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The Genetic Codes

The following genetic codes are described here:

. The Standard Code

. The Vertebrate Mitochondrial Code

. The Yeast Mitochondrial Code

. The Mold, Protozoan, and Coelenterate Mitochondrial Code and the Mycoplasma/Spiroplasma Code

. The Invertebrate Mitochondrial Code

. The Ciliate, Dasycladacean and Hexamita Nuclear Code

. The Echinoderm and Flatworm Mitochondrial Code

. The Euplotid Nuclear Code

. The Bacterial, Archaeal and Plant Plastid Code

. The Alternative Yeast Nuclear Code

. The Ascidian Mitochondrial Code

. The Alternative Flatworm Mitochondrial Code

. Chlorophycean Mitochondrial Code

. Trematode Mitochondrial Code

. Scenedesmus obliquus Mitochondrial Code

. Thraustochytrium Mitochondrial Code

. Rhabdopleuridae Mitochondrial Code

. Candidate Division SR1 and Gracilibacteria Code
. Pachysolen tannophilus Nuclear Code

. Karyorelict Nuclear Code

. Condylostoma Nuclear Code

. Mesodinium Nuclear Code

. Peritrich Nuclear Code

. Blastocrithidia Nuclear Code

. Cephalodiscidae Mitochondrial UAA-Tyr Code
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https://www.ncbi.nlm.nih.gov/Taxonomy/Utils/wprintgc.cgi
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A computational screen for alternative

genetic codes in over 250,000 genomes
Yekaterina Shulgina’, Sean R Eddy’***

Abstract The genetic code has been proposed to be a ‘frozen accident,’ but the discovery of
alternative genetic codes over the past four decades has shown that it can evolve to some degree.
Since most examples were found anecdotally, it is difficult to draw general conclusions about the
evolutionary trajectories of codon reassignment and why some codons are affected more frequently.
To fill in the diversity of genetic codes, we developed Codetta, a computational method to predict
the amino acid decoding of each codon from nucleotide sequence data. We surveyed the genetic
code usage of over 250,000 bacterial and archaeal genome sequences in GenBank and discovered
five new reassignments of arginine codons (AGG, CGA, and CGG), representing the first sense
codon changes in bacteria. In a clade of uncultivated Bacilli, the reassignment of AGG to become
the dominant methionine codon likely evolved by a change in the amino acid charging of an argi-
nine tRNA. The reassignments of CGA and/or CGG were found in genomes with low GC content,
an evolutionary force that likely helped drive these codons to low frequency and enable their
reassignment.
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A Alignment of Pfam domains to the nucleotide sequence

Genome sequence
Preliminary translation

Aligned Pfam domains
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From these data, we infer each of the 64 codons one at a time (Figure 1B). For a codon Z (e.g.,
UGA), the observed data € are a set of N consensus columns €7 (i = 1...N) that associate to Z in the
provisional alignments. We model the main data-generative process abstractly, imagining that each
column €% was drawn from the pool of all possible consensus columns by codon Z, which is translated
as an unknown amino acid A. Each column has an affinity for codon Z proportional to the column’s
emission probability for the amino acid A, P(AIC). A consensus column strongly conserved for a partic-
ular amino acid A will tend to only associate with codons that translate to A; moreover, consensus
columns weakly conserved for A may also associate with probability proportional to their conservation
for A. Thus, this abstract-matching process generates an observed €7 column association with the
codon Z (translated as amino acid A) with probability

_ P(AICHP(CY)
- P

P(CF1A)

Here, P(AIC?) is the emission probability for amino acid A at the Pfam consensus column C%. P(A) is
the average emission probability for amino acid A over the pool of all possible consensus columns
C, which we take to be all columns aligned to the target genome in order to better reflect genome-
specific biases in amino acid usage.
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Given the data €4 and this abstract generative model, we infer the most likely decoding M for
codon Z out of 21 possibilities M € {Ala, Cys, ..., Tyr,?} (Figure 1B). The M = ? model of nonspecific
translation draws columns randomly and serves to catch codons that do not encede a specific amino
acid, such as stop codons and ambiguously translated codons. For a given decoding M, the proba-
bility of the observed columns C# is then

