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SPA Image analysis

Particle Particle
identification extraction
Data . Frame . - | Sort
collection alignment CTF CTF correction particles
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Workflow in cryoSPARC

Lot

o 0 s



Movie frame alighment

UCSF MotionCor2

Unblurr
Warp

cryoSPARC

Campbell et al., 2012

Unaligned micrographs and power spectrum
Aligned micrographs and power spectrum

A/C

B/D



CTF Estimation

 ACE

 CTFFIND4

e Sparx/EMAN

 GCTF

* Warp

* CryoSPARC (patch method)
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Particle Picking

Manual — Blob — Template — Neural network
FindEM
DoG Picker
Gautomatch
Topaz
Warp
DeepPicker
DeepEM
crYOLO
PIXER
DRPnet
DeepCryoPicker
AutoCryoPicker
Start with provided model, get 2D classes, and retrain




2% CryoSPARC

Event Log
© Total: 12,299

Exposure Plot

P105 Harris's Project

Q Interactive

@ Accepted: 7,165

Inputs and Parameters

© Rejected: 5,134

Curation (cryoSPARC

W93 Valentin's 10853 Refmotion J2633 Manually Curate Exposures

Outputs Metadata

Wl Thresholds: 1
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Micrographs O Filtar | All v [+ =]
Index Avg Inten. DF Avg Astig Phase CTF Fit CTF CC DF Range Tilt Angle Rel Ice Thick.
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* Defocus range
e CTF fit resolution
* Number of particles

Micrograph  Diagnostics « > Current: 10 @ Reject
Select Thresholds | Zoom it
Average defocus (A) Min: 9191.816 - Max: 14956,238 A
Minimum aximum Included  Excluded
Exposure 70 (1298.322) Exposure 4041 (23272.672) 7,166 5133
9191.816 ) | 14956.238 Clear threshold

U

6k

12k
CTF fit resolution (A) A

Minimum

Exposure 557 (2.351)

Maximum

Exposure 9463 (6.461)

2.351 e 6.461

w

Average Intensity ~

* Tilt angle
* Astigmatism
* Ice thickness




Particle Extraction

Signal is delocalized according to energy of electron and
defocus value of image:

— Fred Sigworth 2022 lecture: r=delta*lambda*f

* risthe radius that surrounds the particle. It
describes how far the signal is delocalized.

* delta=defocus in A
* lambda=0.02 A (wavelength of e- at 300kV)
 Frequency=desired resolution (e.g. 0.33A1for 3 A)
Even number with low prime factors (2, 3, 5, and 7)
— | like 32, 64, 128, 256, 320, 384

You may want to downsize (fourier bin) the particles to
expedite initial data processing, and save on drive space.



2D Classification

e Spider

e Sparx/EMAN2

e |SAC

* Relion

* Simple

* cryoSPARC

* Warp

* Remove “bad” particles

Lander 2009



2D Classification

* Anticipate 100 to 400 particles per class
* Don’t ask for too many

* | split my particle stack into stacks of 100K particles and
process each separately to get clean-vs-dirty particles

— Radius of search
— Relion
* Tau fudge
 CTF
— cryoSPARC
e Turn off Force Max over poses/shifts
 |nitial classification uncertainty factory (2 and above)
 Number of iteration to anneal sigma as high as 25
e Setonline-EM iterations to 40
» Set Batchsize per class to 400

* Change Re-center mask threshold (possibly as high as
0.75) for centering particles and smearing neighbors

 set White noise model to off



Initial Model

Random conical tilt
Orthogonal conical tilt
Common-lines
Tomography with STA

Random initial parameters, optimize with stochastic
gradient descent (SIMPLE, cryoSPARC, and Relion).

