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TODAY'S TOPICS

> Secondary structure prediction
> Transmembrane protein prediction

> Assignment 12 (due: May 9)
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PSIPRED prediction accuracy

Distribution of prediction accuracy from
187 PDB proteins (structure is known)

Accuracy varies for proteins
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Q3 Score (%)
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Percentage of al 150 proteins

30 40 50 6 70 80 9 100
Percentage correctly predicted residues per protein

(Rost, B. 2001)

Number

Q3=84.2% in ver 4 Buchan & Jones (2019)
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Sixty-five years of the long march in protein secondary
structure prediction: the final stretch?

Yuedong Yang, Jianzhao Gao, Jihua Wang, Rhys Heffernan, Jack Hanson,
Kuldip Paliwal and Yaoqi Zhou

Briefings in Bioinformatics, 19(3), 2018, 482-494

Data set Method TS115 casp12 Server location
@ Pvalue® @ Povalue®

Jpreds 0771° 0.0007 0.751 004 ‘html

SPINEX 0801 0.0002 0769 0005 hittpy/sparks-lab.org/SPINE-X/

PSIPRED 3.3 0802 012 0780 019 httpy/distillfucd je/porterpaleale/

SCORPION 0817 045 0.805 04s

SPIDER2 0819 NA 0798 NA hittpy/sparks-lab.org/server/SPIDER/

PORTER 40 0820 017 0798 067 httpy/distillf ucd je/porterpaleale/

DeepCNF 0823 001 01 014 predi

Note
“Paired t-test from SPDER?.

SCORPION: Singlet/doublet/triplet prob. + PSSM

SPIDER2: Iterative learning of secondary structure, backbone torsion angles,
and solvent accessible surface area using deep NN (three layers)
with PSSM + physico-chemical properties

DeepCNF: Deep convolutional NN with PSSM + 78 AA related features

(PSIPRED 4: Q3=84.2%; PSSM + 2 hidden layer NNs
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Protein secondary structure prediction using neural networks and deep
learning: A review

Computational Biology and Ch 81(2019) 18

Wafaa Wardah®, M.G.M. Khan®, Alok Sharma®, Mahmood A. Rashid“®*

‘The major periodically relevant state-ofthe-art methods are shown along with the types of feature values they employed in their networks.

Neual network method Ay (03) Seqinfo ( By ] Physicochem ifo
Qian &Sejnowski 1988 (Qian and Sejnow 64.3% v

PHD 1994 (Rost et al, 1994) 714% v Vv

PSIPRED 1997 (Jones, 1999) 765% Vv v

JPRED3 2008 (Cole et . 8L5% v v

SPIDER3 2017 (Heffernan 4% v v/ v

Evolutionary or  _

' profile information

Accuracy Achieved by NN Methods

Q3 % Accuracy

80 .
et °  Limit of secondary structure
o prediction accuracy:
o | 2 estimated to be 88% (Rost 2001)
* ¢ e Year

1990 1995 2000 2005 2010 2015 BOSZET 250

[TBM cloud education]

Deep Neural Networks

Multi-layer feedforward NN

Multiple hidden layers

Convolutional NN (CNN)

Inputsequence  Inputmatrx 1D convolutonallayer  Global poor

Longh=L Size=Lx30 2fersofsizo®d (maxandaverage) CoroeSr  Outputlayer
OO OO * o swelcm Swesien 20N dwiswine
A PSS proparies
OO O O =2
- st .
X M iy ! g
OO O O e ‘
) ® NS It
0; 50,50, 50 ;
7 : -
c !
o0 O O : i
. i
o (5 .
:
Recurrent NN (RNN) ' i
N H
4 0 v v) | f am Savojardo et al. (2020)
i e 'a"5n’ unp g BMC Bioinformatics

Filters move along the
sequence generating feature
maps

Outputs depend on

the prior elements BIOS477/877 126 -6
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Secondary structure prediction

a5 Deep learning based

80 s a /7‘
2 JPREDA
% e PSIPRED V1 *,
§ PHD \-h * + Statistical methods
5 \‘ A Machine learning methods