N PA=MICHP(ICEy .
. Al —r— It M e {Ala. Cys, ..., Tyr}
P[C‘ZlM] _ Ha_l PA=M)

MLPch — itw=

Setting the prior probability of each decoding, P(M), to be uniform, we compute the probability of
the decoding M as

=Z. _  P(CIM)
P(MIC?) = oy PICEIMY )



Genetic code prediction of 462 yeast species confirms known
distributions of CUG reassignment
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Genetic code prediction of 462 yeast species confirms known

distributions of CUG reassignment tRNACAG genes were identified
using tRNAscan-SE 2.0
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Table 1. A summary of all bacterial clades previously known to use a codon reassignment.

For each clade, the NCBI taxonomic IDs (taxids) shown most closely correspond to the known phylogenetic distribution from the
literature. For each codon reassignment, we show the number of sequenced species analyzed by Codetta and how many were
inferred to use the expected amino acid or had no inferred amino acid. None of the analyzed species belonging to reassigned
clades were predicted to use an unexpected amino acid at the reassigned codon. [1] Bové, 1993, [2] Volokhov et al., 2007, [3]
McCutcheon et al., 2009, [4] Bennett and Moran, 2013, [5] McCutcheon and Moran, 2010, [6] Salem et al., 2017, [7] Rinke et al.,
2013, and [8] Campbell et al., 2013.

Reassigned codon

Phylogenetic distribution NCBI taxids Reference N species Codon reassignment Expected amino acid  Uninferred ('?’)
Entomoplasmatales and 186328, 264638,

Mycoplasmatales 2085 [1,2] 199 UGA Stop—W 191 8

Hodgkinia cicadicola 5735658 [3] 1 UGA Stop—W 1 0

Nasuia deltocephalinicola 1160784 [4] 1 UGA Stop—W 1 0

Zinderia insecticola 884215 [5] 1 UGA Stop—W 1 0

Stammera capleta 2608262 [6] 1 UGA Stop—W 1 4]
Gracilibacteria 363464 [71 15 UGA Stop—G 13 2
Absconditabacteria 221235 [8] ) UGA Stop—G ) 0




Table 2. A summary of codon inferences from the bacterial and archaeal genomes analyzed by
Codetta, dereplicated to one assembly per species.

The Codetta inference for each codon is compared against a genetic code annotation derived by
layering the known bacterial genetic codes in Table 1 over the NCBI taxonomy. Reassigned stop
codons are included with sense codons. Values can be calculated from Supplementary file 1.

Bacteria Archaea
46,384 species 2309 species
Total (N codons x N species) 2,829,648 140,849
Expected amino acid 2,823,497 99.78% 140,631 99.85%
Other amino acid 612 0.02% 0 0.00%
Sense Uninferred ('?") 5539 0.20% 218 0.15%
Total (N codons x N species) 138,928 6927
Amino acid 290 0.21% Q 0.13%

Stop Uninferred ('?’) 138,638 99.79% 6918 99.87%




Reassignment of the canonical arginine codon AGG to
methionine in a clade of uncultivated Bacilli

GTDB phylogeny and NCBI genome names
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Reassignment of the canonical arginine codon AGG to
methionine in a clade of uncultivated Bacilli

B AGG—Met clade 1...TTGDYGaMATIaNAMCLQSFFENHGLVTRVATAIP. . . KVADNTAVGLLVDSSVDVRVFNaN . .
2...TTGDYRGAOAT IGNAACLOSFFENHGLVTRVATSIP. . . KVADNTAVGLLVDSSVDVRVENGN . . .
3...TTGDYXGALATIaNAMCLQSFFENRGLVTRVMSSIP. . . KVADNTAVGLLLDSSVDVRVFNGN. . .

