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Workshop Goals=)

1. Understand how Topaz can help you

2. Get hands-on Topaz experience so you can
get better cryoEM structures!
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Conceptual Topaz Overview

How TOPAZ picking is beneficially different
What problems TOPAZ solves
Examples

How can denoising help you?



d Current particle picking methods

* Historically, particle picking =

* Template matching n a

* Rotational averaging £ *
e Difference of Gaussians D

o =
* Newer methods use positive-negative convolutional

neural networks (e.g. crYOLO, Warp, DeepPicker)
o
e TOPAZ is different — positive-unlabeled

S R
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hat is a positive-unlabeled framework?




Problems TOPAZ solves

e Assumes sparsely labeled training data (positive-unlabeled)
* Pick any size & shape particles
* Picks more real particles than other pickers
* Very high ratio of true positives to false positives
* This reduces bias in classification filtering

* Centers particles well (surprisingly important!)



Ok great, how well does TOPAZ
actually work??



TOPAZ picks all shapes and sizes
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e TOPAZ picks all shapes and sizes

* 105 kDa * asymmetric -
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- .
Topaz 43% 20% 14% 23% 0
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DoG 59% 14% 7% 6% 14%
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S Topaz particles uniquely resolve secondary structure w/o curation
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d‘f“:”.g TOPAZ ranks particles well, avoids junk

j“% (2D classes vs. picking threshold)
less
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TOPAZ ranks particles well, avoids junk
(2D classes vs. picking threshold)
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TOPAZ ranks particles well, avoids junk

(2D classes vs. picking threshold)
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d TOPAZ ranks particles well, avoids junk

G (Some good particles have negative scores)
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COVID-19 picking successes






Topaz improves COVID-19 spike Eulers

Template & blob picking
1.1m initial particles

particle
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In collaboration with the Shapiro lab (Columbia) nraviv
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#  Topaz improves COVID-19 spike Eulers &
Template & blob picking
1.1m initial particles
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Topaz improves COVID-19 spike Eulers

Template & blob picking
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13k final particles
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Train Topaz @

S In collaboration with the Shapiro lab (Columbia) nravv



Topaz improves COVID-19 spike Eulers

Topaz picking
50k initial particles
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% Topaz improves COVID-19 spike Eulers

Template & blob picking Topaz picking
1.1m initial particles 50k initial particles
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d  Topaz improved spike resolution by 1A

Template & blob picking Topaz picking

~ GSFSC Resolution: 3.484

GSFSC Resolution: 4.484
T

1.0 1.0

— No Mask (8.24) —  No Mask (4 44)

— Spherical (7.44) —— Spherical (4.14)
0.8 | — Loose(s3h | 0.8 — loose (374 [

= Tight (4.54) Tight (3 54)
0.6 Y | —— Corrected (4 54) o o 06 |- — Corrected (3 54)
- 4.48A 3.48A |
0.0 I I 1 0.0 1 1 Lok, e .
DC 214 104 6.94 5.24 OC 8.34 4.2A 2.84
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In collaboration with the Shapiro lab (Columbia) nraviv



w»  Can we optimize this workflow

RN
AW further?
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It all depends on training particles

First workflow

Blob/template pick >> classify >> train Topaz

Better workflow?

Manually curate picks >> classify >> train Topaz
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[CPU: 838.3 MB]
[CPU: 838.3 MB]
[CPU: 838.3 MB]
edges)

[CPU: 838.3 MB]
[CPU: 779.7 MB]

Extracted coordinates on J2/imported/n20apr2la_b3gl_00022g

Follow latest

Processed 70 of 80 micrographs in 208.14s
Extracting from J2/imported/n20apr2la_b3gl_00022gr_00018sq_v02_00002hln_00007enn-a-DW.mrc

Loading micrograph..
Writing out particles..
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" How well does manual curation work?
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Count: 4087

particle

Almo lab collaboration
Herrera et al., ACS Omega 2020
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How well does manual curation work?

Qutputs -
i micrographs

Show from top Follow latest
[CPU: 838.3 MB]
[CPU: 838.3 MB] Processed 70 of 80 micrographs in 268.14s
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Topaz Train

"How well does manual curation work?

o
P Jis5 @
-+ |—> Pick 75k particles

'L[f.:\‘\q\,\: i.‘_

Train model

Manual curation

*Almo lab collaboration
Herrera et al., ACS Omega 2020



"How well does manual curation work?

Follow latest

micrographs

T Jis @

[CPU: 838.3 NB] Extracting from J2/imported/n20apr21a_blgl_88022gr_090185q_v62_00002h1n_09867enn-a-DN.arc : 53 particles (1 rejected near

edges) . .
[CPU: 835.3 MB]  Loading micrograph o Zmvm By
[cPu: 779.7 MB]  Writing out particles..

