpretation of this density map starts with 71%
of C,atomsin the deposited model matched by the rebuilt model and
improves with each cycle of rebuilding until the next-to-last cycle,
where 92% are matched, and no additional improvement is obtained
on the final cycle. Others that improve substantially include 7M7B
(improving from 59% to 77% matched), 7LX5 (75% to 91%), and 7LCI (73%
t0 95%). In 18 of 25 cases a model matching at least 95% of C, atoms in
the deposited structure within 3 A was obtained; this level of accuracy
was present in only 11 of the starting AlphaFold models. Two of the
cases (7LV9 and 7MSW) yielded very poor models (Fig. 3e). In each of
these cases, the initial AlphaFold model was predicted with very low
confidence. In the case of 7LV9, the pIDDT for only 5 of 97 residues
was above the threshold for a ‘good’ prediction of 0.7, for 7MSW this
portion was 86 of 635 residues. Overall, the accuracy of the 25 chains
examined improved from an average of 82% of C, atoms in the depos-
ited model matched of to an average of 91% after iterative modeling
and rebuilding.

We note thatin some casesimprovement occurs mostly in the first
cycle (for example, 7LCI, 7BMB), in others, several cycles of improve-
ment occur and then no further improvement is found (for example,
7EDA, 7LX5,7MLZ), and in others littleimprovement is obtained at all
or the quality even decreases (7KU7, 7M9C). Overall, the number of
cycles over which improvement occurs appears to vary considerably
and it may be useful to continueiteration until the changesin the model
aresmall. It seems possible that the variability may be due to failure of
our rebuilding tools to find the correct conformation of parts that need
rebuilding and thatimprovements or new methods of rebuilding may
improve the overall process considerably.

Discussion

As the procedures described here are not specific to AlphaFold, to
cryo-EM maps or to the Phenix** model rebuilding software used in
this work, we expect that the synergy of model prediction and model
rebuilding using a density map observed here will be general and that
similar results could be obtained using other model prediction and
model rebuilding approaches and using other types of density maps
such as those obtained in cryo-tomography or crystallography.

In the test cases described here, individual chains in a cryo-EM
structure have been predicted with AlphaFold, first without informa-
tion from the cryo-EM density map and then after iteratively incorpo-
rating information from that map. In many of the cases examined, the
AlphaFold prediction is improved by using templates derived from
the initial AlphaFold prediction and automatic rebuilding using the
density map. In practice, this entire procedure could be used as a first
step in structure determination, yielding a docked AlphaFold model
that can be more accurate than one predicted without the density
map. Once this docked predicted model is obtained it can then be
rebuilt manually®.

We did not use templates from the PDB to help guide the Alpha-
Fold predictions described here. Although including templates was
found (on average) to be of only minimal overall utility in improving
the accuracy of AlphaFold models' it seems likely that in at least some

cases including templates representing part or all of the structure to
be modeled could be very useful.

The examples described here range in resolution from 2.4 A to
4.5A, and we expect that the overall approach will apply most effec-
tively tostructures at resolutions of about 4.5 A or better because this
is the range of resolutions where model rebuilding is currently most
effective. As model-building tools improve, the low-resolution range
where the procedure is useful may be further extended. Additionally,
the low-resolution range may possibly be extended with existing tools
by only carrying out refinement and not attempting to rebuild parts of
the structure that do not match the density map.

Online content

Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41592-022-01645-6.
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Methods

Choice of maps and models

The 25 maps and corresponding models shown in Figs 1 and 3 were
choseninAugust 2021in away that wasintended toyield relatively rep-
resentative recent structures in the PDB. We selected the first protein
chainin the 25 mostrecently deposited unique cryo-EM structures at
the time with resolution of 4.5 A or better and containing between 100
and1,000residues. For this purpose, we considered two structures to
be duplicates ifthe first protein chains matched in sequence at alevel
of 99% identity or greater. We included one pair of similar structures
inthe 25 structures chosen (7MLZ and 7LX5). These differ in residues
at the ends of the chain and differ also in that the SARS-Cov-2 spike
protein (the chain analyzed) is bound to different antibodies in the
two structures. The PDB and EMDB accession numbers for these 25
structures are listed in Extended Data Table 1.