Outgroup species | 4 ...TTGDYMGMLAT IMNAMCLQSYFEDRGLVTRVLSAVP. . . KVMDSTAVGLLSDSDIDIRVFNMN. . .
12 . . . AQADDMGMMGTVINGLGLKGVLENNGLKAHVFSSIQ. . . KVMDATAAGLLEDSNIQIGVFEMK. .
16 .. . ATADYMGMLGTMINSLALQSAIEQEGIACRVLSSIS. . . KVMDSTAVSLLKDSNVQIRVFNMS. . .
19...STADYMGMLGTIMNALAIQSALSQVGIISRVMSAIA. . . KVMDNAAVALLMDTNIELRVFNMA. . .
Distantly related . . . ATADYMGMLATVMNSLALQDSLETLGIQSRVQTSIE. . . EVMDSTASSLCMDNDIPLIVFSIM. ..
bacteria .. ATADYIGMIATVMNAMTLODSLEHIGVQTRVQTAIA. . .RVMDSTAIALCKENNIPILVFDLT. .
. . . VSADQMGMLATLINGMAVADALKADDIPCLLTSTLS. . . GVMDVSAVSLCMDSNIPIRVFSEV. . .
. . VVGDHMGMLATVMNGLAMRDALHRAYVNARLMSAIP. . . KVMDLAAFTLARDHKLPIRVFNMN. . .
C AI?G—;Met ﬂzNAccq gutgrmftp tRc:\léFGUt e D
all reassigned species . uncultured Clostridiales
. 3.p 3 AGG—Met clade
é é 2. Bacillales UBA4682
-A73 & GIAT3 i
G 7 tRNA,,.'* gene tRNA., gene‘ gene
Eg_g (discriminator base) Sg:g (discriminator base) b )
€6 -G2:C71, C3:G70 U-A G CDA36808.1 homolog Ko
%:8 (acceptor stem) 8_8 73 10714
CGA Au “us cuc” A G A uuccctA Outgroup
A CUCG éCGAG C cucG éAGGGUuC 6. uncultured Clostridiales
GAGC Us GAGC Co tRNA__ 9
GGKU‘“‘ T Vi AT Cayhe” 1RNAG, ' gene tRNA_., gene | gene
No A20 GG  Methionine tRNA C-G  Arginine tRNA \
o A20 G et CDA36808.1 homol -
(D loop) G-C identity elements (D loop) &€ identity elements omolog
U-G C-G 8710
C A C A
C34,A35,U36_(j A U ‘A C35,U/G36
(antmodon} CcU CcU (anticodon)



Summary of GC content, codon usage, and tRNA genes of four CGA and/or CGG

reassignments.
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Summary of GC content, codon usage, and tRNA genes of four CGA and/or CGG

reassignments.
andidate Phyla Radiation
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Reassignments of arginine codons CGA and CGG occur in clades with
low genomic GC content



The computational requirements are dominated by the hmmscan step, which takes about an hour
on a single CPU core for an ~12 Maa six-frame translation of a typical 6 Mb bacterial genome. We
ran different genomes in parallel on a 30,000 core computing resource, the Harvard Cannon cluster.
We implemented this method as Codetta v1.0, a Python 3 program that can be found at https://
github.com/kshulgina/codetta/releases/tag/v1.0, (copy archived at swh:1:rev:4f5f31a33beed19b-
c3e10745154705ad002273df, Yekaterina, 2021).
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The computational requirements are dominated by the hmmscan step, which takes about an hour
on a single CPU core for an ~12 Maa six-frame translation of a typical 6 Mb bacterial genome. We

ran different genomes in paralleljon a 30,000 core computing resource |the Harvard Cannon cluster.
We implemented this method as Codetta v1.0, a Python 3 program that can be found at https://

github.com/kshulgina/codetta/releases/tag/v1.0, (copy archived at swh:1:rev:4f5f31a33beed19b-
c3e10745154705ad00227 3df, Yekaterina, 2021).

