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Tables vs. plots

When you present the data use both:

Plots

the best solution, very natural and easy to interpretation
(but also prone for miss-interpretation)

Tables

harder to interpret in short time, but higher information content

* Raw data
for the sake of completeness if you can add them

* The scripts
for the sake of reproducibility if you can add them

* The text
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Tables vs. plots

Some proofs:

03% of human communication is non-verbal

People remember:

80% of what they see
and
20% what they read

Albert Mahrabian (1971) ,Silent Messages”

using visuals will make a presentation 43% more persuasive

Vogel, D. R., Dickson, G. W., & Lehman, J. A. (1986). Persuasion and the
role of visual presentation support: The UM/3M study.
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Rounding

1.578454545454348412211111
1.574847398437943894794243
1.784353534543
1.7842328948593543

Key question: does this make sense to use the given precision?

Consider example: 1.578454545454348412211111 (that should be

1.5784
1.5748
1.7843
1.7842

1.6 £ 0.2
1.6 £ 0.2
1.8 £0.2
1.8 £0.2

presented as 1.5784) is theoretical calculation (e.g. prediction based

deep learning model), but ... this is only prediction of some natural

phenomen that due to the technique we use we can measure with 0.2

precision.



Tables vs. plots

Tables

1) Use clean template

2) Make it interactive if possible (html)



Tables vs. plots

Tables (for print)

State Date Item Price Qty Amount

CA 28-May Tent 199 2 398
WA 16-May Headlamp 39.99 2 79.98
WA 19-May Sleeping Bag 38.5 1 58.3
WA 13-May Headlamp 39.99 1 39.99
CA b-May Tent 199 3 297
OR 21-May Backpack 98.77 1 98.77
OR 5-May Backpack 98.77 1 98.77
CA 1-May Bike rack 415.75 2 831.5
CA 3-May Backpack 180.5 1 180.5
CA 4-May Bike rack 415.75 1 415.75
CA 12-May Backpack 220.3 1 220.3
CA 4-May Headlamp 39.99 4|  159.96



Tables

Method | Protein dataset Method |Peptide dataset
BEMSD U Oultliers EMSD U Outliers
Avg pl 0.874| 096 53 Avg pl  |0.454 50.6 1571
Bjellgvist 0.034| 0044 47 Bjellgvist |0.660 161.5 1583
Dawson 0. 044 0.945 56 Dawson 0435 52.0 1432
OTA Select 0. Gd5 1.032 58 DTASelect |0.55 i1 1714
EMBOSS 0.955 1.056 G EMBOSS |0.325 1.5 172
Grimsley 0. %63 0.6 G Grimsley |0.616 131.4 1550
IPC prote 0. 9366 0874 46 IPC pelpli|0.251 0 232
i) de
Lehninger 0. 368 097 59 Lehnimger |0.262 2.5 236
M ozald 0.97 1.024 56 MNozali [0.602 124.3 1366
Patrickios 0.7 2,302 227 Paltrickios |1 0098 FTH 1 2730
plPredict 1.013 1.048 56 plPredict |1.024 403.6 2720
plE 1.024 1.013 S8 plE 1.881 41597 33158
ProMoST 1.03 0.966 32 Pro®MoST [1.239 B734 2649
Rodwell 1.032 0.963 58 Bodwell [0.502 T84 1350
Sillero 1. 05 1.059 063 Sillero  |0.428 50.3 1223
Solomon 1. 056 0.97F SH Solomon |0.255 0.9 235
Thurlkill 1. 050 1.032 &l Thurllkill [0.481 69.7 1361
Tosel and 2.392 0934 32 Toselamd |0.425 4491 300
Wikipedia 0.96 0.955 a3 Wikipedia |0 421 a4t 1467




Tables

Method |Protein dataset Method |Peptide dataset

REMSD U Dutliers REMSD %o Dutliers
IPC prote 0.874 0 46 IPC pepli 0.251 0 232
ir de
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Bjellgvist (0. 04 17.7 47 Lehninger 0.262 2.5 236
Divwson 0,945 17.8 56 EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 1a) Wikipedia 0.421 4749 1467
Rodwell 0.963 22.8 58 Toseland 0.425 441 OO0
ProbMoST FRE 216 ad Sillero 0428 50.3 1223
Grimsley (0. GGE 24 2 G Dawson 04315 52.9 1432
Solomon 0.97 24.8 58 Thurlkill 0481 Be.7 1361
Lehnimnger 0.97 25 59 Rodwell 0.502 T8 .4 1359
Pl 1.013 K1 SE DTASelect 0.550 L | 1714
Mozalki 1024 41.3 56 Mozalki 0602 124 .3 1368
Thurdkill 1.03 43 4 B61 Grimsley 0616 131 .4 1550
DTASelect 1.032 441 SE Biellgvist 0.GES 161.5 1583
plPredict 1. 028 ath 4 56 plPredict 1.024 203 6 2720
EMBOSS 1.056 52.3 i ProbMoST 1.239 B73.4 2640
Sillero 1.059 53.2 B3 plE 1.881 415497 3358
Palrickios 2392 3201.8 L Palrickios 1005 > 2739
Avg pl 0.96 22.1 53 Avg pl 0.454 506 1571




Tables

Method |Protein dataset Method |Peptide dataset

REMSD U Dutliers REMSD %o Dutliers
IPC prote ) L 46 IPC pepl 0.2531 L 234
ir de
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Bjellgvist (0. 04 17.7 47 Lehninger 0.262 2.5 236
Divwson RS ) 178 56 EMBOSS 0325 18.5 372
Wikipedia 0. 455 2005 1a) Wikipedia 0411 4749 1467
Rodwell 0.963 248 o Toseland 04225 441 LhLlhlh
ProbMoST FRE 216 ad Sillero a2l a4 12423
Grimsley (0. GGE 24 2 G Dawson 04315 52.9 1432
Solomon RS 24 B aH Thurlkill 0.apl BO.Y 1361
Lehnimnger LR ) ot Rodwell .ol TH .2 14549
Pl 1.014 1. o DTASelect . 3o L | 1714
Mozalki 1. 024 41,4 56 Mozalki 0602 124 .14 1368
Thurdkill 1.0 44 4 B61 Grimsley 0616 141 .4 15530
DTASelect 1042 441 aH Biellgvist 0.GES 161.5 1583
plPredict 1. (u2H ath 4 56 plPredict 1.04 203 6 arpti |
EMBOSS 1.056 ad.4 i ProbMoST 1.24% Hd4 2640
Sillero 1.5 a4, 4 B3 plE 1.HE1 415497 456
Palrickios LA 2018 L Palrickios 1 L > 2730
Avg pld 0,56 221 a4 Avg pl 454 50.6 15371

Sort (decide how, use html if possible)




Tables

Method |FProtein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0.B74 0 46| |IPC peptide | 0,251 0 232
Toseland 0.934 14.9 52| |Solomon 0.255 0.9 235
Bjellgvist 0,944 17.7 47| |Lehninger 0.262 2.5 236
R 0.945 17.8 56| |[EMBOSS 0.325 18.5 372
Wiki pedia 0.955 20.5 55| |Wikipedia 0.421 47 1467
Rodwaell 0963 228 58| |Toseland 0,425 441 0900
ProMoST 0.966 23.6 52| |Sillero 0. 428 50.3 1223
Grimsley 0. 968 24 2 60| |Dawson 0.435 52.9 1432
Solomon 0.97 24 .8 58| [Thurlkill 0.481 69.7 1361
Lehnimger 0.97 25 50| |Rodwell 0. 502 TE.4 1359
plE 1.013 B 58| |DTASelect 0.550 U1 1714
Mozaki 1.024 41.3 56| |MNozaki 0602 124.3 1368
Thurdkill 1.03 43 4 61| |Grimsley 0.616| 131.4 1550
DTASelect 1.032 441 58| |Bjellgvist 0.660( 161.5 1583
plPredict 1.048 4 4 56| |plPredict 1.024) 49316 2720
EMBOSS 1.056 52.3 60| |ProMoST 1.230] B71.4 2649
Sillero 1.059 53.2 63| [plR 1.881 41597 3358
Palrickios 2392 32018 227 |Patrickios 1.O0E | 54791 2739
Avg pl D06 221 53 [ [Avg pl 0.454| 596 1571