The choice of structure and map to test model creation using
AlphaFold trained without similar sequences in the PDB was made
by selecting the (one) structure in CASP-14 that was determined by
cryo-EM, classified asa ‘hard’ targetin CASP-14%, and for which experi-
mental datais available in the EMDB and PDB. This structure was PDB
entry 7BGL (ref.””), EMDB entry 12183. We chose domain 3 of chainain
this structure as AlphaFold performed poorly on this target in CASP-
14 (rank of 78) compared to most other targets (rank of 1 for all other
7BGL targets).

We note that the software was developed at the same time as the
analysis and used some of the samplesin the analysis in development.
Consequently, itis possible that even though the same code and param-
eters are used for all the work shown here there may be choices made
in parameters thatimproved results for these cases but that might not
improve them for acompletely new set of structures.

Map and model display
Figures were prepared with ChimeraX*v.1.2.5.

Map preparation

For the analyses shown in Figs 1and 3, the full maps corresponding to
eachstructure were used. The overall resolution-dependent sharpen-
ing or blurring of maps were automatically adjusted using the depos-
ited model with the Phenix toollocal_aniso_sharpen (without thelocal
sharpening feature but applying the anisotropic correction). For the
7BGL structurein Fig.2, the map was boxed so as toinclude the density
corresponding to the domain that was analyzed, but was not masked
(density corresponding to other chains was therefore present as well).

Overall procedure for iterative AlphaFold model generation
and model rebuilding using a density map

Thefirst cycle of ouriterative procedure consists of creating an Alpha-
Fold model using a Google Colab (https://colab.research.google.com/)
AlphaFold2 notebook, followed by downloading the resulting model
and automatically trimming, docking and rebuilding the model with
the density map and the Phenix tool dock_and_rebuild. Subsequent
cycles consisted of converting the rebuilt model to mmCIF format®,
uploading the model to the Colab notebook, generating a new Alpha-
Fold model using the rebuilt model as atemplate, and rebuilding asin
the first cycle. A total of four cycles were carried out. We considered
the last AlphaFold model obtained in this procedure to be the Alpha-
Fold model created with information from a density map, and the last
rebuilt model to be the overall final model produced by the procedure.

AlphaFold model generation

We used a slightly modified version of the ColabFold notebook® to
create models with AlphaFold. The principal difference from ColabFold
isthat this notebook can create models for agroup of sequences, each
with optional uploaded templates. This allowed us to analyze all the
structuresin Fig.1as agroup. Another differenceis that this notebook

allows any combination of use of templates supplied by the user and
chosen fromthe PDB and the optional use of multiple sequence align-
ments. The notebook s available at https://colab.research.google.com/
github/phenix-project/Colabs/blob/main/alphafold2/AlphaFold2.
ipynb. In the first cycle of AlphaFold model generation, no templates
were used and multiple sequence alignments were included. In sub-
sequent cycles, the rebuilt model from the previous cycle was used as
atemplate. For the examples in Fig. 1, multiple sequence alignments
were included in all cycles; for the 7bgl example in Fig. 2, they were
included onlyin thefirstcycle.

Automatic model trimming, docking and rebuilding

We used the Phenix** tool dock_and_rebuild to orient AlphaFold models
in a density map and rebuild them based on the map. This is accom-
plished in five overall steps: trimming and splitting into domains,
docking of individual domains, morphing the full AlphaFold model
to match the docked domains, creating rebuilt versions of the model,
and assembly of the best parts of the rebuilt versions of the model. All
these steps are carried out automatically with the dock_and_rebuild
tool thatin turn uses other Phenix tools to carry out individual steps.
Key parameters are noted in the text below; except as noted, default
values were used throughout this work.