A Alignment of Pfam domains to the nucleotide sequence
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MUSCLE: multiple sequence alignment with high accuracy and high throughput

RC Edgar - Nucleic acids research, 2004 - academic.oup.com

... alignment methods, see Notredame ( 6 ). Here we describe MUSCLE (multiple sequence ...
by log-expectation), a new computer program for multiple protein sequence alignment. ...
77 Save UY Cite Cited by 383090 Related articles All 31 versions

YouTube video:
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https://www.youtube.com/watch?v=2HmjHStpu7I
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Search and clustering orders of magnitude faster than BLAST
RC Edgar - Bicinformatics, 2010 - academic.oup.com

Motivation: Biclogical sequence data is accumulating rapidly, motivating the development of
improved high-throughput methods for sequence classification. Results: UBLAST and
USEARCH are new algorithms enabling sensitive local and global search of large sequence
databases at exceptionally high speeds. They are often orders of magnitude faster than
BLAST in practical applications, though sensitivity to distant protein relationships is lower.
UCLUST is a new clustering method that exploits USEARCH to assign sequences to ...
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Search and clustering orders of magnitude faster than BLAST

RC Edgar - Bicinformatics, 2010 - academic.oup.com

USEARCH
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Ultra-fast sequence analysis

USEARCH has been cited by

17,115 papers
Google scholar
Last updated 01 Jun 2022

Buy 64-bit
Download 32-bit

Features

UPARSE OTU clustering

Documentation

what's new in vlil

High-throughput search and clustering
USEARCH is a unigue sequence analysis tool with
thousands of users world-wide. USEARCH offers
search and clustering algorithms that are often
orders of magnitude faster than BLAST.

Improved productivity and insights
USEARCH combines many different algorithms into
a single package with outstanding documentation
and support. This cuts your learning curve, reduces
the number of steps you need to take for a given
task, and slashes compute times. USEARCH will
encourage you to explore your data, enabling new
insights and suggesting new analyses that you might
not have tried with slower tools.

Free for most users

Licenses to use 32-bit USEARCH are offered at no
charge for all users, including commercial. You can
download the 32-bit version here.

61,620

registered users

64-bit users
Joint Genome Institute
MEL, Woods Hole
Cornell Univ.
CMRS (France)
La Jolla Institute
Ag. Research (NZ)
Broad Institute
Mestle
LANL
UC Davis
UC Berkeley
MNCEI
MIH
Monsanto
Caltech
Pacific Biosystems
and many more.
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Protein homology detection by HMM-HMM comparison

J Soding - Bioinformatics, 2005 - academic.oup.com

... For HHsearch we developed a statistical method which aims ... Our motivation in developing
HHsearch was to provide the ... results for HHsearch 4g, which is the same as HHsearch 4 ...
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The HHpred interactive server for protein homology detection and structure
prediction

J Sdding, A Biegert, AN Lupas - Nucleic acids research, 2005 - academic.oup.com

HHpred is a fast server for remote protein homology detection and structure prediction and is

the first to implement pairwise comparison of profile hidden Markov models (HMMs). It

allows to search a wide choice of databases, such as the PDB, SCOP. Pfam, SMART, COGs

and CDD. It accepts a single guery seguence or a multiple alignment as input. Within only a

few minutes it returns the search results in a user-friendly format similar to that of PSI-BLAST.
Search options include local or global alignment and scoring secondary structure similarity ...
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HHblits: lightning-fast iterative protein sequence searching by HMM-HMM
alignment

M Remmert, A Biegert, A Hauser, J S6ding - Nature methods, 2012 - nature.com

Sequence-based protein function and structure prediction depends crucially on sequence-

search sensitivity and accuracy of the resulting sequence alignments. We present an open-

source, general-purpose tool that represents both query and database sequences by profile

hidden Markov models (HMMs):'"HMM-HMM—-based lightning-fast iterative sequence

search'(HHblits; hitp:/ftoolkit. genzentrum. Imu. defhhbilits/). Compared to the sequence-

search tool PSI-BLAST, HHblits is faster owing to its discretized-profile prefilter, has 50 ... HHseal

7 Save UU Cite Cited by 1749 Related articles  All 12 versions

The HHpred interactive server for protein homology detection and structure
prediction