Tables

Method |FProtein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0.B74 L 46| |IPC peptide | 0,251 L 242
Toseland RE N 14t 52| |Solomon 02553 L.t 245
Bjellgvist 0,944 17.7 47| |Lehninger 0. 262 2.5 236
R IREE 327 176 56| |[EMBOSS LI 16 .5 372
Wiki pedia RS bl 0.5 55| |Wikipedia il 47 1467
Rodwaell 0963 24 H 58| |Toseland U4l 441 LrLh)
ProMoST 0.966 23.6 52| |Sillero L 2LE ol 1424
Grimsley 0. 968 24 2 60| |Dawson 0.435 52.9 1432
Solomon LR 24 H 58| |Thurlkill L. 4H] 6O.7 1361
Lehnimger IRiE 23 59| [Rodwell L, i TH.4 1354
plH 1.014 A 58| |DTASelect L. 3o U1 1714
Mozaki 1.00vid 41.4 56| |Nozaki 0. 602 1243 1368
Thurdkill 1.4 414 61| |Grimsley 0.616| 131.4 1530
DTASelect 1.0 441 58| |Bjellgvist 0.660( 161.5 154
plPredict 1.0k 4 4 56| |plPredict 1.024) 49316 2020
EMBOSS 1.056 ad.4 60| |ProMoST 1240 HS4.4 2649
Sillero 1.0549 a3 B3| |plR 1. HE1 | 41547 3358
Palrickios 2.4 4201 B 227 |Patrickios 1. UE | 521 2744
Avg pld .56 4.1 a4 |Avg pl L. a5 50.6 1571

Bold & Align, the same font (size, type, consider using monotype font for
better alignment)

Optimal width of columns and vertical and horizontal alignment, avoid blank
spaces



Tables

Method |Frotein dataset Method |Peptide dataset
RMSD %o Outliers RMSD %o Outliers

IPC protein| 0874 0.0 46| [IPC peptide| 0.251 0.0 232
Toseland 0.934 14.9 52| [Solomon 0.255 0.9 235
Bjellgwist 0.944 17.7 47| |Lehninger 0.262 2.5 236
Lraw son 0.945 17.8 56| [EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 55| |Wikipedia 0.421 474 1467
Rodwell 0.963 228 58| [Toseland 0.425 441 OO0
ProMoST 0.966 2316 52| |Sillero (0. 428 50.3 1223
Grimsley 0.968 24 2 60| |Dawson 0.435 52.9 1432
Solomon 0.970 24 B 58| |Thurlkill 0.481 69.7 1361
Lehnimger 0.970 25.0 59| |Rodwell 0. 502 8.4 1359
618 21 1.013 38.0 58| [DTASelect 0.550 a1 1714
Mozaki 1.024 41 .3 56 [Mozaki 0.602( 124.3 1368
Thurkill 1.030 431 .4 61| |Grmsley 0.616| 131.4 1550
DTASelect 1.032 441 58| |Bjellgvist 0.669| 161.5 1583
plPredict 1.048 4.4 56| |plPredict 1.024| 493.6 2720
EMBOSS 1.056 52.3 69| |ProMoST 1.239| B73i4 2649
Sillero 1.059 53.2 63| |plR 1.881|4159.7 3358
Patrickios 23923201 .8 227 |Patrickios 1.998 | 54791 2739
Avg pl 0060 221 51| |Avg pl 0.454| 59.6| 1571

Use the same decimal point (do not round at different levels)



Tables

Protein dataset Peptide dataset
Method 1 oMSD] % [outliers| | Method oMsp| % [outliers
IPC protein| 0874 0.0 46| |IPC peptide| 0.251 0.0 232
Toseland 0.934 14.9 52| |Solomon 0.255 0.9 235
Bjellgvist 0.944 17.7 47| |Lehninger (.262 2.5 236
Drvwson 0.945 17.8 86| |[EMBOSS 0.325 18.5 372
Wiki pedia 0.955 20.5 55| |Wikipedia 0.421 47 .9 1467
Rodwell 0.963 22.8 58| |Toselamd 0.425 491 L
ProMoST 0.966 23.6 52| |Sillero 0.428 50.3 1223
Grimsley 0.968 242 60| | Dawson 0.4315 52.9 1432
Solomon 0.970 24 B S8 |Thurlkill 0.481 6.7 1361
Lehninger 0.970 25.0 59| |Rodwell 0. 502 7B .4 1359
plE 1.013 38.0 58| |DTASelect 0.550 99.1 1714
Mozalki 1.024 41.3 56| |Nozaki 0.602) 124.3 1368
Thudkill 1.030 431 .4 61| |[Grmsley 0.616( 131.4 1550
DTASelect 1.032 44 1 58| |Bjellgvist 0.669| 161.5 1583
plPredict 1.048 49 4 56| |plPredict 1.024| 493.6 2720
EMBOSS 1.056 52.3 69| |ProMoST 1.239| B73.4 2649
Sillero 1.059 53.2 63| |plR 1.881(4159.7 3358
Patrickios 2392|3201 .8 227\ |Patrickios 1.998| 54791 2739
Avg pl 0o60| 221 53| |Avg pl 0.454| 59.6| 1571

Less is more (hide some of the borders and make them ticker)



Tables

Prolein dalasel Peplide dalasel
M ethod EMSD 4 Oulliers Method EMSD 4 Outliers
IPC protein 0874 0.0 46 IPC peptide  0.251 0.0 232
Toseland 0.934 14.9 52 Solomon 0.255 0.9 235
Biellgvist 0,044 17.7 47 Lehninager 0.262 2.5 236
Dawson 0.045 17.8 56 EMBOSS 0.325 18.5 372
Wikipedia 0.955 20.5 55 Wikipedia 0.421 479 1467
Rodwell 0.963 22.8 58 Toseland 0.425 491 GO0
ProMoST 0.966 23.6 52 Sillero 0.428 50.3 1223
Grimsley 0.968 242 &0 Dawson 0.435 52.9 1432
Solomon 0.970 248 5B Thurlkill 0.481 607 1361
Lehninger 0.970 25.0 50 Rodwell 0.502 T84 1359
plR 1.013 18.0 58 DTASelect 0.550 99.1 1714
Mozaki 1.024 41.3 56 Mozaki 0.602 124.3 1368
Thurlkill 1.030 4314 61 Grimsley 0.616 111.4 1550
DTASelect 1.032 441 58 Bijellgvist 0.660 161.5 1583
plPredict 1.048 49.4 56 plPredict 1.024 493.6 2720
EMBOSS 1.056 52.3 6O ProMoST 1.239 B73.4 2649
Sillero 1.059 53.2 63 plR 1.B81 41597 3358
Patrickios 2.392 3201.8 227 Patrickios 1.998 54791 2739
Avg pl* 0.960 22.1 53 Avg pl 0.454 59.6 1571

Less is more

avoid as many blank space as possible, correct the width of columns



Tables

1.2 Task 2

Table 1: Average protein length for selected organisms

Crganism Average length Error

Arabidopsis 423.23 32435
thaliana

Saccharomyces 485,37 aR3.44
cerevisiae

Homo sapiens S45.84 40659
Drosophila GR1.07 9468

melanogaster

Caenorhabditis 460,81 SRR
elegans

Danio rerio 52416 G748
Mus musculus 4920.91 SR5.2T
Escherichia coli | 308.45 23012
(O1aT-HT