70+ - e.g.. shallow neural networks (NN)
and support vector machines

i Deep learning methods:

65

s @ Convolutional NN

L
60 T T T T T T

1990 1995 2000 2005 2010 2015
Release Date
Torris et al. (2020) BIOS477/877 L26 -7

Reaching alignment-profile-based accuracy in
predicting protein secondary and tertiary structural
properties without alignment

Jaspreet Singh &), Kuldip Paliwal &, Thomas Litfin, Jaswinder Singh & Yaoqi Zhou &3

Scientific Reports 12, Article number: 7607 (2022) | Cite this article

Model |ssa |ssa |ASA |Hsu-|nsu|cu |f |¢ |o ]z \
SPIDER3-Single 7057 | 5981 10647 0523 | 0487 0547 |43.05 |2378 | 1107 |45.38
No MSA| | ProteinUnet 7057 16030 10620 0537 0510 0545 4293 (2342 1028 | 4494
SPOT-1D-Single 7428 | 7217 10665 0573 0563 0585 4058 2216 1935 |42.32
NetSurﬂ’rZ.O(pmﬁle)* 8535 | 7348 10783 |- - - 2663 11790 |- -
SPOT-1D 1pmﬁl?) 86.18 | 7541 0787 10732 0737 0777 2487 |1688 |691 | 2594

No MSA | SPOT-ID-LM (Thiswork) 8674 | 7647 | 0.814 10759 0761 0690 |23.74 11599 |646 | 2460

_
*NetSurfP-3.0: no MSA, LM + deep learning is also now available  Backbone torsion qngles

$53=Q3, 558=Q8 (mean absolute error)
ASA: Solvent accessible surface areg
HSE: Half-sphere exposure; CN: Contact numbers

LM: language model (natural language processing) DO L350

Secondary structure prediction

> Prediction program servers

* PSIPRED Server http://bioinf.cs.ucl.ac.uk/psipred/

¢ MPI Bioinformatics Toolkits (Quick2D)
https://toolkit.tuebingen.mpg.de/tools/quick2d

* PredictProtein Server http://www.predictprotein.org/

[Recent review papers (on Canvas)]

Meng and Kurgan (2016); Jiang et al. (2017); Oldfield ez al. (2019);
Torris et al. (2020); Ismi et al. (2022)
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Improving prediction of protein secondary
structure, backbone angles, solvent accessibility
and contact numbers by using predicted contact
maps and an ensemble of recurrent and residual
convolutional neural networks

Jack Hanson @ '*, Kuldip Paliwal’, Thomas Litfin®, Yuedong Yang @
and Yaoqi Zhou @ > *

Bioinformatics, 35, 2019, 2403-10

Table 2. Test performance of several recently developed predictors alongside SPOT-1D on the latest PDBstructures (TEST2018) (230

proteins)
Predictor $$3 SOV PSS3 S8 SOV8 PS8 ASA HSExU HSE«D CN 0 ¢ ¢
SPIDER-3Single 7257 6408 <1x107%° 5981 5786 <1x107'° 0570 0.603 0533 0619 11.07 4539 2377
RaptorXDeepcNFS1.62 6658 <1x 1070 7043 65.66 <1x1070 - - - - - - 20
PSRSM. 8194 7422 <Ax10° - - - - - - - - -
SPIDER-3 8384 7389 <1x107 - - - 0768 0.764  0.716 - 7.73 29.62 18.38
PORTER-S 8410 7404  <Ix107° 7322 7027 <989x107 - - - - - - -
MUFOLD 8478 77.56 <273x10° 66 7134 <215x107° - - - - - 1778

NetSurfP-2.0 8531 7858 <220x107 7381 7114 <3.64x107 0801 - - - - - 1790
SPOT-1D-base  85.66 78.77 <1.08x 107 7426 7145 <1.33x107™* 0799 0.812 0775 0837 7.03 26.86 17.15