Model trimming and splitting into compact domains

AlphaFold models are automatically trimmed and splitintodomains on
the basis of the coordinates of the AlphaFold model and on estimates
of confidence (pIDDT values') supplied by AlphaFold for each residue
inthestructure. The Phenix tool process_predicted_modelis used for
this purpose. Residues with pIDDT value less than 70 (the threshold
for a‘good’ prediction') are removed and the remaining residues are
groupedinto‘domains’ (up to three by default, controlled by the param-
eter ‘maximum_domains’) consisting of one or more parts of the chain
that contain a sufficient number of residues (ten residues, controlled
by the parameter ‘minimum_domain_length’) and form acompact unit.
Thisgrouping canbe carried out based on spatial proximity (default),
or on the basis of the predicted uncertainties in C,—C, distances. We
note thatincycles after the first, atemplateis supplied that derivesin
part from the previous AlphaFold model, resulting in systematically
higher pIDDT values. In this work we have not quantified this effect or
adjusted the threshold to account for it.

Domain dockinginto density
The compactgroups of residues (‘domains’) obtained by trimming the
AlphaFold model are aligned, one at a time, to the density map. Two
approaches are used. The first approach uses secondary-structure
matching (SSM) to dock the domain onto the map using the Phenix tool
superpose_and_morphwiththe setting ‘ssm_match_to_map = True’ (see
below for details of this tool). The second approach consists of adirect
correlation search between model-based density and the map using the
Phenixtooldock_in_map**. Normally these procedures are carried out
sequentially, and if the first yields a match with a map-model correla-
tion (CC_mask value using the Phenix tool map_model_cc) sufficiently
large (typically 0.3, controlled by the parameter ‘ssm_search_min_cc’)
the otheris skipped. Onthe hypothesis that the transformations for dif-
ferent domains may often be similar, the transformations for success-
fully docked domains are considered as possible transformations for
each additional domain. These methods typically yield a set of possible
placements of each domain in the map. If symmetry is automatically
detected in the map*, these placements also include all the possibili-
ties obtained by applying this symmetry to placements found directly.
Thefinal inclusion and placement of each domainis then chosen
by maximizing an empirical scoring function. The function includes
the fraction of domains that are placed and the map correlation for
each placement. It also includes a penalty for placing two domains
furtherapartthan canbespanned by the number of residues between
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those domains, and a penalty function for the number of C, atoms
in one domain overlapping with those in another domain within 3 A
(controlled by the parameter ‘overlap_ca_ca_distance’). The score
starts out at zero. If the map correlation for each domain is at least
0.15 (‘minimum_docking_cc’) the scoreis given large positive increases
(200 units) for each of the following that occur: (1) lowest map cor-
relation of all docked domains is greater than 0.5 (set with ‘accept-
able_docking_cc’); (2)if (1) occurs, and all placements also have similar
transformations (thatis, the docking was essentially arigid-body dock-
ing), where two transformations are similar if applying them toadomain
gives an r.m.s. difference in coordinates equal to the resolution of the
map orless; (3) alldomains are docked; (4) the fraction of residues that
overlap between domains is less than 0.1 (‘allowed_fraction_overlap-
ping’); and (5) no domains are further apart than canbe spanned by the
number of residues between those domains. If any domains are further
apart than can be spanned by the number of residues between those
domains plus twice the resolution plus 15 A (‘maximum_connectiv-
ity_deviation’), 200 units are subtracted from the score. The resulting
score is then adjusted with the following additions and subtractions:
(1) the lowest map correlation of all domains is added; (2) the average
map correlation is added; (3) the fraction of transformations that are
different from the first is subtracted; (4) the fraction of C, atoms that
overlap between domainsis subtracted; and (5) the sum of all deviations
in distances between domains, normalized to the sum of all allowed
distances between domains, is subtracted. This scoring function was
not optimized and does not contain weights except as described above.

Morphing and refining the full AlphaFold model to match the
map on the basis of docked domains

Once a set of domains is placed to match a map, the entire AlphaFold
model is morphed to superimpose on these domains as much as pos-
sible, while smoothly distorting along the chainbetween domains. We
use a shift-field approach to morphing®, creating a vector function that
varies smoothlyinspace. The shift (distortion) applied to a particular
atom in a model is the value of the shift field at the coordinates of
thatatom.