Bacillus subtilis | 285.76 265.21

Some examples from students



Tables

Table 2: Average amino aside content

for

selected organisms

Arabidopsis
thaliana

Saccharomyces

cerevisiae

Homo sapiens

Drosophila

]]]{"]H]]{."}._‘_,IHH"I'

Caenorhabditis

elegans

Danio rerio

Amino Avg Error Avg Error Avg Error Avg Error Avg Error Avg Error

acid

A 26.49 [ 26.64 3.55- 10~ | 24.07 3551071 | 50.5 ( 20.9 3551071 | 32.44 (

o T.85 RAES-107M | 616 ( T.62 RAES-10-1 | 15,24 ( 15 L7810~ | 12.25 L.78- 10~
D 2287 [ 28.33 3.55- 10717 | 1661 [ 30.28 ( 24.99 35510717 | 27.49 3.55- 10710
E 28.62 3.55-1071 | 31.65 U 24.61 [ 161 U al1.11 [ 6.4 [

F

L1506 0

21.53 0

1237

BT

22.46

20.53

3.55-10°F

1953 0

& 26,84 0 24.11 3.55- 1071 | 22.66 0 1217 0 25.02 0 31.34 0
H G4 ( 154 L7R-1077 [ 0 ( L=l ( LGs L.7TR-1077 | 14.04 1.78-10° 1
| 22.59 3551071 | 31.84 3.55- 107" | 14.89 3551071 | 32.67 0 27.27 [ 24.65 3.55- 10~
I 27.02 [ 35.62 T11-107% | 19.76 [ 37.35 ( 28T () S1.09 3.55- 1071
L .64 TAL-10-1 | 46.16 ( 34.22 [ LR TAL-10-7 | 38.74 () 19.73 [
M 1034 [ 112 ( 7.061 [ 15.25 L78-10-% | 11.97 [ 12.52 [
N 1861 0 2089 T1L-107 | 1236 0 32.23 0 22.05 3551071 [ 2117 3.55- 101
F 20.2 [ 21.25 35510717 | 2179 35510~ | 30.42 (0 23.5 [ 2857 0

14.97 [

1917 0

1654 [

370

19.67

25.08 g

T

i
28.74 o

It 22.77 [ 21.57 0 1o.54 [ 37.28 0 2417 [ T
5 s Nats) TA1-10-0 | 43,62 TAL- 1075 [ 20.05 3551071 | 5879 TAL-10-% | 37.93 () 10637 (
T

21.49 [

2871 (

1= [

B R

27.67

20.78 [

28.13
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26.97 (

20.74 [
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28.7H

Ta1-10°F

32.74

T

0.23 [
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(.27

L1k
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11.97 0

LG43 0

805 0

L8059
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Table 2. The average protein length in 9 organisms

Name Average length sSD
A_thaliana 454.201 2.419759
B_subiilis 456,467 115.143967
C_elegans 459,780 3.322099

D_melanogaster 619.257 10.575964

D_rerio 480.234 7.156470

E_coli 293.778 9.851681

M_musculus 566371 4.493338
5_cerevisiae 449 859 4.6460492
H_sapiens 557163 4.178259

Some examples from students




Tables

Organism:

Mean len:

a_thaliana
bacilus_subtilis
c_elegans
d_melanogaster |
d_rerio |
escherichia_coli |
homo_sapiens |
mouse

yeast

423.4279862612899
289.75985915492964

460.82106370192315
681.0674233517228
526.6298952490272
306.02434077079107

345.8414062601425

420.91481882098435

449.65185735512637

Table no. 2: Average protein length (mean) for
selected organisms.
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2)TABLES
a)

NAMES mean_length A C o E F = H 1 4 L M M F R 5 T W
0 Athaling AILESLESTAEEIIE  L31061E  3BL6EE 1132130 1422415 2 BTTEEE 1326101  4TSP66 1102566 1331776 1591451 510500 9160r4 994313 T4TTEE 11ETISE  1D19TST  1054ETS 1382249 ZE5147 SEETIO
1 Bsubilks 200 430033015506 4572 BEE3 B3TEZ BOGDZ S53EL B5115 ZTEE DDEDY BEOSO 118906 34319 ABEI3 45030 ATI0B 50333 TTETL BET1E B3031 LETER 4201
2 Celegans ATIHETIOLSETI0Z  BTEBES  EE2ET  TI0ZLI  DLEZEG  SETLEM TZBIVE  31aSS0 TESEDD  BATGI0  L1Z3ETE BTEAT  G40ETD  toESEd4 SBODEE  TOBGES 1111134 BDELDE  BE3E0LE 142584 40532
3 Dmelanogasier BELOBOBETZTZLOE 1521208  3E3LZZ 1L0S1SE0 1313236 6T1ETT LZTT107  S400dE  9FZEET 1113015 1773002 457615 9ETEMd 1184608 1103511 1106750 1754117 11BESEL  11ETT19 18734 5721
4 Ecol I ZZTEAQDBAI 20T 126300 15418 &7940 TE4DG Sle62 aT4vE DEE TOEET SEZET  141BE3 374886 S1E64 SEEEZ SE20L T3243 TESSE mar QIEZE  A2E4 3rsoT
5 lhuman B64.3LZ1IEO0EN0F SE1FNGEE  16EID040 374433 SER0GED  ZEBIGET JEZ4EE4  20ME0D61  3ETIE0 4643451 TSIEZ0ZE  1GE4DET ZBEJSIE 4BI090TT FE30Z0 4ZDEUE]1  GB4ZDT A4LBEZIG 4531956 BETESZ 1BEIEEG
& Mmus.cuhus BOE 3301409060185 4304060 1375443 3154057 46M0E00 Z1GEEEZ 4014719 170BESE ZT11313 3TeEZ4E 6241460 1301149 304055 4133304 Z233611 3640835 Sr41712 35564127 3BOGEZ] 20520 1638740
Tyeast 4BEAZ1IEZE15MMT 11003 3Tl 1T1Z35 181352  1FeEET 145771 E36A0  19EFED  ZISIBE  ZTETEL BLOS6 180460 LEEFDD 115810 130244 BEEE9Z  1TES6Z 16EDES 3dEBE 9167
& zehmfish TETB0SDEOLEAES 2421950  BL3B6Z 2042002 ZTESTZL 13190140 ZF0E50T 1015261 1736500 Z3A06ZD 3530182 O0BL3Z 1531431 ZA04334 1596063 Z11DE3E 3000ZBE 2225070 23534735 o041l 9OBEE
b)
names mean_length A C D E F G H I K L M N P Q R S T A W Y
Archaea 291.56 1709 409 1500 2268 1272 1953 524 2299 3298 2587 745 1507 1018 660 1298 1622 1323 1910 249 1005
Bacteria 3943 4115 506 2239 2377 1185 3313 892 2590 1771 3804 1046 1471 1714 1538 2310 2078 2076 3167 336 901
Eukaryota 680.34 4861 1354 3474 4926 2481 4203 1665 3085 4107 6757 1444 2589 4019 3211 3550 5901 3709 4162 751 1783
Viruses 1562.94 10497 3208 7638 9407 5667 10853 3534 9076 9733 13958 3758 6617 8065 6353 B220 9746 10431 11345 2956 5220
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table:

me A t ] E F G K I k L N N P q R § T ¥ W f

M GETLIBUGES LRSHGTIORS QIGHOTITY GRUTASEOEY LPUBGAORN GURMCTUTRDY NONOUMAT SRURGENMOM GMOENME IBC0OTEH LAWUMTRY CSICENS LTMATL  IENMEUR S OHHAIL DNESHONIE GOENMID ARISTHANGE LDMNTITIG 2H0MRERR
Rubde  THSOGHAIED (TROBSTROLAT OEGTSCUZN TSECGEGST (TOMMETN GOEMMREGN JMUTXOTUS TOMCHIELS TOROMEEN ARMBISTL LMMISHNEN JGDUNIATE AGMGATNGNT IRLGTOOD SOOUISEMDE GRURTENGD SOMAGTBONN ATTIGEEMBY LMUNGGEESN 1 SDSIHET
(e GOUDMCHBGRBE  LOGOMGCNGGS RATTNTSEGH GTOCGZEGY ATAIAUEY SOERMMITAN ISTRRITMGNS AESIONGHEAL AIMIROGY SMEIANN SWOTETICE ATTBUGDUN RITOUNGE (ASIGGE STECURY STMTENES GOHUNNMS DOCENMDG L0GESLCREM 3MATEINME
Dndogeter  TITORLSES  LEOOROERLT) OTBRONTACSH GATRIMGERE 1JNTIGAISEM  RIMDMGCGN MRGAETRRY AMOIBTHING SLMSISGH ATHONGMGM DISHEMSED CRORIED ATEREMUM SORGIRMER SETUMTHE HRMMGIENE SRCEITIRE SRGITHINTY AN LA
i} OSAISTHAOEY  LIRGMLOTRGALS 5 INTREROR) STTEUAMEUTY JHOGESTUIS RSN  BHGODS GMUTRGN] LSEBGERS 1 TECRIONE DEMRITOGM JO0MOGESAST LMNMTSEN JMGUSETI SROUIGENA STMOCEEE SMGHUGHE! TIS0GONIM LNNUSOLT LELOEINEN
hna ATIRGENE LUTSUENIE LESETAORY TORMUMMTE JSUTENGT GEACDUGHY MAIRURIHES CTMEOTRNS AOBCANE0R IMGTEENG DINWARNNG] ITIMSE0NY GABMOSTE A0 fRODNRIES! RGATRSOROMD SSUTHYIES ETANENIDO  LISMTRGENE LAEBUHE
Mmecds  GEOMOEDOY DIECIAOTT LHGRMNENY TEIINGGHH JAWTRINER TGRS RTINS LXGSING0H GCSONWIRED NGB LIMCNGNCS ISTIMOEINS AATNESTOLT SOBIGENGE AGHEMTIGN USUIENE SSNABINGTYY ANETGEITNEY LUMRGCHEN LSNgIE
et SACIAONAS  LNGAHEHEG SBA1RITSON AATRGHGITR A QI0SHHELY UTEORIAIS MMMTSATY ASECINEND TIRUEREALT (GTTRIBMER LMETANNCY GISBOTMIGDY LJEEMIS JUGANUNVO0 &N OBSREPILT SOLTEMANON ASETIEUTY 1MMCONEN 1 ERGLTEE
Eiefh  GMEHONRE  JUGNESHOERE SAMGHISENI TMETHELNE AENCOALE SOSCIMRSER JGUFASHNNTS ASIGSLACAC) ONHSMDEEIR AMGORABEE TEMMNSH J9DATISE ATHIMOMMNS ATTUMMEN ASMMCETEN UUMTIORGEE STRVIAN ALGETTHRM LMTATEANE LETAGNETS
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<~ E=2<-HWUVIDLOTVEZErE"IOTNMOOP

Archaea

5.BB157223213061
1.40279873782412
5.1447 3864727672
7.7788448346824
4.3627 3837289066
6.69B44071875420
1.797228700782
7.BB516D43330278
11. 3115653724791
B.B7205025366001
2.5552201948141
5.16874742763068
3.40156262861847
2.26368500480176
4.45191384277679
5.5631 7730058856
4.537650486809807
6.550967 21086569
0.854026615447935
3.44697 48936754

Bacteria

10.4364B07628903
1.28331938420950
5.67856146491161
6. 02855 766060514
3.0054021151944
B.402444050096122
2.26229425042481
6. 56876918004514
4.49161 784473357
0.64772122042152
2.652860971518426
3.73075654974765
4.34705419868625
3.90068223896117
5. B5863197139162
5.27023256993583
5.2651601613026
B.03215907073474
0.B52164650384235
2.28512008927439

Eukaryota

7.14516698024450
1.990239887 11195
5.10642050799624
1.24071025399812
3.64681326434619
6. 17 797507055503

2. 4473777046006
4.53463076159436
6. (3686500470367
0.83209078080903

2.1225305738476
3.B0556208842897
5.90751411100659
4.71083772342427

5.2181326434619
B.673B5836030104
5.45184619002822
6.11 770931326435
1. 10389228508307
2.62082549388523

Viruses

6.716704418935
2052699607 12046
4.BB7 31907705302
6.019247 25816153
3.62613736706722
6.944497 7T66EB5735
2.261 29688639767
5.80745063411013
B6.22784453743873
B.831290587162949
2.40462753228139
4.23401287416337
5.160543 12076887
4.06508747008613
5.259722808 76877
6.23616283385163
6.67447306791569
7.25931329263767
1.89145263050127
3.340115944 25462

Some examples from students

unipratiull

B.25863201049673
1.384534 79007297
5.462 70031833746
6.72742210535135
3.B6738224007662
7.07905368004444
2.27691550974409
5.91802632248123
5.80843588130241
0.654 77350180258

2. 4146352189777
4.06097180759022
4. T38B4461461316
3.93261672803534
5.53288008964043
6.63949050282185
5.35748016870878
6.B6356802238212
1. 100897 767 166 26
2.9207 3601134487



Tables

Table of average protein lengths
Errar is calculated by bootstrap with S00 repetitions, the estimated interval is

[avg length - -error, avg length + +error].

e e rrre e e e e e e T e wre e e we- e
| B | avg protein length | -error | +error |
e e rrre e e e e e e T e wre e e we- e
| Swissprot | 360, 44 | 1.38 | 1.35 |
| EBacteria | 319,495 | &.68 | &.1 |
| Viruses | 27T . 36 | 48.33 | 49.12 |
| Archasa | 273,04 | .33 | &.4 |
| Eukeryota | 451 . 24 | 20,87 | 32.47 |
rrE e rrre e e e e e e T e wre e e we- e
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Tackling big biological problems ADP

Extra big consortial/initiatives

Consortia

Scientific Competitions



Extra big consortialinitiatives ADP

ATLAS experiment

ATLAS (A Toroidal LHC ApparatuS)
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ATLAS experiment

ATLAS (A Toroidal LHC Apparatu$S)
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ATLAS experiment

ATLAS (A Toroidal LHC Apparatu$S)
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ATLAS experiment

ATLAS (A Toroidal LHC Apparatu$S)
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ATLAS detector is 46 metres long, 25 metres in diameter, and weighs about 7,000 tonnes;
it contains some 3000 km of cable



Extra big consortialinitiatives ADP

ATLAS experiment

The experiment is a collaboration involving roughly

10,000 physicists from hundreds institutions in >100
countries

Budget of €7.5 billion

First ring build in 1971-1984
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*. . s SRy
: ; = EU-XFEL o= 7 pAL-XFEL
: : w > R fG:EFrI'IEFI'f 2017 South Korea 2017
LET. [ g ,3{ S : By -
'i USA 2009 *i" , :j’l ‘T:"‘:ﬂ >t 3 r— SACLA
LCLS-1I e . ..) SwissFEL SR T :.-I-\': L Japan 2011
USA 2020 5~ ¢ Switzerland 2018 "' "L SHINE

2" China 2024

European XFEL
3.4-kilometre (2.1 mi) long tunnel

Cost for the construction and commissioning of the
facility is as of 2017 estimated at €1.22 billion
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Human Brain Project

Future Emerging Technologies (FET) Flagships from EU

121 partners from universities, research institutes and
companies in 20 countries

an
Launched in 2013 *]}P?