Ciorlimr A E= eqert. Al pas - Nucleic acids research T =T .'.'|:-'|'- OV CO
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HHpred is a fast server for remote protein homology detection and structure prediction and is
the first to implement pairwise comparison of profile hidden Markov models (HMMs). It

allows to search a wide choice of databases, such as the PDB, SCOP, Pfam, SMART, COGs
and CDD. It accepts a single query sequence or a multiple alignment as input. Within only a
few minutes it returns the search results in a user-friendly format similar to that of PSI-BLAST.
Search options include local or global alignment and scoring secondary structure similarity ...
vr Save DY Cite Cited by 3405 Related articles  All 15 versions



HHblits: lightning-fast iterative protein sequence searching by HMM-HMM
alignment
M Remmert, A Biegert, A Hauser, J S6ding - Nature methods, 2012 - nature.com

Sequence-based protein function and structure prediction depends crucially on sequence-
search sensitivity and accuracy of the resulting sequence alignments. We present an open-
source, general-purpose tool that represents both query and database sequences by profile
hidden Markov models (HMMs):"HMM-HMM—based lightning-fast iterative sequence

search'(HHbl A completely reimplemented MPI bioinformatics toolkit with a new HHpred server
search tool P 3t its core
vr Save WYY L Zimmermann, A Stephens, SZ Nam, D Rau... - Journal of molecular ..., 2018 - Elsevier
Abstract The MPI Bioinformatics Toolkit (https:/toolkit. tuebingen. mpg. de) is a free, one-stop
web service for protein bicinformatic analysis. It currently offers 34 interconnected external
and in-house tools, whose functionality covers sequence similarity searching, alignment
The H construction, detection of sequence features, structure prediction, and sequence
p rec]ic classification. This breadth has made the Toolkit an important resource for experimental
biclogy and for teaching bioinformatic inguiry. Recently, we replaced the first version of the ...

7 Save UY Cite Cited by 1399 Related articles All 8 versions
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the first to implement pairwise comparison of profile hidden Markov models (HMMs). It
allows to search a wide choice of databases, such as the PDB, SCOP, Pfam, SMART, COGs
and CDD. It accepts a single guery seguence or a multiple alignment as input. Within only a

few minutes it returns the search results in a user-friendly format similar to that of PSI-BLAST
Search options include local or global alignment and scoring secondary structure similarity

A
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HHblits: lightning-fast iterative protein sequence searching by HMM-HMM
alignment
M Remmert, A Biegert, A Hauser, J S6ding - Nature methods, 2012 - nature.com

Sequence-based protein function and structure prediction depends crucially on sequence-
search sensitivity and accuracy of the resulting sequence alignments. We present an open-
source, general-purpose tool that represents both query and database sequences by profile
hidden Markov models (HMMs):"HMM-HMM—based lightning-fast iterative sequence

search'(HHbl A completely reimplemented MPI bioinformatics toolkit with a new HHpred server
search tool P 3t its core
¢ Save UYL Zimmermann, A Stephens, SZ Nam, D Rau... - Journal of molecular ..., 2018 - Elsevier
Abstract The MPI Bioinformatics Toolkit (https:/toolkit. tuebingen. mpg. de) is a free, one-stop
web service for protein bicinformatic analysis. It currently offers 34 interconnected external
and in-house tools, whose functionality covers sequence similarity searching, alignment
The H construction, detection of sequence features, structure prediction, and sequence
reclic classification. This breadth has made the Toolkit an important resource for experimental
biclogy and for teaching bioinformatic inguiry. Recently, we replaced the first version of the ...