- Co —> Pick 75k particles

Manual curation Train model

J119 @ letero Refine

3D classification *Almo lab collaboration
Herrera et al., ACS Omega 2020



" How well does manual curation work?
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[CPU: 838.3 W] Loading micrograph
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-« | —> Pick 75k particles
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Manual curation Train model

J119 @

56k particles
3.2A

*Almo lab collaboration

3D classification
Herrera et al., ACS Omega 2020



= ©° How well does manual curation work?

75% of particles used (manual curation)
versus 60% (no manual curation)

Whole workflow completed within
~48 hours of data collection

:Dc NN\
56k particles *Almo lab collaboration

3.2A Herrera et al., ACS Omega 2020



It all depends on training particles

First workflow

Blob/template pick >> classify >> train Topaz

Better workflow

Manually curate picks >> classify >> train Topaz



Some Topaz use examples in the
literature



Template picked 1,750,730 initial particles,
479 final particle

Topaz picked 4,134,279 particles, 4.548 A/pixel

classification

\4
<~ 185,871 particles >
Bayesian particle polishing

Homogeneous refinement
Non-uniform refinement (C2)

SN
(O
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2 SARS-CoV-2 in nanodisc

For Topaz input round #2:
61,531 training particles from
topaz pick processing round #1

For Topaz input round #1:

44 944 training particles from
partial dataset processing using
manual template picking

Topaz round #1 (1,707,274), Box 256 px, 2.908 A/px Topaz round #2 (2,245,142), Box 256 px, 1.454 A/px

68,008 particles

» .f_-

Non-uniform refinement
Initial lowpass resolution 6 A
Mask near 6 A , Far 14 A
C2 symmetry
Reference from previous NU

Merged particles from round 1 and 2
Removed Duplicates at 100 A distance

91,799 particles, 300 px box 0.727 A/px (Re-Extracted)

Kern et al., NSMB 2021 “
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Polycomb complex O Manualpicks

O Additional Topaz picks

msmeay  Lattice
= Subtraction

Streptavidin + sample ESE
Kasinath et al., Science 2021



Polycomb complex

After trying
Relion picking,
EMAN neural
picking, and
,.@\ Topaz, only
°** Topaz picked
these views

EZH2 (S/A2) EZH2 (SET) .o i
vacielesy o, JARID2

well
3.5A

EZH2 (CXC)
AEBP2 KRRR motif

Kasinath et al., Science 2021 Q




Trained Topaz
with 600
manually

picked particles

|

1.3M Topaz
picks

|

723k good
picks

|

best class ——

. S
[S Stanisich et al., eLife 2020 n[‘]
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" Interphotoreceptor retinoid-binding protein

(A)
: 4
20 nm

mADb5S

Picked 109k
particles using
templates

|

2D/3D curation (B)
down to 17k
particles

|

Trained Topaz
to pick the best ——
13k particles

s Sears et al., FASEB 2020 Q



Human citrate transporter from
20° tilted images

Picked 113k ‘good’
particles from 652

images with Warp

v

Trained Topaz

v

Picked 1.15m
1.00

particles from
1712 images
l / 0.751
0.501

e
o %'SerMO

{ .. Saueretal.,
Nature 2021 u

— No Mask
— Spherical Mask

564k particles
(90% more than Warp) R e~ e
— Corrected Mask
0.143
0.00 — M
0.0 0.1 0.2 0.3 0.4 0.5 Pos? & 4
Resolution (A™) oo Giyacn
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@E) Higher resolution
W Better angular
distribution

Better classification




di}§:;§j;' More particles = better flexibility analysis

3D Flexible Refinement

TRPV1 lon Channel
EMPIAR-10059

CryoDRGN
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Next: Neural network
Denoising



Topaz-Denoise

d * Noise2Noise* models trained on dozens of cryoEM datasets

@Q\

* Train your own denoising model

* Directly visualize difficult proteins with confidence

*Lehtinen et al., 2018 Q



How does Noise2Noise work?

/N

e
%?X. *same field
e of view

Noisy image 1 Noisy image 2




How does Noise2Noise work?

/N

Noisy images 1 Noisy images 2

*same fields
of view

**several
microscope/
camera/
collection
parameters

Q’
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How well does the Topaz Denoise
pre-trained model work?

Raw, noisy image Denoised E’S’G
Protein in nanodisc
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How well does the Topaz Denoise
model work?

o b7 s
9 % A\

-

s
g

TONAL

Optimally’ lowpassed Ribosome




Ok, that’s a nice
Anti-Squinting Device

But is it useful?
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Can we identify small particle views? =

Is this a top view??




