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AlphaFold predictions are great hypotheses

AlphaFold models
can bee.




AlphaFold predictions and confidence estimates

Resid i AlphaFold Median Percentage wit
e_SI plemg el confidence | prediction error | error over 2A
confidence (pLDDT) (pLDDY (A)
identifies where errors 10
are more likely
22
33
77
b Distorted " ¢ ‘
~‘ | 'Y"' | \ \%‘A )\
LI
J R Qfg R
e SR v
o B9
20 R ey
J \f \ : }a

a f &?‘%)pé}/
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AlphaFold confidence measure
(pLDDT, Predicted difference distance test)
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AlphaFold prediction for

RNA helicase
(PDB entry 615I)

Oeffner et al. (2022). Acta Cryst. D78, 1303-1314



PAE matrix (predicted aligned error)

PAE matrix identifies
accurately-predicted domains
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Strategy for structure determination in th&lphaFoldera

( 1. Predict your structure ) 0D
2 A A

Design your experiment based on predicted models :
(choose experimental approach, consider trimming at domain,,

boundaries

( 2. Solve your structure (N > 4 l, 372(ILE)
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CryeEM or Xray MR with trimmed predicted model, S ‘
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_>( RunAlphaFoldwvith your best model as a

N
template T
lterate
[ 4. Improve your structure T
”

Use your new predictions as
( hypotheses

__




Using your best model as a templateAlphaFoldorediction

Working New
prediction




Improving AlphaFold prediction using partial models as templates
(Cryo-EM)

AlphaFoldgycle
A4
mj

Data from 7mjs, Cater, R.J., et al. (2021). Nature 59531b



Phenix AlphaFold prediction server

ALPHAFOLD

Avalilable from the Phenix GUI

Predicts structures of protein chains
(one at a time)

Can use a template to guide the prediction

You do not need an MSA (multiple sequence
alignment) if you supply a template

The template should not be an  AlphaFold model

Many thanks for AlphaFold, ColabFold scripts, and the MMseqs2
server for MSAs



Process predicted model

ALPHAFOLD
Convert pLDDT to B-value ™

Trim low-confidence parts of model

ldentify high-confidence domains

Compact high -confidence regions
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Phenix tools for structure determination with AlphaFold

PredictModel (Predict with AlphaFold) AlphaFold
models

ResolveCryoEM, LocalAnisoSharpen (map improvement)

EMPlacement, DockinMap (Docking of single, multiple chains) -

DockAndRebuild (Morphing and rebuilding)

RealSpaceRefine (Refinement)

Phaser-MR (Molecular replacement)

AutoBuild (Density modification and rebuilding) X-ray

Phenix.refine (Refinement)

! ! Full
PredictAndBuild (Prediction and structure determination)



LowpLDDTAIphafoldpredictions

(IMost of the time, AlphaFold predictions are high
confidence and easy to interpret

(IMost of the time,
phenix.process predicted modslall you need
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When automation struggles,
Use visualization

ebi.acuk

3D viewer
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[l Very high (pLDDT = 90} AlphaFold produces a per-residue model

High (90 > pLDDT > 70) confidence score (pLDDT) between 0 and 100.
Some regions below 50 pLDDT may be unstructured
Low (70 > pLDDT > 50) in isolation.

Very low (pLDDT < 50)
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PDB



https://alphafold.ebi.ac.uk/

Features to watch for

(UDHighpLDDT
(WUnpacked helices

(ILowpLDDT
WINONLINBRAOGA DS &0l NDSR g AN

(DPseudostructure regiorsimilar tosecondary
structure

(WINearpredictive packed regions



Unpacked higpLDDT

Homo sapiens
@ Uniprot P60228

AHighconfidence, protelFilke structure,
touchlng nothing

A Often helix
A Often wellseparated by PAE matrix

"/

A Conditionally folded in biological
multimer/complex

AMay have to truncate the constr ct for so //))
crystallization 4

M. Jannaschii

Uniprot Q58865 See: Alderson, T.R.NA (1 X OL $E OY 2 F NA O3 7 4ay, Jar® @023

Systematic identification of conditionally folded intrinsically disordered regions by AlphaF
Proceedings of the National Academy of Scieri¥44), e2304302120




AlphaFold predictions and confidence estimates
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do not replace experimental structure determination.” Nature Methods 21.1 (20241t 16.0



LowpLDDF Barbed wire

Lowconfidence AlphaFold predictions often
have wide colls like concertina wire



Barbed wire . 7

AExtreme density of geometry outliet* f
A(The protein is not actually drawn in this |

Image, just the validation markup) &
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AThis is a good thing!

AAlong withpLDDTthis clearly and
consistently marks regions where
AlphaFold has made no prediction
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errors



Pseudostructure

ASomewhat proteidike
conformations
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Zinc finger CCCH domaiantaining protein 13
Residues 7Q00

Homo sapiens

Uniprot Q57200



Pseudostructure ...,

conformation is still
Ramachandrategal

111

ALacks validation outliers!