Budget of €1 billion (until 2019)

Brain, graphene and quantum technologies

https://www.humanbrainproject.eu
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Human Brain Project

Future Emerging Technologies (FET) Flagships from EU

121 partners from universities, research institutes and

companies in 20 countries p \
Launched in 2013 “ }P‘
Budget of €1 billion (until 2019) ,.4/

Brain, graphene and quantum technologies

16 of these projects will collaborate with the Graphene Flagship
and nine with the Human Brain Project. These projects will be
funded by a total budget of € 16.4 million and are expected to
start between December 2019 and March 2020
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1000 Genomes Project 1

Genomes Project -

inserthn W)
Dwistin D)

Copy Humbar Yariant DI o——
Fweralan O TN o —
W

Reference [T = =1

https:/lwww.internationalgenome.org
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1000 Genomes Project

O Final release population from the 1000 Genomes Project

;A population that was collected in diaspora

[
I\x-"._.}, _F/'I
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1000 Plant Genomes Project (1KP)

Followed by 10,000 Plant Genome Project

Theint ﬁ o

‘- '
e

1000 Plant Genomes Project

Funding Alberta Innovates Technology Futures
agency Alberta Agricultural Research Institute & (AARI)
Genome Albertad’
University of Albertag
BGI
China National GeneBank (CNGB)
Musea Ventures (Somekh Family Foundation)

Duration 2008 - 2019

Website www.onekp.comg

https:/isites.google.com/aJualberta.ca/onekp!/
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Encyclopedia of DNA Elements (ENCODE) is a public j=N(@{®]B]=S
research project which aims to identify functional J!
/

elements in the human genome }'_W

o RNA polymerase

-

3D : , .
. ||Chromatin || Chromatin Chromatin : o
ERTETL?:? Accessibility || Interactions Methylome || Madification ] |TFRRcpbaine] IRREEIRERS

/. e ek
- e E.

Enhancer-Like Elements Promoter-Like Elements IR L TN

Transcripts

http://lencodeproject.org/
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Human Microbiome Project
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/
PRI
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f
(Ac) Antecubital fossa —/ |
(Vi) Volar forearm

/
F

(Id) Interdigital web space

(Hp) Hypothenar palm
{Ic) Inguinal creas;/
(Umj) Umbilicus
(Tw) Toe web space J_U
Front

00045CCE00000

Back (Ba) “
Buttock (Bt) | ir
Gluteal crease (Ge) a
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J(—P1antar heel (Ph)

/

Back —

https://hmpdacc.org

Actinobacteria

mm Corynehacterineas

B Fropionibacterineae

B Microcoocineae

B Other Actinobactena
Bacteroidetes

== Cyanobacteria

Firmicutes

B Other Firmicutes

B Staphylococcaceae

== Proteobacteria

== Divisions
contributing < 1%

Unclassified

ADP
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Human Microbiome Project

_ODE Data  Encyclopedia  Materials & Methods ~ Help Sign in / Create account

Suftware Sear[}h Showing 25 of 144 results

Software type v Imperio — source & Software
This software includes (i) DeepBoost, a gradient boosting method for constructing boosted deep learning ann
otations by integrating deep learning allelic-effect annotations with fine-mapped SNPs; (ii) tools to combine th

Purpose v ese deep learning annotations with SNP-to-gene (S2G) linking strategies and relevant gene sets, and (iii) Imper
io, a method for integrating deep learning annotations with 526 strategies to predict gene expression in whole

used_by ~ blood and construct allelic-effect annotations based on changes in predicted expression. Applications of these
3 approaches to blood-related traits are described in our manuscript “Integrative approaches to improve the |

Selected filters: @ ENCODE nformativeness of deep learning models for human complex diseases”.
Softuare types other
REDITs —source & Software
REDITs contain a suite of tools to identify differential RNA editing sites using RNA-seq data @ released
Software type: other
mountainClimber — source & Software

mountainClimber is a method for de novo identification of alternative transcript start sites and polyadenylatio
n sites in RNA-seg data
Software type: transcript identification

™SFASrS — il P o
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Human Microbiome Project

_ODE Data  Encyclopedia  Materials & Methods ~ Help Sign in / Create account

Suftware Sear[}h Showing 25 of 144 results

Software type v Imperio — source & Software
This software includes (i) DeepBoost, a gradient boosting method for constructing boosted deep learning ann
otations by integrating deep learning allelic-effect annotations with fine-mapped SNPs; (ii) tools to combine th

Purpose v ese deep learning annotations with SNP-to-gene (S2G) linking strategies and relevant gene sets, and (iii) Imper
io, a method for integrating deep learning annotations with 526 strategies to predict gene expression in whole

used_by ~ blood and construct allelic-effect annotations based on changes in predicted expression. Applications of these
3 approaches to blood-related traits are described in our manuscript “Integrative approaches to improve the |

Selected filters: @ ENCODE nformativeness of deep learning models for human complex diseases”.
Softuare types other
REDITs —source & Software
REDITs contain a suite of tools to identify differential RNA editing sites using RNA-seq data @ released
Software type: other
mountainClimber — source & Software

mountainClimber is a method for de novo identification of alternative transcript start sites and polyadenylatio
n sites in RNA-seg data
Software type: transcript identification

™SFASrS — il P o
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Human Microbiome Project L

A Studies  |ml Data ®™ Cartg i Apps

Human Microbiome Project Data Portal Samples by Primary Site

Get Started by Exploring:

. -

Perform Advanced Search Queries, such as:

Human Microbiome Project samples from buccal

633 Samples 4,492 Files
mucosa.
I I . [ 1] - =\ — = 5 -
FASTQ data from female subjects. 13,314 Samples 17,653 Files S P e P S i
AT T G e ‘,pf’ %
5 @:@A}J:g_é 8 :bﬁ é%.@e $oe® t}j:‘@\"ﬁﬁb & PE &
. . , : : PR P E o ¥ S £
Human Microbiome Project samples from stool. 2,151 Samples 9,785 Files “*' 3 ¥ 2 & & e & 1:-;‘;@‘ & & €
&5 4 &
STUDIES PRIMARY SITE SAMPLES FILES

DATA PORTAL SUMMARY A 18 @ 48 8 31 ,596 I~ 161 ,265

https:/Ihmpdacc.org



biobank’

Enabling scientific discoveries that improve human health

https://www.ukbiobank.ac.uk/

UK Biobank is a large-scale biomedical database and research resource, containing in-
depth genetic and health information from half a million UK participants

- NGS data
- Magnetic Resonance Imaging (MRI) data from the brain, heart and abdomen (>60Kk)



Association of alcohol types, coffee and tea Adiposity, diabetes, lifestyle factors and risk of Association between household size and
intake with mortality gastroesophageal reflux disease COVID-19: A UK Biobank observational study




Association of alcohol types, coffee and tea
intake with mortality

Adiposity, diabetes, lifestyle factors and risk of Association between household size and
gastroesophageal reflux disease COVID-19: A UK Biobank observational study

Frontiers in Genetics, November 29th 2022 Search Publications:
Association of insomnia and daytime sleepiness with low back pain: A bidirectional mendelian
randomization analysis [

Peng Shu, Lixian Ji, Zichuan Ping, Zhibo 5un, Wei Liu

Science of The Total Environment, November 15t 2022

Exposure to various ambient air pollutants increases the risk of venous thromboembolism: A cohort
study in UK Biobank 7 2021 (931) || 2020 (664)
JLietal