7 Save UY Cite Cited by 1399 Related articles All 8 versions

HTML] HH-suite3 for fast remote homology detection and deep protein annotation

M Steinegger, M Meier, M Mirdita... - EBMC ..., 2019 - bmchbicinformatics.biomedcentral ... e
HH-suite is a widely used open source software suite for sensitive sequence similarity N
searches and protein fold recognition. It is based on pairwise alignment of profile Hidden
Markov models (HMMs), which represent multiple sequence alignments of homologous
proteins. We developed a single-instruction multiple-data (SIMD) vectorized implementation
of the Viterbi algorithm for profile HMM alignment and introduced various other speed-ups.
These accelerated the search methods HHsearch by a factor 4 and HHblits by a factor 2 ...
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The Phyre2 web portal for protein modeling, prediction and analysis 1627 2015
LA Kelley, S Mezulis, CM Yates, MN Wass, MJE Sternberg
Nature protocols 10 (6), 845-858

Protein structure prediction on the Web: a case study using the Phyre server 4983 2009
LA Kelley, MJE Sternberg
MNature protocols 4 (3), 363-371

Subscribe to Phyre at Google Groups
Email:

L) h\ 17 .aZ
Visit Phyre at Google Groups
l ' L y, Follow @Phyre2server

Protein Homology/analogY Recognition Engine WV 2.0



https://www.youtube.com/watch?v=Adm8JQZMmj4&t=1s
https://www.youtube.com/watch?v=XoYHTF6XSY0

Sean R. Eddy

Profile hidden Markov models.
SR Eddy - Bioinformatics (Oxford, England), 1998 - academic.oup.com

... on profile hidden Markov model (profile HMM) methods and software is reviewed. Profile ...
Profile HMM analyses complement standard pairwise comparison methods for large-scale ...
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Andrej Sali

University of California, San Francisco
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structural biology molecular biophysics  bicinformatics

TITLE

Comparative protein modelling by satisfaction of spatial restraints
A Sali, T Blundell

Journal of Molecular Biology 234 (3), 779-815

Comparative protein structure modeling using Modeller
M Eswar, B Webb, MA Marti-Renom, MS Madhusudhan, D Eramian, ...
Current protocols in bioinformatics 15 (1), 5.6. 1-5.6. 30

Comparative protein structure modeling using MODELLER
B Webb, A Sali
Current protocols in bioinformatics 54 (1), 5.6. 1-5.6. 37
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Program for Comparative Pralain
Structure: Madalling by Salisfaction
af Spalial Restraints

CITED BY

13775

4451

3961

B2 FoLLow

YEAR

1993
2006

2016



https://www.youtube.com/watch?v=Zb98mmfnsvg

Joe Felsenstein

University of Washington
Verified email at uw.edu

evolution
TITLE CITED BY YEAR
. . *
PHYLIP (phylogeny inference package), version 3.5 ¢ 27698 1993
J Felsenstein
Joseph Felsenstein.
& https://evolution.genetics.washington.edu/phylip.html B ® & @ 0 ¢ 1

N

PHYLIP

A new release of PHYLIP, version 3.698, is now available as source code. This release
differs in correcting the consensus tree bug that was recently pointed out, and in its
license -- from version 3.696 on, we have had an open source license, so that PHYLIP
can be distributed with other software that has commercial licenses or has a restrictive
open-source source license. MacOS executables are at version 3.695, with the old
license, but | will update them soon.
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MEGADS: molecular evolutionary genetics analysis using maximum likelihood, evolutionary 47561 2011

distance, and maximum parsimony methods
K. Tamura, D Peterson, N Peterson, G Stecher, M Nei, 5 Kumar
Molecular bioclogy and evolution 28 (10), 2731-2739

MEGAG: molecular evolutionary genetics analysis version 6.0 46406 2013
K Tamura, G Stecher, D Peterson, A Filipski, S Kumar
Maolecular biology and evolution 30 (12), 2725-2729

MEGAY: Molecular Evolutionary Genetics Analysis version 7.0 for bigger datasets 43888 2016
S Kumar, G Stecher, K Tamura
Maolecular biclogy and evolution 33 (7), 1870-1874

MEGA4: molecular evolutionary genetics analysis (MEGA) software version 4.0 35537 2007
K Tamura, J Dudley, M Nei, S Kumar
Molecular biology and evolution 24 (8), 1596-1599

MEGA X: molecular evolutionary genetics analysis across computing platforms 31834 2018
S Kumar, G Stecher, M Li, C Knyaz, K Tamura
Molecular biology and evolution 35 (6), 1547