Thesshift field is calculated from a set of (shift coordinate, shift vec-
tor) pairs. There is one such pair for each C,atominadocked domain.
The value of the shift coordinate is the position of the corresponding
C, atom in the full AlphaFold model. The value of the shift vector is
the difference between the coordinate of the C, atom in the docked
model and the corresponding C, atom in the full AlphaFold model.
The shift field at any point in space is then the weighted average of
all the shift vectors, where the weights are the inverse exponential of
the normalized squared distance between that point in space and the
corresponding shift coordinate, and where the normalization is the
square of the shift-field distance, which has a typical value of 10 A (set
with the parameter ‘shift_field_distance’ and chosen to be a compro-
mise between maintaining the model geometry with along shift-field
distance and matching the docked domains closely withaashortone).
The coordinates of a morphed AlphaFold model are then calculated
from the initial coordinates and this shift field. This morphing has
the property that local distortions occur on a scale of about 10 A, the
shift-field distance. The docked, morphed AlphaFold modelis adjusted
to match the map using the refinement tool real_space_refine®.

Creating rebuilt models by replacing uncertain parts of the
docked, morphed and refined AlphaFold model

The parts of the docked, morphed and refined AlphaFold model that
have either (1) low confidence predictions from AlphaFold (typically
residues with pIDDT < 0.7 as above), or (2) low correlation with the
map, are then identified and used to specify segments of the model
that require rebuilding. The threshold defining low map correlation
is obtained with the following procedure. Density values in the map
at positions of all C, atoms are noted, the values in the lower half are

removed, and the mean and standard deviation of remaining (‘good’)
density values are noted. Low map correlation is defined as more
than three standard deviations below the mean (where the ratio of
threeis defined by the parameter ‘cc_sd_ratio’). Before applying these
thresholds, the pIDDT values and density values for each residue are
smoothed by averaging with awindow of ten residues along the chain
(defined by ‘minimum_domain_length’).

Then aseries of attempts to improve the fit of each poorly fitting
segment to the map are carried out. These attempts to improve the
fitinclude: (1) iterative resolution refinement, in which the model is
iteratively refined, initially at low resolution (6 A, controlled by the
parameter ‘iterative_refine start_resolution’), then progressingin1A
decrements until the resolution of the map is reached; (2) rebuilding
of loops, using the Phenix tool ‘fit_loops’; (3) retracing loops by find-
inga path through the density map that connects the ends of the loop
with a chain that follows the path with the highest minimum value'®;
(4) a combination of retracing part of the loop with superimposing
and splicing that part of the existing refined model that matches the
remainder of theloop; (5) iterative morphing; and (6) use of an external
model. The combination method addresses the situation where clear
density is present in the map for the beginning and end of aloop and
the remainder is unclear. In this case, the refined model for the residues
that cannot be modeled from density are simply grafted onto the resi-
dues that can be modeled, using a shift-field procedure as described
above tomorphthe refined model while superimposing three residues
oneachend. Theiterative morphing procedure was similar to one previ-
ously used to distort amodel to better match the density®?, but in the
current procedure morphing is carried out on six residues from each
endatatime (specified by ‘n_window’), thenthe remainder of the model
is superimposed on the 12 morphed residues, the window is shifted by
oneresidue fromeither end, and the processis repeated until the loop
ismorphed. In cases where an externally created model has been sup-
pliedtotherebuilding procedure, another attempt to rebuild eachloop
consisted of selecting a matching segment from the external model, if
suchasegmentwith the expected number of residues was present and
could be connected to the existing model with deviations at the ends
of 3.8 Aor less (defined by the parameter ‘ca_distance’). Each attempt
torebuild a part of the refined model yields a new candidate segment
of the model. All the candidate segments obtained with a particular
rebuilding method (for example, rebuilding loops) are used to replace
the corresponding segments in the refined model and the resulting full
model is refined on the basis of the density map. This overall process
thenyields several new full-length versions of the model.

Assembling the best parts of rebuilt models into a single final
model

The rebuilt and refined models are then used as hypotheses for the
structure to be built. In the preceding step, boundaries of regions need-
ing or not needing rebuilding were identified. In this step, each model
isbroken up into the corresponding segments. Then the best version
of each segment, chosen on the basis of their map correlation, is used
to create anew fullmodel. This modelis refined using the density map
to produce a single full-length final model.