2018 (310) 2017 (173)

Sleep Medicine, October 15t 2022 2016 (92) || 2015 (30) || 2014 (16)
Gender-specific association between obstructive sleep apnea and cognitive impairment among adults [ _ _

K Qiuetal
2013 (6) || 2012 (1)

Ecotoxicology and Environmental Safety, September 15t 2022

Long-term exposure to air pollution and risk of incident inflammatory bowel disease among middle and
old aged adults

Flietal
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Enabling scientific discoveries that improve human health

https://www.ukbiobank.ac.uk/

Description @ Tier 2

Core data

* Questionnaires and physical measurements ¢ Linked health data J \/ \/
* Health Outcome phenotypes * Web-based questionnaires

Assay data and enhanced measures

* Biochemical and haematological assays * Measured and imputed genotypes J \/
* Other platform based assays * Other enhancements

Very large datasets

* Imaging data * * Whole genome sequence data J
* Other large-scale assay data * Whole exome sequence data Via platform only

£3,000 £6,000 £9,000

(+£3,000 (+£3,000
vs Tier 1) vs Tier 2)

First 3 years - access to data with scheduled updates

Additional Institution fee - each additional institution added to an application £1,000 for first 3 years (£500 p.a. extension)

Low & Middle Income Countries and Student Researchers ** - access to all
datasets via the Research Analysis Platform (full fees apply to downloaded data)

£500 for first 3 years (£175 p.a. extension)
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Scientific Competitions ADP

Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Collective experiment for blind RNA structure
prediction (RNA-Puzzles)

Critical Assessment of Prediction of Interactions (CAPRI)
Critical Assessment of Functional Annotation (CAFA)
Critical Assessment of Microarray Data Analysis (CAMDA)
Genome Annotation Assessment Project (GASP)

Bone X-Ray Deep Learning Competition

LUng Nodule Analysis 2016



Scientific Competitions ADP

. ) ) L
Critical Assessment of Techniques for Protein A
Structure Prediction (CASP) g
P
11

CASP is a community-wide, worldwide experiment for protein structure

prediction taking place every two years since 1994



https://en.wikipedia.org/wiki/Christian_Anfinsen

Scientific Competitions ADP

Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

-
Tl!'
20,

CASP is a community-wide, worldwide experiment for protein structure

prediction taking place every two years since 1994

Every second spring-summer around 100 targets* are released

Targets — protein sequences for which the structure has been solved recently (not
Available publicly e.g. not in PDB)

Blind benchmark
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

CASP is a community-wide, worldwide experiment for protein structure

-
By
2,

prediction taking place every two years since 1994

Every second spring-summer around 100 targets* are released

Targets — protein sequences for which the structure has been solved recently (not
Available publicly e.g. not in PDB)

Blind benchmark

Categories: servers (72 h) and humans (3 weeks)
homology modeling & Free Modeling
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction categc

-
.
2,

tertiary structure prediction (all CASPSs)
secondary structure prediction (dropped after CASP5)
prediction of structure complexes (CASP2 only;
a separate experiment - CAPRI—carries on this subject)
* residue-residue contact prediction (starting CASP4)
* disordered regions prediction (starting CASP5)
* domain boundary prediction (CASP6-CASPS8)
* function prediction (starting CASP6)
* model quality assessment (starting CASP7)
* model refinement (starting CASP7)
* high-accuracy template-based prediction (starting CASP7)



Scientific Competitions

Tertiary structure prediction (all CASPs)

HOMOLOGY MODELLING CONCEPT

Unknown
structure a

Sequence alignment

g9 sSKSESFEECEToMBFMIPALENED S B LARME ENEs 127
68 - FCAACHGELF | ACEVYLEVLTQ 54FSLLAI LAIR 105
128 RPEHET TIMEF R s € 1 WIDINAS s W By ABPETRE- T AM 165

106 IPL_R'HEL'H' TRAKGETAI CWYLESFAIGLETE-MEGWNA 143

$
W

ADP
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Tertiary structure prediction (all CASPs)
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Tertiary structure prediction (all CASPs)
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Tertiary structure prediction (all CASPs)

CASP9: T0581-D1
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Data-assisted or hybrid modeling, in which low-resolution
experimental data are combined with computational methods,

Is becoming increasing important for a range of experimental
data, including NMR, chemical cross-linking and surface labeling,
X-ray and neutron scattering, electron microscopy and FRET.
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Data-assisted or hybrid modeling, in which low-resolution
experimental data are combined with computational methods,
Is becoming increasing important for a range of experimental
data, including NMR, chemical cross-linking and surface labeling,
X-ray and neutron scattering, electron microscopy and FRET

without restrains with restrains
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Residue-residue contact prediction

[
H_"HU'II-I"I'"I

Parallel contact Helix
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Residue-residue contact prediction

without restrains with restrains
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C
A
§ ¥
F
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Menu
Home
PC Login

PC Registration
w CASP Experiments

CASP14 (2020)

CASP Commons
(COVID-18,_2020)

I

ASP13 (2018
ASP12 (2016

)
)
ASP11 (2014)
ASP10 (2012)
CASP9 (2010)
CASPS (2008)

I (g

k Initiatives

b Data Archive
Proceedings
CASP Measures
Feedback
Assessors

14th Community Wide Experiment on the

Critical Assessment of Techniques for Protein Structure Prediction

Target List csv

Targets expire on the specified date at noon (12:00) local time in California (GMT - 7 hours).

Green color - active target; - target expires within 48 hours; C : - target expires within 24 hours; Red color - target has expired for !
predictions. Refinement and data-assisted targets are highlighted with the light grey background.

* targets selected for CAPRI experiment

All targets Eegular Heteromers Refinement Assisted structure prediction
All groups | Server only SAXS | X-link | NMR
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1 T1024 All groups 08 Al 20200518 20200521 o 2000 0>2> 2020-06.08 IE*EFE.P;:..:E-@

2 11025 Server only 268 Al 2020-05-19 2020-05-22 :éiggggzggjg 2020-06-09 ﬁg‘é“mem
3. 11026 All groups 172 Al 2020-05-19 2020-05-22 3323333232232 2020-06-09 Eggi‘;ﬁu
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6. 11029 Al groups 125 Al 2020.05-21 2020-05-24 :;;gggg:gg:ég 2020-06-11 Egg'mem

7 11030 Al groups 273 Al 2020-05-22 2020-05-25 :;igggg:gg:é? 2020-06-12 Eig;‘ S
B. T1031 Al groups a5 Al 2020-05-25 2020-05-28 :é;gggg:gg:g; 2020-06-15 ggf;ﬁlw

9.  Ti032* All groups 284 A2 20200525 20200528 1 202005 0Y 2020-06-15 ;'};E“Séem
0. T1033 Al groups 100 Al 2020-05-26 2020-05-29 :;igggg:gg:gi 2020-06-16 ﬁgﬁzﬁfw
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14th Community Wide Experiment on the

