Recap of day 1

What does it mean that two proteins are homologous?
What is homology inference?
What is a P-value? What is an E-value?

How can we still find homologies between eukaryotic,
bacterial and archaeal proteins, given the many mutations
per amino acid since the Last Common Ancestor of all life)?

Give another name for amino acid substitution matrix that
would make sense.

How are substitution matrix scores computed?

How are sequence profile scores computed?

What is iterative profile search? What tools exist?

What are protein domains? What is their relevance?

Why are some parts of proteins disordered (unstructured)?

What are the key ideas of the algorithm to compute the best-
scoring alignment between two sequences?



With metagenomics we can study the ~99%
uncultivable microbes by sequencing their
DNA directly from environment

GENOMICS METAGENOMICS
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Metagenomics age of enlightenment

Neanderthal behaviour, diet, and disease infer

from ancient DNA in dental calculus -
Nature 2017, Apr 20 ..

Giant viruses with an expanded
complement of translation
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Expanded diversity of Asgard archaea and their
relationships with eukaryotes

Nature 2021, Apr 7
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1200 ’?
enzymes L F
Science 2018, Nov 16 - R
- Cas9 Cas12 Cas14

Cas effector



Metagenomics age of enlightenment

Neonatal selection by Toll-like receptor 5 influences

long-term gut microbiota composition qj?,‘, | i

Nature 2018, Aug 23

Stunted microbiota and opportunistic pathogen

colonization in caesarean-section birth
Nature 2019, Oct03

Desulfovibrio IgA Clostridia - Lipids

T cell-mediated regulation of the
microbiota protects against obesity

Science 2019, Jul 26

The microbiota regulate neuronal function and fear extinction

learning

Nature 2019, Oct 23 i _ _
Potential role of indolelactate and butyrate in

multiple sclerosis revealed by integrated
microbiome-metabolome analysis
Cell Rep Med 2021, Apr 20



Metagenomics age of enlightenment

Neonatal selection by Toll-like receptor 5 influences
long-term gut microbiota composition
Nature 2018, Aug 23
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microbiome-metabolome analysis
Cell Rep Med 2021, Apr 20



Metagenomics is driven by fast-decreasing
seqguencing costs

short reads long reads

— [

Moore's Law

National Human Genome
Research Institute

genome.gov/sequencingcosts

lllumina GAlIx O. Nanopore
2001 2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

» Costs for computing by far exceed sequencing costs
» Bottleneck: sequence searches




Shotgun metagenomics data analysis

1 assemble
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Shotgun metagenomics data analysis
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MICROBIOLOGY naoare
Metagenomics

Philip Hugenholtz and Gene W. Tyson
Vol 455|25 September 2008

What other bottlenecks are there?

The gap between characterized and hypothetical
proteins identified in metagenomes is widen-
ing at an alarming rate. Next to computational
resources, uncharacterized gene products are
likely to be the biggest bottleneck for the fore-
seeable future. This means that our under-

Often, 50%-90% of ORFs remain unannotated:
no function, no taxon



MMseqs2

Ultrafast and sensitive
sequence and profile searches
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Martin Steinegger

with Milot Mirdita, Eli Levy Karin,
Clovis Galiez, Ruoshi Zhang
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Faster but less sensitive search tools
have been developed for metagenomics
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MMseqs profile searches 300 times faster

Speedup
10°
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and more sensitive than PSI-BLAST

Steinegger and Soding,

* Nature Biotechnol., 2017.
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Fast and sensitive prefilter is most
critical part for search performance

k-mer-based
Reduces search space 10°-fold prefllter
while losing few true positives

10° sequences 10% sequences

» Key ideas for prefilter in MMseqs

» Match long & similar k-mers ‘I'l::%gg E‘Iﬂ Sgl
| e

» Two k-mer matches / without gap in-between

DB sequence

» Sequence profiles!