MEGAS: integrated software for molecular evolutionary genetics analysis and sequence 14695 2004

alignment
S Kumar, K Tamura, M Nei
Briefings in bicinformatics 5 (2), 150-163

Molecular evolution and phylogenetics 10523 2000
M Nei, S Kumar
Oxford University Press

MEGA11: Molecular Evolutionary Genetics Analysis version 11 8543 2021
K Tamura, G Stecher, 5 Kumar
Molecular Biology and Evolution 38 (7), 3022-3027
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Yoo - PETMyTE, lﬁliﬂi literally meaning “for (ewery) myriad (ten thousand)”
Volume 486, June 2024
Mo. Citations EC_; RCR ECrcr  Title Authors Journal Year PMID Articlel?)
Cleavage of structural proteins
1 224480 2244600 | 496657 | 4966.6 | during the assembly of the head of | U K Lasmmii Mature 1970 | 5432063 | Yes
bacteriophage T4.
& rapid and sensifive method for
> | 172480 | 1724900 700008 | 7080 | IS GuaNtitation of microgram M M Bradford Anal Biochem 1976 | 942051 | Yes
guantities of protein utilizing the
principle of protein-dye binding.
) . .| OHLowry, N J
3 | 2ssse3 | 713982 |00 gp | Frotein measurement with the Folin | o ough, AL Far RJ | J Biol Ghem 1951 | 14807713 | Yes
phenol reagent.
Randall
Analysis of relative gene
exprassion data using real-time . _
4 121404 607020 | 314 | 16067 guantitative PCR and the 2(-Delta K J Livak, T D Schmittgen Methods 2001 | 11846609 | Yes
Delta CIT)) Method.
5 45196 451960 139613 | 1396.1 | A short history of SHELX. George M Sheldrick Acta Crystallogr A 2008 | 18156677 | Yes
Rapid colorimetric assay for cellular
growth and survival: application to
g J8nT J6T717.0 118311 | 11831 proliferation and cytotoici T Mosmanin J Immunol Methods 1983 | GE0GG22 | Yes
assays.
Single-step method of AMA
7 64346 | 321730 192085 |opag | Soiauon by acid guanidinium P Chomezynski, N Sacchi | Anal Biochem 1987 | 2440339 | Yes

thiocyanate-phenal-chloroform
extraction.


http://unicornpapers.org/

Home Methodology Volumes Contact
Unicorn Papers
Top %eee cited papers from PUBMED
Unicown Papers are based on an equal contribubion (EC) citation model in winch the tofal number of cilafions had been divided by the number of the authors
Currently, the list contains 3882 papers with EC ;= 1051.0
Yoo - PETMyTE, lﬁm literally meaning “for (ewery) myriad (ten thousand)”
Volume 486, June 2024
Mo. Citations EC_; RCR ECrcr  Title Authors Journal Year PMID Articlel?)
Cleavage of structural proteins
1 224480 2244600 | 496657 | 4966.6 | during the assembly of the head of | U K Lasmimili Mature 1970 | 5432063 | Yes
bacteriophage T4.
& rapid and sensifive method for
2 | 172480 | 1724800 | 7090.08 | 70001 | MG QUANGtation of microgram M M Bradford Anal Biochem 1976 | 942051 | Yes
guantities of protein utilizing the
principle of protein-dye binding.
) . .| OHLowry, N J
3 | 2ssse3 | 713982 |00 gp | Frotein measurement with the Folin | o ough, AL Far RJ | J Biol Ghem 1951 | 14807713 | Yes
phenol reagent.
Randall
Analysis of relative gene
exprassion data using real-time ) )
4 121404 607020 | 30114 15057 guantitative PCR and the 2(-Delta K J Livak, T D Schmittgen Methods 2001 | 11846609 | Yes
e
5 45196 451960 139613 | 1396.1 | A short history of SHELX. George M Sheldrick Acta Crystallogr A 2008 | 18156677 | Yes
AR . "
growth and survival: application to
G J8nT J6T717.0 118311 | 11831 proliferation and cytotoici T Mosmanin J Immunol Methods 1983 | GE0GG22 | Yes
assays.
Single-step method of AMA
7 64346 | 321730 192085 |opag | Soiauon by acid guanidinium P Chomezynski, N Sacchi | Anal Biochem 1987 | 2440339 | Yes

thiocyanate-phenal-chloroform
extraction.


