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Crank2

* goftware for automated structure solution:
anomalous data — model.

* requires minimal input, but is highly

configurab
* user friend

e.
y graphical pipelines incorporating

our latest d

evelopments in substructure

detection, phasing, density modification and
model building & refinement as well as plugins
to externally developed programs.



Crank?2

- Several pipelines:
— SAD pipeline using a multivariate SAD
function in all steps

— MR-SAD pipeline (for SAD after MR
and for model rebuilding using anom.
data)

— SIRAS/MAD pipelines
— SHELX pipeline via Crank?2



Availlability - interfaces:

ccp4di2 (from CCP 7.1):.
— CRANK?2 for SAD,MR-SAD,SIRAS,MAD

CCP4 Cloud (jsCoFe):
| — CRANK2 for SAD,MR-SAD,SIRAS,MAD

CP4 Online:
— CRANK?2 for SAD,SIRAS ,MAD

)41 (CCP4 7.1):
— CRANKZ2 for SAD and MR-SAD

_— CRANK for SIRAS, MAD
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F, estimation

Substructure detection methods need to first
estimate “F,” or “substructure factor amplitude”

Improving the estimates can improve hit rates
of substructure detection and solve things that
could not be otherwise solved.

The simplest estimation of F, for SAD data is
A= = | |l L

E values: normalized F, values

Large observation/param. ratio: data exclusion

Available programs in Crank2: SHELXC,
AFRO, ECALC



. R O: Multivariate SAD equation

- Giacovazzo previously proposed multivariate F,
estimation assuming Friedel phases are equal.

_ * An equation can be obtained without the equal phase
assumption requiring only one numerical integration.

e The multivariate F, calculation may improve

substructures determination rate over AF (promising
preliminary results)

* Currently in heavy development with Navraj S. Pannu
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Determination of
anomalous scatterers

e A crucial step in structure solution from anom.
data

* Usual methods (eg SHELXD, HySS):

— Direct methods: obtain/optimize phases
using triplet relationship, tangent
formula

- Patterson methods: obtain positions of
anomalous scatterers from Patterson
function (or use it for seeding)

— Space recycling: apply direct methods in
reciprocal space and density
modification in real space



Phase retrieval methods

Gfoup of algorithms attempting to solve
general phase retrieval problem

Routinely used to solve phase problem eg
In astronomy

Space recycling: iterative application of
operations in the reciprocal space and the
crystal space

Do not make any use of direct / Patterson
methods

The operations in the reciprocal space
alone or in the real space alone are
principally NOT able to solve the phase
problem



- A new program for substructure
detection

Phase Retrieval for Anomalously Scattering Atoms

C++ program built using the CCP4 Clipper libraries,
iIntegrated in CRANK2

charge flipping and RAAR phase retrieval algorithms
automatic multiple high resolution cutoffs

Input of number of substructure atoms not needed
(RAAR only)

parallelized (openMP)
beta stage, released and stable, not default yet



s:ve testing results

| structure solution with Crank2+PRASA
>0 SAD datasets using charge flipping and

Success of substructure determination
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Example:
Novel SAD data solved by
PRASA

difficult SAD data (5VRQ) from the McGill lab
/ Quebec, Canada by Juliana Munoz

3.2A dataset collected at the APS/CCP4
School workshop

All structure solution attempts at the APS
School failed

PRASA was able to obtain a substructure
solution and a highly complete protein model
has been eventually built by several
iterations of Crank2 combined model
building (Rfree=33)



Important parameters In
substructure detection

* The number of trial cycles to run.

* The number of atoms to search for (SHELXD)
— Should be within ~20% of the actual number
— First guess: Estimate per monomer and multiply

* The high resolution cut-off:

— For MAD, a good guess comes from anomalous
difference correlation.

— For SAD, a first guess is high resolution limit +
0.5A; If unmerged data are available, a better
guess might be derived from CCanom1/2

— Several jobs with differing values may be needed



- Substructure determination
- 4 validation
~ * Usually either a highly complete solution is found
or the solution Is incorrect

- Indicators of a correct solution:
- CFOM > 75 for SHELXD (120 for MAD)

- CLD*FOM*CC > 35 for PRASA

(conservative criteria for a solution unless
anom. resolution is very low - half or even
less may be still a solution)



I don’t want to remember
all those values!

Substructure determination

Programs used:

SHELXD, mtzMADmod

Graph Data o0 — ; T ; s
v Correlation coefficients
Distribution _ from trials g 1
CCweak and CC vs trial
» Estimated atom occupancies
= 30+
=
2,
Q
O 20l
10 1.
ol | |
0 5 10 B 20 25 30
~ Print cCweak [x100]

| Stop:
Specified score threshold (75.0) reached.n

| Result:
Judging from the obtained scores, the substructure is likely to be correctly determined.