Values of parameters

Default values were used for the parameters controlling model
rebuilding, with two exceptions. One exception was that for the 7BGL
structure' in Fig. 2, model building was aided by supplying a model
created by the Phenix tool map_to_model™ as a source of possible
fragments to use in rebuilding the structure. The reason this was nec-
essary was that without these fragments, model rebuilding with the
methods described below was incomplete for this structure despite
the very good resolution of 2.2 A, possibly because the AlphaFold
modelwas quite different from the actual structurein some places. The
other exception was that in cases where multiple chains with similar
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sequences (and therefore presumably similar structures) were present
inastructure, the secondary-structure-based docking procedure was
skipped and only adirect density correlation searchwas used (with the
Phenix tool dock_in_map). The rationale for this was that, as might be
expected, docking with a correlation search was more effective than
asecondary-structure searchat distinguishing the correct placement
from one superimposing on related but different chain.

In the first cycle of rebuilding for each model, the correspond-
ing AlphaFold model was supplied along with the full corresponding
density map and the resolution of the structure reported in the PDB.
In subsequent cycles, a new AlphaFold model was supplied as well as
the rebuilt model from the previous cycle.

Model superposition and comparisons

Models were superimposed using the Phenix tools superpose_
pdbs, superpose_and_morph and the Coot secondary-structure
matching tool”.

The superpose_pdbstool carries out least-squares superposition
of matching C,atomsidentified by alignment of the sequences of two
models. Note that in cases where the sequences of two models are
similar and the models differ largely by rigid-body movement of one
domainrelativeto another, this procedure canlead to a superposition
where neither domain superimposes closely.

The superpose_and_morph tool carries out SSM to superimpose
part or all of one model on another using reduced representations
of secondary-structure elements and indexing of these elements to
speed up comparisons and allowing matches that are non-sequential
in a procedure similar to that used in®. If the option ‘ssm_match_to_
map’ is used, the inputs are a model and a map. In this case the tool
find_helices_strands is used to find secondary-structure elements in
the map and to create a secondary-structure model containing these
secondary-structure elements. Thenthe model to be docked is super-
imposed onthe asecondary-structure model with amodified form of
SSM. In this SSM procedure, two secondary-structure elements from
the map (forexample, a helix and astrand) are paired with two matching
elements from the domain to be docked (for example, amatching helix
andstrand), thereby defining atransformation between the domainto
be dockedinthe map. Asthe precise alignment of secondary-structure
elements from the map and those from the domain to be docked is
not known, all possible alignments of the shorter of each pair of ele-
ments with the longer element are tested (for example, residues 1-10
of one helix might be paired with residues 1-10, 2-11, 3-12 and so on
from the other). All the C, atoms in each element from the map are
then associated with C, atoms in the corresponding element from
the domain, and a least-squares superposition is carried out. If these
C, atoms match (by default within 5 A, controlled by the parameter
‘match_distance_high’), the resulting transformation is applied to all
C,atoms in the domain and the map-model correlation of the result-
ing docked domain is calculated with the Phenix tool map_model_cc.
If the resulting correlation is above a minimum level (controlled by
the parameter ‘ok_brute_force_cc’ with a default value of 0.25), the
docked model is adjusted by rigid-body refinement to maximize this
correlation.

The Phenix chain_comparison tool was used to compare models
that were already superimposed. This tool counts the number of C,
atoms in a target model that are matched within 3 A by any C, atom
in the matching model. Allowing any C, atom in the matching model
to superimpose effectively ignores the connectivity of the chains,
but it is useful for evaluating whether a C, atom is placed in a posi-
tion where some C, atom belongs. The distance of 3 A is the default
value and is useful for ranking pairs of models that have more than
about 30% of C, atoms matching. It is less useful for ranking pairs
with lower similarity because two overlapping structures that are
completely unrelated will often have 20-30% of C, atoms matching
within3 A,