Critical Assessment of Techniques for Protein Structure Prediction

Menu Groups List
Home
PC Login
PC Registration #Group Name #Group # % Type Predictors Submitted predictions
w CASP Experiments 191227 061 Human Xi Cheng TS{regular targets): 390 models for 78 targets
wenjun he RR{regular targets): 78 models for 78 targets
CASP14 (2020) Denghui Liu
Dingyan Wang
CASP Commons Chi Xu
(COVID-19,_2020) Meng Xu
lei zhang
CASP13 (2018) Mingyue Zheng
CASP12 2&15) 3DCNN_prof 074 Human Takashi Ishida QA(regular targets). 166 models for 83 targets
CASP11 (2014) 3D-JIGSAW-SwarmLoop 169 Server Paul Bates TS(regular targets): 53 models for 83 targets
CASP10 (2012) Raphael Chaleil
CASP9 (2010) A212Prot 431 Human Thin Nguyen RR(regular targets): 76 models for 76 targets
- Tri Nguyen Minh
CASPS (2008)
ACOMPMOD 063 Server Ricardo Nunez Miguel TS(regular targets): 410 models for 83 targets
CASPT (20086)
CASP6 (2004 AILOMN 192 Human kyungmin cho TS(regular targets): 402 models for 81 targets
CASPG (2004) Hyoje Cho TS(refinement targets): 247 models for 50 targets
CASPS (2002) Kyeongtak Han RR({regular targets): 78 models for 78 targets
‘Wonjun Lee
CASP4 (2000) :
CASP3 (1998) AlR 100 Human g:ﬂgaalg shen TS(refinement targets): 250 models for 50 targets
CASP2 (1996) Chengpeng Zhou
CASP1 (1994) AlphaFold2 427 Hurnan Russ Bates TS(regular targets): 390 models for 78 targets
P Alex Bridgland
b Initiatives Timothy Green
b Data Archive John Jumper
. Kathryn Tunyasuvunakool
Proceedings Augustin Zidek
CASP Measures AmoebaContact 286 Server-E Yaoguang Xing RR{regular targets): B3 models for 83 targets
Feedback Yunxin Xu
Assessors angleQA 391 Server-E Jianzhao Gao QA(regular targets): 166 models for 83 targets

People

Boling Wang
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction catego

H"_"-:lm;--"'-

ot s

tertiary structure prediction (all CASPs)
secondary structure prediction (dropped after CASP5)
prediction of structure complexes (CASP2 only;
a separate experiment - CAPRI—carries on this subject)
* residue-residue contact prediction (starting CASP4)
* disordered regions prediction (starting CASP5)
* domain boundary prediction (CASP6-CASPS8)
* function prediction (starting CASP6)
* model quality assessment (starting CASP7)
* model refinement (starting CASP7)
* high-accuracy template-based prediction (starting CASP7)
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction catego

tertiary structure prediction (all CASPs)

-

. Janusz Buijnicki Andrzej Kolinski

1E International Institute of Molecular ‘ {W( | I
& and Cell Biology in Warsaw Jwydual R
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction catego|

* residue-residue contact prediction

\\
”’ POLITECHNIKA
(.+ RZESZOWSKA

im. IGNACEGO EUKASIEWICZA
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction catego|

* disordered regions prediction

Bl

o t ukasz P. Koztowski
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Evaluation of the results is carried out in the following prediction catego

ADP

International Institute of Molecular
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AlphaFold
100
AlphaFold (2020)
B0
a8 -
g
a 60
L
E CASP14 (2020)
2 4D other competitors
E = CASP13 (2018)
= == CASP12 (2016
S 4, (2016)

= CASPS5 (2002)
= CASP1 (1994)

Easy Difficult
Difficulty of protein structure prediction

0



Scientific Competitions ADP

Presentations & Videos from CASP15

hE W En
l"?;i? by s
s 7)
b an ¥V -

.{'*.*3;5}

https:/Ipredictioncenter.org/caspl5/doc/presentations/

2 YouTube

https://lwww.youtube.com/@CASP-Prediction-Center/videos
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AlphaFold

- |
Sequence |
¥ Torsion Sample Initialization
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HHblits & MSA
PSI-BLAST Features * ®
‘ Distance Potential Gradient 'g
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Structure
Pool
b
=
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(wd) o 4 4] ™ (48]

ixtended Data Fig.1| Schematics ofthe folding system and neural netwerk.  block of the deep residual convolutional network. The dilated convelutionis
1, The overall folding system. Feature extractionstages (constructingthe MSA  applied toactivations of reduced dimension. The output of the block is added
Ising sequence database search and computing MSA-based features) are totherepresentation fromthe previous layer. The bypass connections of the
shownin yellow; the structure-prediction neural network in green; potential residual network enable gradients to pass back through the network
onstructioninred; andstructure realization in blue. b, The layersused inone undiminished, permitting the training of very deep networks.
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AlphaFold

MSA embedding Sequence-residue edges
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AlphaFold2
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https://predictioncenter.org/casp14/doc/presentations/2020_12_01_TS_predictor_AlphaFold2.pdf
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AlphaFold = nature

Improved protein structure prediction
using potentials from deep learning
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AlphaFold

ADP

nature

Science

Breakthroughs of the Year 2020
AVAAAS

COVID-19 vaccines

' First CRISPR cures
For transfusion-dependent
B-thalassemia (TOT) and
sicklecell disease [SCOY

Al disentangles
protein folding

Scientists speak
up for diversity

. How elite
controllers keep
HIV at bay

Published: 15 January 2020

Improved protein structure prediction
using potentials from deep learning



Scientific Competitions ADP

AlphaFold =+ nature

Improved protein structure prediction
using potentials from deep learning

Ehe New York Eimes

" First CRISPR cures
For transfusion-dependent
B-thalassemia (TDT) and
sicklecell disease [SCOY

e London A.I. Lab Claims Breakthrough
That Could Accelerate Drug Discovery

protein folding

Researchers at DeepMind say they have solved “the protein
folding problem,” a task that has bedeviled scientists for more

than 50 years.
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w1 pature

AlphaFold

| Breakthroughs of the Year2020 Improved protein structure prediction
using potentials from deep learning

Ehe New York Eimes

COVID-19 vaccines ‘

" First CRISPR cures

For transfusion-dependent
B-thalassemia (TDT) and #Elat
sicklecell dissase (SCOY

e B [ ondon A.l. Lab Claims Breakthrough

SN 5= That Could Accelerate Drug Discovery

Researchers at DeepMind say they have solved “the protein
folding problem,” a task that has bedeviled scientists for more
than 50 years.

h Bloomberg

Technology

DeepMind Breakthrough Helps to
Solve How Diseases Invade Cells
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“olpnature
AlphaFold
SCatTe Breakth hs of the Year 2020 icti
reaktnrougns ot the year Improved protein structure prediction

using potentials from deep learning

COVID-19 vaccines
(N, Augustn Jidek, Alexandear W, R. Melson, Alex Bridglang,

Ehe New York Eimes

" First CRISPR cures
For transfusion-dependent
B-thalassemia (TDT) and
sicklecell disease [SCOY

e London A.I. Lab Claims Breakthrough
protein folding .
That Could Accelerate Drug Discovery
Researchers = E.][:.] O signin Home News Sport Reel Worklife
e NEws 0

h Bloomberg —_—
One of biology's biggest mysteries
Technology 'largely solved' by Al

DeepMind Breakthrough Helps to
Solve How Diseases Invade Cells
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AlphaFold STRUCTURE SOLVER

DeepMind’s AlphaFold 2 algorithm significantly
outperformed other teams at the CASP14 protein-
folding contest — and its previous version’s
performance at the last CASP.