SPOT-1D 86.18 79.00 7541 73.30 - 0.803 0.814 0779 0.841 6.91 25.94 16.89

553=Q3, 558-Q8

ASA: Solvent accessible surface area
CN: Contact numbers

HSE: Half-sphere exposure

 E————
Backbone torsion angles
(mean absolute error)
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Increasing the accuracy of single sequence prediction
methods using a deep semi-supervised learning
framework

Lewis Moffat ® "%* and David T. Jones ® "* Bioinformatics, 37, 2021, 3744-51

spor1o,
o DcRN/PSIPRED VA,
. Jreps,  Porrdy
Rosetia+NN, i
© 3
g PSIPRED VT
5 . sioren,
g e, sPoERsSos,
3 PHD, o,
3 .
i Bspss pssp BSNN
.
HMM [PRERATOR @ Single-Sequence
L] @ Homology Based
® ournienos
©
00 200 0 P

Publication Year

Uses bidirectional gated recurrent unit (6RU) SAPRED (= next version of PSIPRED-single)
with 1024 hidden dimensions in each direction achieved 75% accuracy without using profiles
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Secondary structure prediction

MPI Bioinformatics Toolkits (Quick2D) nttps:/toolki i mpe.d ick2d

Protein ID: AAN59974.1 histone H2A [Homo sapiens]

AA_QuERy 1 8s
SS_PSIPRED i HHHHHHHEH HHHHHHHHHHHHHHHHHHHHHHHR i
SS_SPIOER3 HHHHHHH HHHHHHHHHHHHHHHHHHHHAHHA kK
SS_PSSPREDA HHHHHHHHHH HHHHHHHHH  HHHHH  HHHHHHHHHHRHHHRHHHHHH HHHHH
SS_DEEPCNF N HHHHHHHHHH  HHHHH  HHHHHHHHHHHRHHHRHHHHN EE
SS_NETSURFP2. HHHHHHHHH  HHHH  HAHHHHHHRRHHHRHHHRHH HHHH
DO_NETSURFPD2 DDDDDDDODDDDDDD

D0_DISOPRED DDDDDDDDDDDDDDDDD

Do_spoTD DDDDDDDDDDDDDDDDDDBBDD

Do_ITUPRED DDDDDDDDDDDDDDDDDD D oo
AA_QUERY 86 LATRNDEEL PNIQAVLI 130

SS_PSIPRED I EE R

SS_SPIDERZ i HiHHHH € i

SS_PSSPREDA HHHH HHHHHHHH HEEEE EEEEE A

SS_DEEPCNF EEE  HiHhH  EE Eeee [

SS_NETSURFP2 M b

DO_NETSURFPD2 DDDDDDDDODDD

D0 DISOPRED DDDDDDODDD

Do spoTD 0DDDDDDDODDD

Do TUPRED DDDDDDDDDDDD

55 = [a-helix [Btandl rehelix  CC = Coiled Coils ™ = fransmembrane DO = Disorder
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http://bioinf.cs.ucl.ac.uk/psipred/
https://toolkit.tuebingen.mpg.de/tools/quick2d
http://www.predictprotein.org/
https://toolkit.tuebingen.mpg.de/tools/quick2d

Membrane proteins

From Molecular Biology of the Cell. 4th ed. Alberts et al.

Lipid
bilayer

Amphipathic

o helix

(| Hydrophobic o. helix |

30 - 40 % of all proteins are membrane proteins
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Membrane proteins

7 The number of alpha helical In 2018
membrane protein structures Y

solved per year 3,908 of 147,546
s total protein
Er structures in PDB

(only ~3%) were

A /N from membrane

"""" proteins

FEF SIS FFSFFEE I FFF TS S "

“* The number of released
structures per year in PDB

. (from PDB statistics)
H Tsirigos et al. (2018)

BIOS477/877 L26 - 14
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% P02699 - OPSD_BOVIN