Few or no Fbonds

Inconsistent heli
identification

AAlso lacks good hydrogen bonding

AMay have some information about
disorder(Signal peptides and

disorderto-disorder binding i

NEIA2Yy a0 X

AXbut the appearanceof structure Zinc finger CCCH domaiantaining protein 13

Aad LINRPolofte Fy da!L KIFft dzOAy | gesdss i

Homo sapiens

Uniprot Q5T200



Nearpredictive

Y ALowpLDDTbut . . .

AWellpacked
AProteinlike fold
AProteinlike local geometry

ASometimes, these traits indicate
a region with conditional folding,
and sometimes . . .

Homo sapiens
Uniprot P60228



Nearpredictive

Homo sapiens 6zon.pdb, chain E P60228Alphalkold
Uniprot P60228 prediction



Residue Count

pLDDIcomparison

Distribution of residue pLDDT for low-pLDDT prediction modes in AlphaFold2
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LowpLDD7Tcontains multiple behaviors
Proteinlike regions witlpLDDT4570 maystill be usable!
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Wholemodel statistics may be misleading

-|C1a5h5core, all atoms: ‘0.54 [ |D'5 4 I
_|C1a5h5core is the number of serious steric overlaps (= 0.4 A) per 1000 atoms. per 1000 atoms.

[Poor rotamers 27 B12% [ [7 [1.34% [
[Favored rotamers 791 [01.55% [ 509 [97.32% I
|Ramachandran outliers 133 [13.91% | [4 0.75% [
|Ramachandran favored 1702 [73.43% [ [505 l94.22% |
|Ranla distribution Z-score |—3_50 +024 [ |_0_?5 1033 I
|M01Probity score’ ‘]..B? [ |1_1? I
|CB deviations =0.25A 72 [7.97% [ 7 128% |
e T e—— s ——
| ac angles: : — [30/6407 [047% |
[Cis Prolines: [3/28 [10.71% [ J =

[Cis nonProlines- 30/929 [323% [ 0/18 10.00% |
|Twisted Peptides: 1527957 [15.88% [ |1/554 0-18% |
T - 5 6 [12% [
[CaBLAM outliers 149 [15 6% [

[CA Geometry outliers 144 [15.09% [ |1 10-20% |
-|Tetrahedral geometry outliers |10 [ |0"f?'0? I

Barbed wire present, validation says Barbed wire removed, validation says
GLINPOIlF of & dzydzal 6f S¢ & SSRA 62 NJ ¢



LowpLDDTool in Phenix

ABarbed wire analysis combines:
ApLDDTcore
APacking quality

A lgnores contacts within secondary structure
A Ignores sequenctcal contacts

ADensity of barbed wirdike validation problems

Aphenix.barbed wire analysis

Aphenix.barbed wire analysis output.type  =kin
AColored ballkinemagemarkup

Aphenix.barbed_wire_analysis
output.type  =selection file
APDBRBformat file of just the Predictive and Nepredictive parts of the input



LowpLDD kinemagemarkup

APredictive (blue)
AUnpacked higipLDDTgray)
ANearpredictive (green)
APseudostructure (gold)
ABarbed wire (hot pink)

AThis markup only available in
KINGkinemageformat for now.



What about AlphaFold3?

AThis presentation concerns AImprovespLDDTaccuracy for
AlphaFold2 76 y S'-H 2NORSRE NB3IAZ2Y

a (This hasnore blug
AAlphaFold3 has now been

released

A Abramson, J., Adler, Dunger J.et al. Accurate
structure prediction of biomolecular interactions
with AlphaFold 3Nature630, 493;500 (2024).

https://doi.org/10.1038/s41586024-0748 Fw AAF3 iS not yet available in a form
we can use for iterative
AOffers centralized support for prediction
predicting ligands, multimers,
modified residues, etc.

AStay tuned for developments


https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1038/s41586-024-07487-w
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X-ray structure determination with AlphaFold

Sequence file m.:nnrnl.n

1 Predict structure

Trim, identify domains

X-ray Intensity data
(mtz file) High-confidence domains

\ Molecular replacement /

Working structure and map

N
‘ Density modification and autobuilding T
Rebuilt model and optimized map T lterate

‘ Predict using rebuilt chains as templates

Updated predictions



Cryo-EM structure determination with AlphaFold

Half-maps (optional
processed map)

Sequence file m.:nnml.n

Predict structure
or

Density modification
1 Anisotropic sharpening

Trim, identify domains

Optimized map High-confidence domains

\ Dock domains in map /

Docked domains

‘ Morph full prediction onto domains and rebuild T
: lterate
Rebuilt model T

‘ Predict using rebuilt chains as templates

Updated predictions



Input and output from structure determination with AlphaFold

Contents of asymmetric unit (sequence file)

Rebuilt model Docked predicted models
Optimized map

Map and model ready Useful as high-quality
for next steps reference models



Improving AlphaFold prediction using partial models as templates
(X-ray crystallography)

AF predictions cycle 1 (green), cycle 2 (blue)