AlphaFold 2
\‘A SCOre above 90 ..o e
B0 i
s is considered roughly
...... EqUivalent tD the @ E A E KL E B EAd EEAEEAEE K4 B EAd BB AN AN R
60 experimentally..............ﬁ.l.!:.).hﬁl.:.?,l.t.j..-.ﬁ,........
determined structure

Global distance test
(GDT_TS; average)

2006 2008 2010 2012 2014 2016 2018 2020
Contest year
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AlphaFold - like programs

DeepFold https://pubmed.ncbi.nim.nih.gov/36112717/
RGN2 https://www.nature.com/articles/s41587-022-01432-w
ProtGPT2 https://www.nature.com/articles/s41467-022-32007-7

https://github.com/RosettaCommons/RoseTTAFold

equifold
https://www.biorxiv.org/content/10.1101/2022.10.07.511322v1

DMPfold
https://github.com/psipred/DMPfold2
https://www.pnas.org/doi/10.1073/pnas.2113348119

ESMFold
https://www.biorxiv.org/content/10.1101/2022.07.20.500902v1.abstract
https://github.com/facebookresearch/esm
https://www.nature.com/articles/d41586-022-03539-1

esmatlas.com

omegafold
https://www.biorxiv.org/content/10.1101/2022.07.21.500999v1.abstract

HelixFold
https://arxiv.org/pdf/2207.05477.pdf

ProteinBERT
https://www.biorxiv.org/content/10.1101/2021.05.24.445464v1
http://dx.doi.org/10.1093/bioinformatics/btac020

trRosettaX-Single https://doi.org/10.1038/s43588-022-00373-3
https://lyanglab.nankai.edu.cn/trRosetta/benchmark_single/

https://analyticsindiamag.com/protein-wars-its-esmfold-vs-alphafold/
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AlphaFold - like programs

#protein seq from backbone
ProteinMPNN paper: https://t.co/BLPg2XdmYE

ADP

https://colab.research.google.com/github/sokrypton/ColabDesign/blob/v1.1.0/mpnn/examples/proteinmpnn_in_jax.ipynb#scrollTo=GjdIxO4j-

Hnn
ProGen2: Exploring the Boundaries of Protein Language Models https://arxiv.org/pdf/2206.13517.pdf

RITA: a Study on Scaling Up Generative Protein Sequence Models https://arxiv.org/pdf/2205.05789.pdf
https://github.com/lightonai/RITA

ProT-VAE: Protein Transformer Variational AutoEncoder for Functional Protein Design
https://www.biorxiv.org/content/10.1101/2023.01.23.525232v1

RSA

Retrieved Sequence Augmentation for Protein Representation Learning
https://www.biorxiv.org/content/10.1101/2023.02.22.529597v2.abstract
https://github.com/HKUNLP/RSA

Uni-Fold
https://github.com/dptech-corp/Uni-Fold#download-from-volcengine
https://colab.research.google.com/github/dptech-corp/Uni-Fold/blob/main/notebooks/unifold.ipynb

AlphaLink

https://www.nature.com/articles/s41587-023-01704-zProtein structure prediction with in-cell photo-crosslinking mass spectrometry and deep

learning

EigenFold Generative Protein Structure Prediction with Diffusion Models
https://arxiv.org/abs/2304.02198
https://github.com/bjing2016/EigenFold
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&

) C © | & https://github.com/deepmind/deepmind-research 80% e @ 1

1 deepmind / deepmind-research

¢ Code (1) lssues 50 1%, Pullrequests 33 (+) Actions [F1] Projects [ Wiki 0 Secunty |~ Insights

}* master - §* 26 branches (3 0tags Go to file Add file -

f'l"fé!l altche and derpson Switch dataset to the new tf.data. Dataset API. = zeseef1 7 days ago ) 218 commits
s PrediNet Update "mini_between_*.npz” datasets. 2 years ago
B adversarnal_robustness Added generated datasets. 20 days ago
affordances_theory affordances_theory: Merge pull request #59 11 months ago
i
I alphafold_casp13 Fix documentation issue reported in #200. 21 days ago
I bigbigan Add README.md with info on released BigBiGAN TF Hub modules. 2 years ago
» byol Switch dataset to the new tf.data. Dataset API. 7 days ago
B catch_carry [catch_carmry] Add DOI and article number to BibTeX citation. 9 months ago
causal_reasoning Changed waterballoon factory function name. & months ago
i
B cs_gan updating c=_gan for bug fixing and ODE-GAN opensource. 4 months ago
s cud Fix bug for dynamic expansion in CURL. 3 months ago
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¢ Code (1) lssues 50 1%, Pullrequests 33 (+) Actions [F1] Projects [ Wiki 0 Secunty |~ Insights

}* master - §* 26 branches (3 0tags Go to file Add file -

f'l"fé!l altche and derpson Switch dataset to the new tf.data. Dataset API. = zeseef1 7 days ago ) 218 commits
s PrediNet Update "mini_between_*.npz” datasets. 2 years ago
B adversarnal_robustness Added generated datasets. 20 days ago
affordances_theory affordances_theory: Merge pull request #59 11 months ago
i
I alphafold_casp13 Fix documentation issue reported in #200. 21 days ago
I bigbigan Add README.md with info on released BigBiGAN TF Hub modules. 2 years ago
» byol Switch dataset to the new tf.data. Dataset API. 7 days ago
B catch_carry [catch_carmry] Add DOI and article number to BibTeX citation. 9 months ago
causal_reasoning Changed waterballoon factory function name. & months ago
i
B cs_gan updating c=_gan for bug fixing and ODE-GAN opensource. 4 months ago
s cud Fix bug for dynamic expansion in CURL. 3 months ago
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Critical Assessment of Techniques for Protein
Structure Prediction (CASP)

Collective experiment for blind RNA structure
prediction (RNA-Puzzles)

Critical Assessment of Prediction of Interactions (CAPRI)
Critical Assessment of Functional Annotation (CAFA)
Critical Assessment of Microarray Data Analysis (CAMDA)
Genome Annotation Assessment Project (GASP)

Bone X-Ray Deep Learning Competition

LUng Nodule Analysis 2016



Scientific Competitions ADP

Competitions

Grow your data science skKills by competing in our exciting
competitions. Find help in the documentation or learn about
Community Competitions.

Host a Competition

|I::_-i_,,l Research Code Campetition

i

- -
#
1_ 1; |I

$30,000

Prize Money

Mechanisms of Action (MoA) Prediction
Can you improve the algorithm that classifies drugs based on their biological activity?

. Laboratory for Innovation Science at Harvard - 4,373 teams - a year ago
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Foldlt - online puzzle video game about protein folding

¥ Group Competition

¥ Pull Made Rank: 98 Score: 8019.576
# Group Name

Solaist Baginner Puzzle: Kller Toxin
Expires 1082013 0:00 MZ (29 days, § hours)
» Mo bonuses or conditions

: ¥ Soloist Competition
Recipe Output
¥ Player Narme

Crittar 10-md : 8474
Criller B-rred | -68.57
Ll

" Show script commands

"Ravin_pl GAB v0.6 loss”™

do_shake

B =

Cancel Shower
Cutput

@

Shake Viuta Wiggle Wiggle Wiggle Help
All Backbone Sidachains

=5 ; =)

1=l . P

Freaza Remaove  Disable Resat Resel Align F Chat - Puzzla @ = aulo shaw
Prolein Bards Bards  Stuctures  Puzzie Guida # Chat - Global @ B aulo shaw

A Actons » Undo * Social * Modes » Bolavior b View = Menu » Molifications & ¥ sulo show
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Rosetta@home

Protein Folding, Design, and Docking

w Low Energy =
a%%; —
Searching... Accepted Native RMSD
Y, d I - L s,*" \%
Accepted Energy |
sh3 d310 design 024 abinitio SAVE_ALL OUT 48644 1388
Stage: ClassicFragmentMover 37.78% Complete

CPUtime: 1 hr 11 min 5 sec
SETIKAH - Total credit: 93116.8 - RAC: 0.062838
SETIKAH@KOREA

Rosetta@home v3.26 http:/boinc.bakerlab.org/rosetta/

Model: 30 Step: 99278

Accepted Energy: -38.47866

Accepted RMSD: 7.788

Low Energy: -55.67979
Low RMSD: 10.04




Thank you for your time
and
See you at the next lecture

Any other
guestions & comments

lukaskoz@mimuw.edu.pl
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