Map correlations

We used the Phenix tool map_model_cc to calculate correlations
between experimental density maps and model-based density maps
for PDB entry 7MLZ and resulting AlphaFold and rebuilt models. The
overall orientation and positions of AlphaFold models are arbitrary and
the values in the atomic displacement parameter field (B-values) are
pIDDT values. We superimposed these models on the corresponding
deposited structure before calculation of map correlations, keeping
all coordinates fixed at the values obtained by direct superposition. To
make a fair comparison with rebuilt and deposited models, we refined
the atomic displacement parameters for all the models to match the
map before calculation of map correlations. For the 7MLZ example
shown in Fig. 1, the refinement of B-values increased all the map cor-
relation values. Map correlation values for the deposited model, initial
superposed AlphaFold model (with B-values representing pIDDT),
initial rebuilt model and final AlphaFold model were 0.64, 0.26, 0.47
and 0.44, respectively. After B-value refinement these were 0.70, 0.41,
0.58and 0.57, respectively.

Reporting summary
Further information on research design is available in the Nature
Research Reporting Summary linked to this article.

Data availability

All data were taken from the PDB and the EMDB. PDB accession
codes: 7MBY, 7MEOQ, 7EV9, 7LS5, 7EDA, 7LCI, 7LVR, 7C2K, 7M7B,
7N8I, 7MJS, 7L1K, 7L6U, 7KU7, 7KZZ, 7LX5, 7BRM, 7LSX, 7LC6, 7MLZ,
7MSW, 7RB9, 7BXT, 7M9C and 7LV9. EMDB entries: 23750, 23786,
31325,23502,31062,23274,23541,30275, 23709, 24237,23883, 23110,
23208, 23035, 23093, 23566, 30160, 23508, 23269, 23914, 23970,
24400, 30237, 23723 and 23530. Source data are provided with
this paper.

Code availability

All code for the Phenix version of the AlphaFold2 Colab is freely
available from Github at https://github.com/phenix-project/Colabs
(see notes in this repository in Colabs/alphafold2/README_pro-
gramming_notes.dat). All code for Phenix is available at https://
phenix-online.org. The spreadsheets and ChimeraX (v.1.2.5) sessions
used to generate the figures in this paper, along with the maps and
models created for Figs. 1-3 are available at: https://phenix-online.
org/phenix_data.
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Extended Data Fig. 1| Analysis of automatic map interpretationin Fig.3 atomin the corresponding final rebuilt model. There is only one iteration shown
panel Eusing2 A cutoffinstead of 3 A.Figure asin Fig. 3 panel E, except the for 7Iv9 because after this cycle the predictions yielded no residues with pIDDT
value of the keyword max_dist was set to 2 A instead of 3 A. This then reports the above the threshold used for identification of reliable regions (0.7).

percentage of C,atoms in the deposited structure matched within2 Abya C,
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Extended Data Table 1| Structures and maps used

PDB ENTRY | EMDB RESOLUTION (A) | CHAIN MOST Percent | RMSD
ENTRY SIMILAR | matching | (A)

IN PDB

(at time of

deposition)
7mby 23750 2.44 B 6pt0 2 19.5
7me0 23786 248 A 7kOr 98 0.4
Tev9 31325 2.6 A lyew 100 0.5
71s5 23502 2.74 A 3gpt 99 0.4
7eda 31062 2.78 A 5xnl 4 21.6
7lci 23274 2.9 R 6lmk 7 4.1
Tlvr 23541 2.9 A 6b0i 100 1.0
7c2k 30275 2.93 A 7btf 98 1.0
7m7b 23709 2.95 A 7m3i 98 29
Tn8i 24237 3 L 6iw?2 3 2.6
7mjs 23883 3.03 H 6ukj 2 7.0
711k 23110 3.16 A 4kvo 2 14.6
716u 23208 3.3 A Shej 94 1.3
7ku7 23035 3.4 A 5ejk 91 1.7
Tkzz 23093 3.42 B Svrf 98 1.4
71x5 23566 3.44 B 7klh 2 5.7
7brm 30160 3.6 A 4uv3 92 0.7
7lsx 23508 3.61 A 6fvw 8 23.7
7lc6 23269 3.7 A 6hrb 1 10.2
Tmlz 23914 3.71 A 7lrs 2 15.5
Tmsw 23970 3.76 A 6cel 2 17.0
7tb9 24400 3.76 B 6upv 98 0.4
7bxt 30237 4.2 A 6mup 22 0.8
7m9c 23723 4.2 A 3udb 1 6.0
71v9 23530 4.5 B 5x0y 5 16.4

