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Aim

Is there predictive power in crystallographic metrics (multiplicity,
completeness, different R values, high and low resolution limit)

If yes, are they useful for anything
If yes then:

Create a set of tools using machine learning to help
users/crystallographers to solve their protein structures.

During data collection, e.g. giving recommendations

—==During data analysis, e.g. data reduction and phasing
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Why machine learning and artificial intelligence

close to 158,000 structures

Number of Structures Released Annually Il Total Number Available

Problems
Inconsistent
crystallographic
metrics across the
PDB
? oo Most diffraction
data not public
o0 | IIII Connection
—T
FEELEFIFF ST L F SIS :c;e:ns FFFFELFFE ST 0 data and deposited
structure
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Training data and METRIX database

Data sources

JCSG
SGC

- 507 struc
- 303 str

Phasing method:
S/IMAD > 446
Native - 364

Resolution range:
1.05 — 3.8A

Detector type:
CCD, PAD

X-Ray source:
.Synchrotron, in-house

Protein:
_\ |
\

100kDa
\
\

https://githubzcom/ccp4/metrix-#
' ]
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SQLite 3

tabase

XIA2 using DIALS for intensity
integration and AIMLESS for data
reduction
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Training data and METRIX database
METRIX content and schema

" stats
db_id_id
TFZ ep_stats

Phasing

anomalies_sta LLG pdb_id_id

pdb_id_id PAK phasing_sg

twinning mr_reso solvent_content Xia2_sweeps
ice_rings mr_sg number_sites sweep_id
streaky_spots RMSD cc_orignial pdb_id_id

overlapping_spofs = VRMS cc_inverse wavelength .
anisotropy eLLG cc_all D t
s cc_weak dla processing

model_pdb cfom

uction_highres’ xia2_datareduction_lowres “xia2_datareduction_overall
sweep_id sweep_id

anomalousCC anomalousCC

p_id
anomalousCC

loverSigma loverSigma loverSigma
completeness completeness completeness
diffl diffl diffl

Rmergel Rmergel Rmergel

e |0VYI‘€S|ImIt Ionresllmlt |OV\(FeS|IMIt xia2_experiment

ceII_aI ha Rpiml Rpim) Rpim| swee_ id
pdb._i cell_bepta multiplicity multiplicity multiplicity oscillpr_an = xia2_experiment
n = Rmeasdiffl Rmeasdiffl Rmeasdiffl = 9e_deg pdb_id_id
id cell_gamma oscill_step_deg ———

- anomalousslope anomalousslope anomalousslope = xia2_version
pdb_id likely_sg - - - exposure_time_sec . -
data_t xia2_cell_volume| (o diffF difff first image dials_version

_tYP == wilsonbfactor wilsonbfactor wilsonbfactor = 9 ccp4_version
last_image =

Rmeasl Rmeasl| Rmeasl| tran_smission
highreslimit highreslimit highreslimit
Rpimdiffl Rpimdiffl Rpimdiffl

No sites anomalousmulti anomalousmulti anomalousmulti

X raC e r Rmergediffl Rmergediffl Rmergediffl
No_atom_asu

talobservations

cchalf

totalunique

totalobservations
anomalouscompl
cchalf
totalunique

totalobservations
anomalouscompl
cchalf

totalunique

pdb_id_c pdb_id_refinement_overall

pdb_id_experiment pdb_id_protein

d| = = db_id_id
¢ Ivent_ content pdb_id_id pdb_id_id :)eﬂe_ctﬂ)ns
= pdb_id_datareduction_overall synchrotron uniprot_id_protl - —
matth_coeff = o highreslimit
= pdb_id_id radiation_source startres_protl - A
space_group - . lowreslimt pdb_id_software
totalunique beamline endres_protl ==
cell_a - e e completeness pdb_id_id s§quence_stats
= highreslimit detector_type uniprot_id_prot2 == =
cell_b — = == rwork integration_software id_id
= lowreslimit detector_model startres_prot2 2 = = -
cell_c = = rfree scaling_software Ng'_atom_chain
= completeness detector_manufacturer endres_prot2 o — = =
cell_alpha —— = —— rfree_size_per phasing_software \W_chain
= multiplicity wavelength_1 uniprot_id_prot3 — . = = -
cell_beta = == wilsonb refinement_software No_sites_chain
= rmerge wavelength_2 startres_prot3 N = = =
= = meanb refinement_software.
rsym wavelength_3 endres_prot3 fofc cc =
ioversigma wavelength_4 uniprot_id_prot4 =
= == fofc_cc_free
wavelength_5 startres_prot4 ==
het_atoms = = no_ncs

temp_K endres_prot4

sol_atoms no tl

https://githut;z(:om/ccp4/metrixl ‘tabase
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https://github«co m/ccp4/metrix_r

Experimental phasing success

Pre-assessment and classifiers tried

Pre-assessment tried
sLinear Pearson’s correlation coefficients
*Recursive feature elimination

Classifiers tried

*Support vector machine with linear kernel
*Support vector machine with RBF kernel
*Decision tree

*Decision tree with Bagging

*Decision tree with AdaBoost

«Random forest

*Extreme random forest

Wples; stratified test-train split (20/80)
3-fold cross-validation (20/80 split)

—

Combined results to identify
most important decision making

= features;

Then retrain all classifiers and
assess their performance;
Python 3.x

diamond

@ (0P



Experimental phasing success

Important decision making features
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Experimental phasing success