Can we identify small particle views?

s A

frame aligned,

: Topaz-Denoise
dose-weighted
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| Denoising gives 215% more particles

\

1.5k initial
particles
picked by

data owner

13.4k particles 8.1k particles

1k initial
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owner (me
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Can we be more confident
about what is in
image/sample backgrounds?



What is in your background?

.,
e T,
et

Negative control Positive control




What is in your background?

=
Raw images Mao et al., PNAS, 2013 QG
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Can denoising help
collection throughput?



Can Topaz-Denoise help
collection throughput?

protocadherin 18sep08d 19jan04d 19may10e
T 9.0 I
;'g 7.5
g (2).2 as
=2 3.0
5 -5.0 1.5
-7.5 0.0
—100 T T T T T T 1 T T T T 1 T LB -1.5 T T T T T T LB T T T T T LI
10 20 30 40 50 60 70 5 10 15 20 25 30 35 40 10 20 30 40 50 60 70 8 16 24 32 40 48 56 64
dose (e —/A2?) dose (e — /A2?) dose (e —/A2?) dose (e — /A?)
b Dose 6.95 e-/A2 16.67 e-/A2 34.73 e-/A2 51.40 e-/A2 69.5 e-/A2

Low-pass filter Raw

Topaz (U-net)

100nm

4
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Ok, give me Topaz please!

4 )

github.com/tbepler/topaz
§

J

* Pre-trained picking and denoising models
* Full tutorial and explanations are included

A universal HTML-based GUI is included

* Integrated into CryoSparc, Relion, Scipion,
and Appion.



& Summary
* Pick more and more accurately with Topaz =

positive-unlabeled picking

* Visualize and identify proteins more

confidently with Topaz Denoising

* Note: If vou don’t know what vour particle . .
Y YORTP AL

looks like, do tomography first!

S doi: 10.1038/s41592-019-0575-8 (Picking) 10.1038/s41467-020-18952-1 (Denoising) Q



https://doi.org/10.1038/s41592-019-0575-8
https://doi.org/10.1038/s41467-020-18952-1

(Picking)
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10.1038/s41467-020-18952-1 (Denoising)

'S doi: 10.1038/541592-019-0575-8
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https://doi.org/10.1038/s41592-019-0575-8
https://doi.org/10.1038/s41467-020-18952-1

S Summary

* In practice, people often publish with
multiple pickers — combine picks

* If you run Topaz iteratively, you must run 2D/3D
classification and manually check some

micrographs so you don’t get Einstein from noise!

S doi: 10.1038/s41592-019-0575-8 (Picking) 10.1038/s41467-020-18952-1 (Denoising) Q



https://doi.org/10.1038/s41592-019-0575-8
https://doi.org/10.1038/s41467-020-18952-1
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https://www.cryoemcenters.org/
https://www.cryoetportal.org/

Thank you!

Any questions?

tw: @alexjamesnoble

Denoising
Nature Communications _,
bioRxiv: 10.1101/838920 oS

Particle picking
Nature Methods
Preprint on arXiv: 1803.08207

MICROSCOPY CENTER
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http://cb.csail.mit.edu/cb/topaz/

FFTs look
cool!

Raw
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Denoised ab-initio models are less reliable

Denoised
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Denoising in Relion4

File Jobs

| 10| Display| Colors| Running|

Import
Motion correction
CTF estimation

Auto-picking
Particle extraction
2D classification
3D initial model
3D classification
3D auto-refine

3D multi-body
Subset selection
CTF refinement
Bayesian polishing
Mask creation

Join star files
Particle subtraction
Post-processing
Local resolution
External

Particle diameter (A):[100 |1D-

|

|

Scale for micrographs: [0.25 |} I
Sigma contrast: |3

—{—08
White value: |0

—8
Black value:|0 [ -

Lowpass filter (A)[20  |ems{] e

Highpass filter (A)[-1

Pixel size (A)-1 |

OR: use Topaz denoising?[Yyes 4
Topaz executable |/public/EM/RELIONtopaz R

Current: Give_alias_here

https://youtu.be/NA6i23gmWfw u
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https://youtu.be/NA6i23gmWfw
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Topaz autopicking in Relion4

Fie_jobs

an| Topaz| References|

Import

Motion correction
CTF estimation
Manual pickin

Particle extraction
20 classification
30 nitial model
3D classification
3D auto-refine
3D multi-body
(‘\ﬁ Subset selection
CTF refinement
Bayesian polshing
Mask creation
Join star files
Particle subtraction
Post-processing
Local resolution
External