http://unicornpapers.org/

MMseqs2 (Many-against-Many sequence searching) is a
software suite to search and cluster huge protein and
nucleotide sequence sets. MMseqs2 can run 10000
times faster than BLAST. It can perform profile searches
with the same sensitivity as PSI-BLAST at over 400
times its speed.

O

ColabFold is an easy-to-use environment for fast and

Martin Steinegger

custom badge NiN3ccEssinle
BiocConda install [136k

convenient protein structure predictions. Its structure
prediction is powered by AlphaFold2 and RoseTTAFold
combined with a fast multiple sequence alignment
generation stage using MMseqs2, which speeds up the
MSA generation by a factor of 16 over the AlphaFold
system.

Foldseek is a software suite for searching and clustering
protein structures. It is 600,000 times faster than the Extra lecture on YouTube
fastest state-of-the-art aligners. Allowing to query

millions of structures in seconds.
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convenient protein structure predictions. Its structure

prediction is powered by JAlphaFold4 and RoseTTAFold

combined with a fast multiple sequence alignment
generation stage using MMseqs2, which speeds up the
MSA generation by a factor of 16 over the AlphaFold
system.

Extra lecture

YouTube

https://
www.youtube.com/
watch?v=k5Rbi22TtOA

Foldseek is a software suite for searching and clustering
protein structures. It is 600,000 times faster than the
fastest state-of-the-art aligners. Allowing to query
millions of structures in seconds.

O




Bioinformatics (especially large scale projects
usually require serious computer resources)

AlphaFold installed locally ~3 TB
AF2DB >50TB

PDB ~1TB
UniProt - just TrEMBL 104 GB



Bioinformatics (especially large scale projects
usually require serious computer resources)

ALPHAF @LD

PROTEIN STRUCTURE
' DATABASE

25TB (tar.gz)
3 x 214M files

AlphaFold installed locally ~3 TB
AF2DB >50TB

PDB ~1TB
UniProt - just TrEMBL 104 GB



ALPHAF(@LD >

PROTEIN STRUCTURE
Google Cloud

| DATABASE

25TB (tar.gz) ~ 3 weeks to download

1,015,797 sharded proteome tar files

containing
from 1 to 10,000%*
protein structure models

3 x 214M files

>90% cases just 1, but some proteomes divided into multiple shards

https://github.com/deepmind/alphafold/blob/main/afdb/README.md



UmProt ,= MGnify

> 500M > 2.4B
sequences
ALPHAF @LD ESM Aflas
PRC.?TEIN STRUCTURE Metagen omics
DATABASE Profein Dataset
@ DeepMind OO Meta Al

214M 617M

structures
PART 1 PART 2



UniPro}} MGnify

> 500M > 2.4B
sequences

ALPHAF @LD ESM Aflas

PROTEIN STRUCTURE Metagen omics

| DATABASE Protfein Dataset
@ DeepMind OO Meta Al

214M (189M) 617M

structures

2518 15TB



Nuclear envelope

Outer membrane
Inner membrane

Nucleolus

Nucleoplasm

“hromatin
Heterochromatin

Euchromatin

Ribosomes

Nuclear pore

https://en.wikipedia.org/wiki/Nuclear_pore
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Jan KosinsKi
Group Leader

EMBL

Complexes modeled using Assembline

Type VIl secretion system Elongator complex
(Science Advances, 2021) (EMBO Reports, 2017)

Human pore complex .
(Science, 2016) Human pore complex (Science, 2022)
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Budding yeast nuclear pore comp re complex (Science, 2021)
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Thank you for your time
and
See you at the next lecture

Presentation of the projects

Any other
guestions & comments

lukaskoz@mimuw.edu.pl
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