» No random memory access in innermost loop

Query sequence



Sequence 2

Conventional alignment-free
comparison: count identical k-mers
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Most 3-mer matches occur by chance

Sequence 1
Sequence 2
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MMseqs: sum scores of similar 7-mers

Sequence 1. C T
Sequence2 c‘ SGN ...
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. o suppress the many random
atches in hatched part of matrix?
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Query sequence
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Find db sequences with 2 consecutive
k-mer matches on same diagonal




Find 2 consecutive k-mer matches »

Nested for-
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CPU cache optimized!




Executive summary

- o

-y | = "“x.'.", vy
. A L - : 3 .
A s - ok P
» v




Whizz tour into
deep learning



A rectifying linear unit (ReLU)
— the basic nonlinear unit of neural networks

N out
O &)
RelLU

out = max(0, a*in + b)

T~

N




Two rectifying linear units combined linearly

@ ReLU, = max(0, w*x + b))
X / \@
\@/Iinear Out = 3;w;" ReLU, + b,
RelLU
out

/




Ten rectifying linear units combined linearly

hidden
IN g out RoLU = max(0, wex + b)
A . \ eLU, = max(0, w;"X + b,
O§@ 7® Out = ¥, w;' ReLU; + by
O
out




Dense neural networks can approximate any
multivariate function arbitrarily well

2D features of real and faked banknotes

—g{ A faked
© real

=15 -10 =5 0 5 10



Dense neural networks can approximate any
multivariate function arbitrarily well

X1O\*® out =

W4 X4+ Wy Xp + D

fcnn separation without hidden layer
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Dense neural networks can approximate any
multivariate function arbitrarily well

x: O=%S ReLU. = max(0, w*in + b,)
%, O30
2NN Out = > w ReLU, + b;
) i Wi it o
fcnn separation with hidden layer
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Neural networks can be trained with training

data to learn any multivariate function
(somewhat well)

o Prob(disordered)

Encoded sequence window
00000000
0 0000000000
000000

Many technical tricks have:been developedforthis to work 'well.
Most important:

« Back-propagation = efficient way to compute partial derivatives of outputs
with respect to each of the neural network weights (given the training data)

» Stochastic gradient descent
» Automatic differentiation



How disorder prediction works

Query . . .DPLLIAETLRQAAMILVFHAGYGVPVGYHFLMATLDYTCHLDHLGVS. . .

PSI-BLAST / HHDblits search S __=

Query . . .DPLLIAETLRQAAMILVFHAGYGVPVGYHFLMATLDYTCHLDHLGVS. . .
AfsA . . .DPMQIAETMRQVGLHLAHAEFDVPLGHHFIMWDMS-VSRVEHLGVT. . .
Jadwl . . .DPMLVAETIPETSMLVAHAELGVPLDEQFVMWDLS-SADSEALTVD. . .
BarX . . .DPLLASETIRQVGTLLSHAEFGVSFGDQFLMWDLH--VRPEQAGVA. . .
FarX . . .DPLMCAETIRQIAYLLGHAEFAVPFGHQFVLSSLR--ANVEHLGVT. . .

calculate profile e

A
C
W
Y
use neural network to predict <_——= The neural network has learnt
disorder from windows pattern <> disorder/order relations

predict ...00000000DDDDDDDDDDDDPPDDDDDDDDDDDDOOO0O0000000000. . .

Best methods reach per-residue accuracy ~ 80%,
but what is disorder really?




How secondary structure prediction works

Query . . .DPLLIAETLRQAAMILVFHAGYGVPVGYHFLMATLDYTCHLDHLGVS. . .

PSI-BLAST / HHDblits search S __=

Query . . .DPLLIAETLRQAAMILVFHAGYGVPVGYHFLMATLDYTCHLDHLGVS. . .
AfsA . . .DPMQIAETMRQVGLHLAHAEFDVPLGHHFIMWDMS-VSRVEHLGVT. . .
Jadwl . . .DPMLVAETIPETSMLVAHAELGVPLDEQFVMWDLS-SADSEALTVD. . .
BarX . . .DPLLASETIRQVGTLLSHAEFGVSFGDQFLMWDLH--VRPEQAGVA. . .
FarX . . .DPLMCAETIRQIAYLLGHAEFAVPFGHQFVLSSLR--ANVEHLGVT. . .

calculate profile e

<|g| |O>

use neural network to ~~_— The neural network has learnt
predict SS from windows pattern <> SS state relations

ss_pred ...CCCHHHHHHHHHHHHHHHHQEHCCCCCCCEEEEEEEEEEECHHHCC...