Maximum CFDM": 80.9 occurring at Trial 16.
The substructure has 11 atoms with occupancy of at least 25%, 17 in total.
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bstructure refinement and
phasing

* Refinement of the substructure parameters
and error parameters

* The refined parameters are used for initial
estimation of phases

. Available programs in Crank2:
REFMACS, BP3



Substructure refinement and phasing
by BP3 and Refmac

» Can be used for SAD, SIRAS, MAD (BP3 only)
* Using multivariate SAD/SIRAS phasing function

» Qutputs the estimates of “best” initial phases
PHIB and their reliability FOM and four
Hendrickson-Lattman (HL) coefficients
“‘encoding” the phase distribution (all in the
output MTZ file)



lultivariate distribution for a SAD
experiment

e |nclude effect of model and measurement
errors and correlation between observed and

calculated Friedel pairs.

* Required multivariate joint probabillity
distribution

BEE | L on R

* The function can be further extended for
phase combination and refinement in density
modification and model building stages
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e After we have initial phases:
o Density modification

Improvmg phases of the initial map by
Incorporation of prior information about protein
map features into it

Space recycling with phase combination

Avallable programs in Crank2:
— Parrot

- Solomon
- SHELXE
In case of SAD or SIRAS, Parrot and Solomon

can use external multivariate combination with
pias reduction by MULTICOMB or REFMAC



Density modification
principles

* |dea: apply prior information about protein
electron density maps to the experimental map

* Solvent flatness prior: the density in solvent
regions is close to constant — solvent flattening

* Histogram similarity prior: the histograms of
protein density maps are similar — histogram
matching

* NCS prior: the density in NCS related regions
should be very similar - NCS averaging



Density modification
procedure

FOURIER TRANSF.

EXPERIMENTAL
|F|, PHASE

DENSITY

FOURIER TRANSF. ODIF.

COMBINED COMBINED
IF|, PHASE

MODIFIED
|F|, PHASE MODIFIED MAP

INV. FOURIER TRANSF.



Multlvarlate phase combination for
density modification

_Dé‘nsity modification procedures usually
neglect the correlation between the original
map and the density modified map

Our approach: multivariate SAD-DM
probability distribution

Py (F % |FH:CPH:FH:CPH:FDM>CPDM)

Advantages: no independence assumption,
dynamic construction of phase probabilities
rather than static HL.

Implementation: MULTICOMB, REFMAC



parison of univariate vs.
Iltivariate (SAD-DM) function

Map correlation after density modification
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e Estimated <FOM> is
much larger than
<cos(ph.error)>

 Reason: the phase
guality Is estimated
from fit between the
observations and the
model - which was
constructed from the
observations




Solution for SAD-DM:
p-correction

* Estimate overall bias parameter f:

- run 4-5 DM cycles with 'free' set of reflections
set aside and comparing the correlation
between F, and F. in free and working set

* Run standard DM using p (and all reflections):

- P Is applied to the correlation term betwen F,
and F. in the covariance matrix

e B Is~1in case of no bias and can reach 0.2-
0.3 In case of very strong bias



phase error after DM with/
without bias reduction

OM vs CPEM after SAD-DM without BR FOM vs CPEM after SAD-DM with BR
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Map correlation after DM
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arrot+MLHL with bias reduction

SADDM

Map correlation after DM
with/without bias reduction

Map correlation after DM
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~Automatic hand determination

The hand is not known - either the found
substructure or Its inverse IS correct

Safe (albeit slower) approach: try building with both
hands

Crank2 attempts to choose the hand before building,
assuming that a correctly handed substructure
provides a better map

Criteria used: combination of CLD of the map after
phasing with FOM after “quick” density modification

The latest version of Crank2 continues with both
hands if distinction between the scores of hands is
small



How are we doing?

‘Statistics from substructure phasing:
— FOM (>0.3 usually a solution, <0.15 usually not)

— CLD (or skewness) of the map - outputted by
MAPRO utility (difference>2 usually a solution)

Statistics from density modification:
— FOM (>0.5 usually a solution, <0.35 usually not -
only useful if bias reduction was employed!)

Statistics from hand determination:
— Distinction In score between the hands

Does it look like a protein? (visualization)



- Further improving the map

* Adjusting solvent content can improve the map
after density modification. (Since the number of
monomers Is generally not known beforehand,
neither Is the solvent content.)