Protein' | Rnodopsin Amino acids | 348
Gene' | RHO Protein | Evidence at protein level
Status! | % UniProtics reviewed (Swiss-Prot) e
Annotation score’
Organism! | Bos taurus (Bovine) |
Features
Q@ &
| B £ B B £ A
TveE 1D POSITION(S) DESCRIPTION
Transmembrane
[ 3761 Helical; Name=1 ) z0rubicatiors ‘ BLAST @ Add
| 7496 Helical; Name=2 J z0pubicatiors BLAST @ Add
D 111138 Helical- Name=3 JW 2obicaiors BLAST @ Add
D 155173 Helical: Name=4 J 20 pubicaions BLAST @ Add
D 203220 Helical: Name=5 ) zopubicaions BLAST @ Add
D 253274 Helical: Name=6 J zopubicatiors BLAST @ Add
C 267308 Helical: Name=7 J 20 Pubicaion) BLAST b Add

7 Transmembrane regions (Structure is known) BIOS477/877 126 - 15
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% P02699 - OPSD_BOVIN

Protein' | Rhodopsin Amino acids | 348

Gene' | RHO Protein ‘ Evidence at protein level
Status? | 3 UniProtia reviewed (Swiss-Prot) existence!
Organism! | Bos taurus (Bovine) Annotation score! |
Features
Qe &

Manual assertion based on experiment!

TYPE Crystal structure of rhodopsin: a G
Transmembraf - protein-coupled receptor. o
> Tomemenbran] Palczewski K, Kumasaka T, Hori T, Behnke | EUropePMCCH BLAST @ Add
o] CA-MotoshimaH. Fox BA, Le Trongl, Sclence 289:739-745 200018 |-
e | Teller D.C, OkadaTT. [..] ,Miyano M. ‘ C'm‘."j o o nat
3 2

BLAST @ Add

o] ey

Advances in of a high- BLAST @ Add

L i
PubMed 7 BLAST @ Add

> Tansmenbran} structure of rhodopsin, a model of

7 Transmembrane regions (Structure is known) BIOS477/877 L26 - 16
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% 001668 - OPS6_DROME

Proteint | OpsinRhe Aming acids | 369

Genet | RH6 Protein | Evidence at transeript fevel
Status’ | 5 UniProtk reviewed (Swiss-Pron) existencs
—
rganism! | Drosophila melanogaster (Fruit fy) I
Features
Qe
i 5 % = = = = ey
Tvee o FosITONS)  DEsCRPTION
~seect -

Helical; Name=1 (¥ Seavence A

(I e— | BLAST @ Add

C 5105 Fitical Name~2) (W Saaience Anaa BLAST @ Add
[ 124145 Helical, Name=2) (N Ssaemee A BLAST @ Add
C Tos1ms el Name ) " s A ot @ At
C Tz e Named) S ot @ na
(5 amemembrane 275258 elcat Name=g) X Seauence Ansi BLAST @ Add
(G msmembrane 506530 Tehcar Name:7) (N Seaimse i BLAST @ Add

7 Transmembrane regions (based on pr'edicﬁon) BIOS477/877 126 - 17
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Transmembrane proteins (alpha helical)

7 transmembrane regions iM%,
248

SRAIFGEAEM’
R,

Amino acids embedded
in the membrane region
need to be hydrophobic

membrane

Halorhodopsin: light-driven chloride pump

BIOS477/877 126 - 18
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Muscarinic Acetylcholine Receptor M1 (Human)

BIOS477/877 L26 - 19

a
s
7
o TM1 TM2 TM3 TM4  TM5 ™6 TM7
L8 W] —
-n
o 0 00 150 20 250 0 350 a0 150 S0
(Hydrophobic < 0) Amino acid position

Growth Hormone Secretagogue Type 1 (Human)