\ RELION-4.0-alpha-commit-d8527e: MMTMO

Topaz executable /publicZEM/RELIONOpaz

Perform topaz training? No
: : | red Coomn 14 . rammng
OR 1ra R B | pan o NO

STAR Ll TOr Ura

Perform topaz picking? No

20 0D ]

Particle diameter (A) -}

Additional topaz arguments.:

https://youtu.be/NA6i23gmWfw Q




d“ Topaz autopicking in Relion4

Topaz executable |/public/EM/RELION/topaz
Perform topaz training? | No

O

Input picked coordinates for training:
OR train on a set of particles? No
Particles STAR file for training:

Manualiv(hni Inpuit picked coordinates for training
Perform topaz picking? | No

©

KC
-

Trained topaz model: |

‘_47~.— — a—

CTF refinement Particle diameter (A) -1 _ .
Bayesian polishing )
Mask creation Nr of particles per micrograph: |1 ID_— .

Join star files Additional topaz arguments: 1
Particle subtraction

Post-processing
Local resolution

B JBREERR  curent Give alias nere osplay: (R

[S https://youtu.be/NA6i23gmWfw n



Topaz autopicking in Relion4

LoG-picking

S

https://youtu.be/NA6i23gmWfw



Topaz autopicking in Relion4
Re-trained Topaz picking

https://youtu.be/NA6i23gmWfw



Best-practices
Topaz Workflow
(within CryoSparc)



General Recommended Workflow
F o shown in CryoSPARC

EMPIAR-10022: TMV

J21 @ Import Micrographs J22 @ Patch CTF (M) J64 @ Topaz Denoise
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J21 e

General Recommended Workflow
shown in CryoSPARC

atch CTF (M) J64 @ Topaz Denoise

Topaz Extract

m Radius of extracted regions :

o




General Recommended Workflow

in CryoSPARC

shown
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Topaz Denoise

J64 @

Patch CTF (M)

J22

Import Micrographs

J21 e

J67 @ Inspect Picks

Topaz Extract

J65 @




General Recommended Workflow
shown in CryoSPARC

J21 @ st 2eki e Topaz Extract J67 @ nspect Picks

Done Picking! Output Locations
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General Recommended Workflow
shown in CryoSPARC

J21 @ Import Micrographs J22 @ Patch CTF (M) J64 @ Topaz Denoise J65 @ Topaz Extract J67 @ Inspect Picks

J68 @ tract From Micrographs J69 @ 2D Class

ograp




General Recommended Workflow
shown in CryoSPARC

J21 @ Import Micrographs J22 @ Patch CTF (M) J64 @ Topaz Denoise J65 @ Topaz Extract J67 @ Inspect Picks

J68 @ Extract From Micrographs J69 @ 2D Class
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General Recommended Workflow
shown in CryoSPARC

Topaz Denoise Topaz Extract J67 @ Inspect Picks

Patch CTF (M) J64 @

Import Micrographs J22 @

/5080

S /
0B oo 5
%%%ogm" 105"

J68 @ Extract From Micrographs J69 @
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Manual plcker J79 @ Topaz Train

' Trained with 3.3k manually curated particles




General Recommended Workflow
shown in CryoSPARC

J65 @ Topaz Extract J67 @ Inspect Picks

Topaz Denoise

Patch CTF (M) J64 @

Import Micrographs J22 @
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J68 @ Extract From Micrographs J69 @ 2D Class
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Manual picker J77 @
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' Trained with 3.3k manually curated particles




Inspect Picks

J67 @

Z Extract
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General Recommended Workflow
shown in CryoSPARC

J22 @ Patch CTF (M) J64 @ Topaz Denoise

J21 e Import Micrographs J65 @ Topaz Extract J67 @ Inspect Picks
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J72 @ Manual picker  J77 ® Topaz Train = J85 @ Inspect Picks

2D Class J70 e Select 2D
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General Recommended Workflow
shown in CryoSPARC

J21 @ Import Micrographs J22 @ Patch CTF (M) J64 @ Topaz Denoise J65 @ Topaz Extract J67 @ Inspect Picks
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Extract From Micrographs J69 @ 2D Class J/0 @ Select 2D
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J72 @ Manual picker  J77 @ Topaz Train | J85 @ Inspect Picks = J89 @ 2D Class
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eneral Recommended Workflow
shown in CryoSPARC

J22 @ PatchCTF (M)  J64 ® Topaz Denoise =~ J65 @ Topaz Extract =~ J67 @ Inspect Picks

Import Micrographs

J98 @ Select 2D

I | | & [ | &
1% of particles picked were kept



J21 e

General Recommended Workflow
shown in CryoSPARC

Topaz Extract J67 @ Inspect Picks

Select 2D
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