Best methods reached per-residue accuracy up to ~ 85%
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Protein structure

prediction with
AlphaFold



Critical Assessment of Structure Prediction
a community-wide blind structure prediction benchmark

Structure determination pipeline of participating lab target
: . structure
/\ g /-\ il -: 'I \
\ j ‘ , \\_/ 'é;?;""‘.

target sequence

* Every two years
« CASP14: December 2021 > 1 ' 2




Median Co. r.m.s.d.q5 (A)

Big leap in recent protein structure prediction
benchmark CASP14 (Dec 2020)
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Correlated substitutions in multiple sequence
alignments predict residue-residue contacts

Conserved Variable
Position Position
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AlphaFold is transformative for protein bioinfo.,
structural biology & biotechnology

N-terminus

DEEPMIND'S Al PREDICTS
STRUCTURES FOR A VAST
TROVE OF PROTEINS

AlphaFold neural network produced ‘transformative’

database of more than 350,000 structures.
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Highly accurate protein structure prediction
with AlphaFold
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By the end of this year, EMBL EBI will hold structural models of
130 million proteins

“Everything that relies on a protein sequences we can now do
with protein structures” (Mohammed AlQuraishi , Columbia U.)



Most predictions by AlphaFold are
crystallography-grade

... and the prediction of local quality is excellent
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© 2020 DeepMind Technologies Limited

Protein example: T1044 (RNA Polymerase)

— Folding as a single long chain

— Long-chain-trained model trained
after the submission

Individual domains

T1041 T1042

6VR4: Leiman, P.G., et al. Virion-packaged DNA-dependent RNA polymerase of Ground truth
crAss-1ike phage phii14:2 (CASP target). (To be published.) . .
Prediction




AlphaFold2 can predict accurate models

with only 30 sequences in the MSA
(and others cannot)
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Does AlphaFold really only use
correlated mutations in a better way?
It does not look that way!

Model quality (GDT_TS)
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AlphaFold evolves abstract representation of
MSA and of residues pairs which improve
each other step by step (vy “attention”)
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‘ « Recycling (three times)

Let’s have a look at a movie of how the predicted structure evolves
along the 48 evoformer blocks



AlphaFold learns from structure-MSA pairs
what local sequences are compatible with
which interacting local backbone geometries —
because the local sidechain packing works

(this is my personal take — but | am quite convinced)




AlphaFold evolves abstract representation of
MSA and of residues pairs which improve
each other step by step (vy “attention”)
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abstract representation —\ — / representation of the local
of the local geometry —~.____ > geometry of how the two residues

of these sequences —\ —~ and the neighboring ones interact




What does that mean for biology?

“This will change medicine. It will change research. It will
change bioengineering. It will change everything.”
Andrei Lupas, MPI Developmental Biology Tubingen.

See https://www.nature.com/articles/d41586-020-03348-4

“AF2 is profoundly transformative because it may do for
structure what DNA sequencing did for genomics.”
Mohammed AlQureishi, Harvard

https://moalquraishi.wordpress.com/2020/12/08/alphafold2-casp14-it-feels-like-ones-child-has-left-home/

Next tasks expected to be tackled by deep learning:

protein complexes, protein conformations, protein dynamics,
RNA structure, protein-DNA, ligand binding,

protein design!, ligand design!

sufficient training data?


https://www.nature.com/articles/d41586-020-03348-4
https://moalquraishi.wordpress.com/2020/12/08/alphafold2-casp14-it-feels-like-ones-child-has-left-home/

Thanks for your participation!

Soding lab (pre-Corona)




See you back at 13:30h ©