* Try to determine NCS — sometimes the
automatic NCS detection in Parrot does not
succeed

* Try to find additional anom. scatterers or remove
likely wrong atoms (the automatic peak picking
and removal thresholds in Crank2 are
conservative)
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Automatic model building

allable programs in Crank?2:
— Buccaneer
— ARP/WARP
- SHELXE

In the Crank2 pipelines, model building Is
ither iterated with model refinement by
efmac or more complicated algorithms are



Combined (SAD only)
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probability distributions
for SAD

- P,(F,,F, | Fy,0n, Fy,0x)

o :_ Phase combination (2010):
| PDM(FZ:F;)|F;I:CP;I:F}-I,CP;I)FDM:CPDM)

| efinement (2005):
_ Pref(F:)r’F;) | F;’(p;’FP’(p-P)

oined (2013):
omb(F:)r:F;) | F;:(p;,F-P,(pED:FDM:(pDM)



ding results on almost 150
real SAD data sets

Fraction of model correctly built

" Current =
methods
sufficient

Pushing the limits

f— Pt —

combined algorithm
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~ 12-subunit RNA polymerase I

3 8A resolutlon dataset with anomalous signal
from eight intrinsic zinc ions

(Meyer P.A. et al., J.Biol. Chem., 2009)
~4000 residues In the asym. unit; no NCS

Originally solved by a partial model MR
followed by multi-crystal MAD phasing, MR-
MAD phase combination and manual iterative
model building

The combined approach in CRANK2 can build
~70% of the protein backbone automatically
from a single SAD dataset only, with R-free of
37.5
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SAD after MR (MR-SAD)

. If initial phases are from MR but also
‘significant anomalous information is
available, it can improve the model building

* Basic steps:

- Anomalous substructure completion

- Model building using the “combined”
algorithm

* Two approaches:

- Rebuild from the MR phases and combine
with SAD phases (MR-SAD rebuilding)

- Rebuild from the SAD map obtained from the
(completed) MR substructure



MR-SAD pipelines In
/ MR model/ Crankz

Iterative refinement &

substr. improvement

/ MR based // Reflned // Improved \AII
denS|ty MR model substructur

/ xperimental phasing

density modification

| N | |
\ % 4 v Il
Combined model Il “Experimental’
g < — —
building / density /
|
\i
Model, “BesV
density

| = MR-SAD rebuilding pipeline
Il = SAD-only pipeline (from the MR anom. substructure)



Low resolution MR-SAD
examples

Rfree
INnit. MR ref.|SAD-only| MR-SAD

51.2 32.6 29.8
53.7 51.4 35.8
48.6 39.1 38.4
47.5 39.0 40.9
51.8 39.9 39.6
56.8 40.8 39.8

(Skubak et al, IUCrJ, 2018)



MR-SAD / SAD-only
In ccp4di2

Job 1874 Automated structure solution - CRANKZ2 phasing and building

Input | Results | Comments |

Input Data | Important Options ] Advanced Cptions ]

|ob title [CRANKZ MR-540

. Use data from job [No ¥ | asinput below

Start pipeline with [Substruct. improvemer ¥ ] and end with [Model building = l

_» Input partial model (MR-SAD, model rebuilding) ¥
Atomic model [..is not used =

Start from anomalous substructure only - remove all non-substructure atoms |

Input protein sequence b

D Crystal content[..is not used B [}]

Input starting phases L

Crystal #1 composition and collected anomalous dataset(s)

Substructure atom: Mumber of substr. atoms in asymmetric unit: C]

Substructure Atomic model [..is rnot used = H;

Anomalous data (Friedel pairs) Input unmerged/merged SCAXDS/SHELX formal |

l Reflections [..is not used

Anomalous scatter. coef £ [ ] " [

] wavelength: :] -
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Parallel combined
model building

ing parametrization, and in each iteration pick the
nest result(s) or merge (denoted by the blue color)

i Anomalous /

Combined experimental

phasing, phase combination
and model refinement

/ QO

/ Modffled / / Model,. Best/ Model /
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Parallel model building
example:

e Difficult 3.2A SAD data (5VRQ) from the McGill
lab / Quebec, Canada by Juliana Munoz, collected
at the APS/CCP4 School workshop

* Eventually, the structure was solved by manually
running a large number of Crank2 jobs (~30) in 6
steps, where each step consisted of ~5 different
jobs run in parallel:

Rfree 51% ->49% -47% ->40% ->37% ->33%

* The currentimplementation of parallel
parameter perturbation model building can
provide an Rfree of 36-41% within a single job
(depending on the number of parallel processes)



allel model building output

~ Combined model building

Programs used:
Farrot, REFMACS, Buccaneer

0.75 1 .
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Conclusions, remarks

CRANK?2 aims to:

— push the anomalous signal and resolution
limits for automatic structure solution

— provide as good models as possible - by
default, better rather than fastest methods

f structure is not automatically built (or only
partially built), first try to determine which step
nas failed (or can be improved): CRANK?2
attempts to make re-running steps easy.
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