SAXS/SANS
Hybrid approach
Structure prediction

a Ab initio reconstruction
Random .
initialization 4 min

VY
Q ¢

Input 35,634
particle images

Punjani et al., 2017



Initial Model

Generate multiple initial models if uncertain in model
— Look for continuity in density
— Look for sausages to indicate a-helices
— Are projections comparable to class averages?
Ask for multiple models to be generated

Starting frequency should have more information than
particle size /5

Use C; symmetry



3D Classification

e Can be used to clean data further
— Discard “bad” particles




Elevation

Elevation

3D Classification

* Can be used to clean data further
— Discard “bad” particles
— Discard some preferred orientations
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3D Classification

* Configurational and
conformational differences

* Multiple ab initio models
generate

e 3D classification use to
identify configurational
differences.

 Local refinement used to
identify conformational
differences

Vallese et al., 2022

Manual picking
on 58 micrographs

Patch motion correction l Iterative

14464 movies = "patch CTF estimation ~ —~ Topaz picking Heterogeneous refinement

i v i

1,781,329 particles
Particle picking Non-Uniform refinement
2D classification )

.
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3D Classification

* TFIIH, transcription
initiation by RNAPII and NER

* Enrich rare views that 2D
classification would discard

. . . (VPP) T (VPP) y (VPP) i (VPP) " (VPP) (VPP)
e Do 2D classification (B) for maw, L] gee] wem] e
113,001

288,952 191,830 107,390 85,582

Dataset 6

particle particle particle particle particle
images images images images

sanity check = | |
| J

e Extract particles and Fon
perform 3D classification
with high tau2_fudge value
to enrich for rare views (D). S LB

— Value empirically
determined. Try 1, 5, 10,
20, 50, 100, 200, 500,
1000

786,755
particle images

1A
‘\.c,.! »
-

3D refinement &
beam filt refinement

138,659
particle images

3 Multibody
Globally refined map refinement
3.7 A resolution classification

Particle orientati assification
G re b ereta l . 2 0 19 S wih partel sighl




3D Classification .

* Spliceosome

* Initial reconstructionisat & = 507 |
2.8 A; however, lots of “r e
domains/proteins at
periphery have poor density g e

* Signal subtraction coupled ° —  weie e e o
with focused classification -~ 7. —=——% = " S
and empirically determined
tau2_fudge values (Relion)
improve their resolutions

— Try 1,5, 10, 20, 50, 100,
200, 500, 1000 in
parallel

it

Wilkinson et al., 2021



Signal subtraction

* Improve resolution of

desired region(s) w

* Generate consensus Mmap (omas epi, ]

* Mask region of interest = L !
e Use consensus map to willl @ @ —
: < @: /P—L\:
subtract everything g
outside/inside of mask from |
each particle o
* Refine map of remaining . |

for all X

signal
e Subtraction does not always 7

L

work completely. May need

to iterate through this

iterate until convergence

Nakane et al., 2018

process.



Multi-body refmement

* Improve resolution of b head

desired region(s)

* Generate consensus map L&

* Mask regions of interest oy

* Relion will do signal
subtraction and principalc s ..
component analysis to
identify rigid body
motions.

* Thereis a lower size
limitation E, | F

* Mask boundaries will not:,
be trivial to interpret &

multi-body consensus

M.
)

eigenvectors

A
-60 0 60 -60 0 60
Amplitude along Amplitude along
eigenvector 1 eigenvector 2

Nakane et al., 2018



CryoDRGN

* Uses deep A
g en erat|V e mo d el t o) % Particle image Latent variable Particledensity map
identify data g ’_‘
heterogeneity 5

* The latent space g Image pose ;—

representation
(contour map in

bottom center) can B G encode
be used to generate Va,ij;;?;njt‘“
denSity map S 'g traditional tools . deCOde

* Continuous g “’% lf?;;aiczt Bepresentative samples

: : L i . .
trajectories can be ¢ R @? g g
generatEd for Latent space "'V- )\- ’ ')_-,:'V
representation i i k

studying motion

Zhang et al., 2021



3D Flexible refinement

Auto-decoder latent inference
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Canonical 3D map Latent space field Convected 3D map Corr{thed T image
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* Uses deep generative model for continuous heterogeneity

* The user defined nonrigid deformation flow field can be used
to improve resolution of flexible regions

* Implemented in cryoSPARC
Punjani and Fleet 2023
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