List of structures and maps used in Figs. 1and 3. The most similar entries at time of deposition were obtained using the RCSB PDB ‘Find similar proteins by 3D structure tool’ and choosing the
highest-scoring entry that was deposited earlier than the target structure. The percentage of residues matching and rmsd were obtained using the Phenix superpose_pdbs tool using only Ca
atoms from the target and noting the number of residues in the target, the number of superposed residues, and the final rmsd of matching Ca atoms.
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Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed
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The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No data collection software was used.

Data analysis Phenix software. Software, with documentation, instructions, test data, tests, example datasets, and tutorials is available at www.phenix-
online.org. Version No custom modifications were made for this study.
ChimeraX. Version 1.2.5 used for display of models and density maps.

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- Alist of figures that have associated raw data
- A description of any restrictions on data availability

All data were taken from the Protein Data Bank and the EM Data Bank

PDB accession codes:7mby 7me0 7ev9 7Is5 7eda 7Ici 7lvr 7c2k 7m7b 7n8i 7mjs 711k 716u 7ku7 7kzz 7Ix5 7brm 7Isx 71c6 7mlz 7msw 7rb9 7bxt 7m9c 7Iv9 (all directly
downloadable with links such as: https://files.rcsb.org/download/7mby.pdb

EMDB entries (maps): 23750 23786 31325 23502 31062 23274 23541 30275 23709 24237 23883 23110 23208 23035 23093 23566 30160 23508 23269 23914
23970 24400 30237 23723 23530 . All downloadable directly from the EMDB with links such as: https://ftp.ebi.ac.uk/pub/databases/emdb/structures/EMD-23750/
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size The 25 maps and corresponding models shown in Fig. 1 and 3 were chosen in Aug. 2021 in a way that was intended to yield relatively
representative recent structures in the PDB. We selected the first protein chain in the 25 most recently-deposited unique cryo-EM structures
at the time with resolution of 4.5 A or better and containing between 100 and 1000 residues. For this purpose, we considered two structures
to be duplicates if the first protein chains matched in sequence at a level of 99% identity or greater. We included one pair of similar structures
in the 25 structures chosen (7mlz and 7Ix5). These differ in residues at the ends of the chain and differ also in that the SARS Cov-2 spike
protein (the chain analyzed) is bound to different antibodies in the two structures. The PDB and EMDB accession numbers for these 25
structures are listed in Extended Data Table I.

The analysis of multiple structures (25) was carried out to demonstrate that the methods apply relatively generally to macromolecular cryo-
EM structures. The number of structures analyzed (25) was chosen to be large enough to test whether the methods are limited to one or a
few specific structures. The structures were chosen without regard to the contents of the structures (except to remove duplicates) to sample
a variety of molecules).

The choice of structure and map to test model creation using AlphaFold trained without similar sequences in the PDB was made by selecting
the (one) structure in CASP-14 that was determined by cryo-EM, classified as a “hard” target in CASP-1426, and for which experimental data is
available in the EMDB and PDB. This structure was PDB entry 7bgl20, EMDB entry 12183. We chose domain 3 of chain a in this structure as
AlphaFold performed poorly on this target in CASP-14 (rank of 78) compared to most other targets (rank of 1 for all other 7bgl targets).

Data exclusions  None
Replication Replication was not carried out as a direct repetition of our calculations would give the identical result.

Randomization  We did not carry out randomization because our sampling procedure (taking all the unique deposits within a time frame) provides an
unbiased sampling.

Blinding The work was not blinded. This is a limitation of the analysis. The software was developed at the same time as the analysis and used some of
the samples in the analysis in development. Consequently, it is possible that even though the same code and parameters are used for all the
work shown here there may be choices made in parameters that improved results for these cases but that might not improve them for a
completely new set of structures.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies [] chip-seq
Eukaryotic cell lines |:| Flow cytometry
Palaeontology and archaeology |:| MRI-based neuroimaging
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