Classifier assessment and performance Decision | Perfect
tree with | classifier
Decision tree classifier Perfect classifier AdaBoost
with AdaBoost
a
ACC (%) 95 100
-80 -80
Class Error (%) 5 0
60 60
S Sensitivity (%) 96 100
[ 40 40
e o
2 2 Specificity (%) 94 100
o 1‘ 0 FPR (%) 6 0
Predicted Predicted Precision (%) 97 100
d d
ACC (%)10094 ACC (%)1009, F1 score (%) 96 100
rror (%) ROC AUC (%) 99 100
TP test set 90 94
Seniitivity
%) TN test set 44 47
FP test set 3 0
Precision (%) Specificity (%) Precision (%) Specificity (%)
FN test set 4 0
FPR (%) FPR (%)

1B
\

https://githubicom/ccpd/metrix.
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Experimental phasing success

Predictions for new user data

Decision tree classifier
with AdaBoost

True

Predicted

ACC (%) 100%

Precision (%) Specificity (%)

FPR (%)

Probabilit‘yy cut-off for cla

https://github,éom/ccp4/metrix\

Predictions new user

data

Predicted

ROC AUL (%)

F1 score (%

Precision (%)

: 80%

1

ACC (%) 1009%

FPR (%)

Specificity (%)

Decision | New user

tree with | data

AdaBoost
ACC (%) 95 79
Class Error (%) 5 21
Sensitivity (%) 96 64
Specificity (%) 94 92
FPR (%) 6 8
Precision (%) 97 88
F1 score (%) 96 74
ROC AUC (%) 99 75
TP test set 90 7
TN test set 44 12
FP test set 3 1
FN test set 4 4

COPd
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https://github«co m/ccp4/metrix_r

Molecular replacement success

Pre-assessment and classifiers tried

Pre-assessment tried
sLinear Pearson’s correlation coefficients
*Recursive feature elimination

Classifiers tried

*Support vector machine with linear kernel
*Support vector machine with RBF kernel
*Decision tree

*Decision tree with Bagging

*Decision tree with AdaBoost

«Random forest

*Extreme random forest

meles; stratfﬁec\_i test-train split (20/80)
3-fold cross-validation (20/80 split)

—

Combined results to identify
most important decision making

= features;

Then retrain all classifiers and
assess their performance;
Python 3.x
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Molecular replacement success
Important decision making features
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Molecular replacement success

Classifier assessment and performance Decision | Perfect
tree with | classifier
ACC (%) 10004 AdaBoost
-125
ROC AUCA? rror (%)
o O TR -100 40 ACC (%) 96 100
& 20
2 3 75 F1scord serekviy | Class Error (%) 4 0
T
g 20 V Sensitivity (%) 93 100
— —
& 25 Precision. (%) Specificity (%) Specificity (%) 97 100
FPR (%)
0 1 ° FPR (%) 3 0
Predicted
a b Precision (%) 94 100
-125 ACC (£)100% F1 score (%) 93 100
ROC AUCHS rror (%)
o-  1.3e+02 100 60 ROC AUC (%) 99 100
; ?35 g 75 . cer i/ti)vity TP test set 64 69
—a = %
3 50 TN test set 131 135
2 - 2
ﬁ > Precision Specificity (%) FP test set 4 0
0 1 0 FPR (%) FN test set 5 0

Predicted

C d
https://githubicom/ccpd/metrix. P4 dlamOﬂd




Map traceability

"Good” vs “bad” map PDB entry: 4DNK

solvent flattening solvent flattening no solvent flattening
backbone tracing no backbone tracing no backbone tracing
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o4

“good”

https://githug.eéom/DiamondLig
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Map traceability
cNN

* Training: 400 maps or 200
original/inverse pairs; 60 slices (20
for each axes); 24,000 images in
total; standard volume 200A3; 5
runs cross-validation 20/80 split

2D 200x200x16

2D 100x100x61  Testing: 22 maps or 11

original/inverse pairs (~5% of total
data); 60 slices (20 for each axes);
1320 images in total; standard
volume 200A3

* Python 3.x

diamond



Map traceability

cNN assessment and performance

Train: traced
Test: traced

Train: traced
Test: solvent

flattened, no
build
ACC (%) 96 63
Class Error
(%) 4 37
Sensitivity (%) 94 67
Specificity (%) 98 58
FPR (%) 2 42
Precision (%) 98 62
et 621 442
TN test set 2 648 385
. —
FP tostSet,, 275
NS
FN test set 39 \ 218

https://githugéom/DiamondLi; ‘ource/python-topaz3

| |

solvent flattening
no backbone tracing

K

no solvent flattening
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no backbone t
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Future plans

* Molecular replacement or experimental phasing success

—Feedback through Synchweb/ISPyB
—Include other software

« Map traceability
—Applying filters such as Gaussian, mean and median; data augmentation

—deep cNN for image denoising (Deep Image Prior, Ulyanov, D., Vedaldi,A.,
Lempitsky, V., https://arxiv.org/abs/1711.10925)

—ResNet and others
—From 2D to 3D

 On the side

—General integration into and querying from Synchweb/ISPyB
—Integration into CCP4 or some of its individual programs
—Expanding crystallographic data analysis framework
—Expanding METRIX, including public access
=Point/space group classifier
—Addsether bioinformatics prediction tools
@@@Pé}] diamond




Future plan

Sy NC h we b/l S Py B Crystal assessment

Data collection strategy

METRIX_DB
Data collection
Molecular replacement Data reduction
or experimental
phasing
METRIX_ML

High chances of Low chances of
success success

Prediction

$CCPA  dmon
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