7

s

. a Al
A - S

@ Hydrophobicity (GES)

b Ao Freq.of R&K

s
Freq.of D & E
-7 Freq.of W & Y
o ™1 TM2 ™3 ™4 ™5 TME o TM7
L[ I | ] [

Y n n in - n_

50 100 150 200 250 300 350 400
(H'&drophobnc <0) Amino acid position
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Transmembrane helix prediction

> Basic concept
* TM helices are 12 — 35 residues long and mainly

apolar
* Regions between helices (loops) are typically
shorter than 60 residues

o Positive-inside-rule: loops at the inside of the
membrane have more positive charges than
loops outside (von Heijne 1986, 1989)

¢ Long globular regions (>60 residues) do not
follow this rule

BIOS477/877 L26 -21

Transmembrane hellx prediction

Baker et al. BMC Biology (2017)15:66 and

[8724

‘Absolute Count

;ggg Ir AAs in TMH = 5 res.t‘
ow freq. neg charge:
5000
5000 = ,—‘—\
4000 ,~
3000 Jees]  [sa2)
2000 I I 1 :
1000 b "
o I TTTTTI YR S AR
LVIAGFSTRKYCMPWONEHD L e L 1%
Sequence Position Sequence Position

Additional features of
anchoring TM a helices

(single-pass TM)

TM a helix features

Outside
(non-cytosolic)

£ «?
K e
e g 5
£ 3 =
E s
g 3 =
£ 3/
Inside
(cytosolic)
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Transmembrane helix prediction

> Hydrophobicity scales

an [an PP Cornette [Ei & [Rose [Janin [Engelman GES
A [Alanine 1.80 20.50 020 0.62 [ 074 030 1.60
c [cy 2.50 “1.00 4.10 029|091 | 090 2.00
D -3.50 3.00 3.0 2090 [ 0.62 | -0.60 -9.20
E 350 3.00 “1.80 074 [ 0.62 [ 070 -8.20
F 2.80 250 .40 119 088 | 0.50 370
G -0.40 0.00 0.00 0.48[072[ 030 1.00
H 320 -0.50 0.50 -0.40 [ 0.78 | -0.10 -3.00
1 4.50 “1.80 .80 138 [ 088 0.70 3.10
[ 390 3.00 30 C150 [ 052 -1.80 -8.80
L 3.80 “1.80 570 106 [ 085 0.50 2.80
™M 1.90 “1.30 420 0.64 085 0.40 3.40
N 350 020 “0.50 2078 [ 0.63 [ 050 -a.80
P “1.60 0.00 220 0.2 [ 0.64 | 030 020
Q -3.50 020 -2.80 085|062 070 410
R -4.50 3.00 1.40 253 [ 0.64 | -1.40 S12.3
S [Serine ~0.80 030 “0.50 2018 [ 0.66 | -0.10 0.60
T “0.70 “0.40 “1.90 2005|070 | 020 120
v 420 -1.50 470 108 [ 086 0.60 2.60
W [Tryptophan -0.90 3.40 1.00 081 [ 085[ 030 1.90
Y [Tyrosine “1.30 230 320 026 [ 076 [ -0.40 “0.70
it N o " - G0 -
hitosi/iweb.expasviore/cei-bin/protscale/profscale,nl BIOS477/877 L26 - 23
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Transmembrane helix prediction

> Kyte-Doolittle hydrophobicity plot

MSITSVPGVVDAGVLGAQSAAAVRENALLSSSLWVNVALAGIAILVFVYMGRTIRPGRPR

| — .
¢ (Window size)
——
——
—— )

Average hydrophobicity score

N
(Hydrophobic > 0)
BIOS477/877 L26 - 24
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http://resources.qiagenbioinformatics.com/manuals/clcgenomicsworkbench/650/Hydrophobicity_scales.html
https://web.expasy.org/cgi-bin/protscale/protscale.pl
http://fasta.bioch.virginia.edu/fasta_www2/fasta_www.cgi?rm=misc1

Transmembrane helix prediction

> Kyte-Doolittle hydrophobicity plot

\VRENALLSSSLWVNVALAGIAILVFVYMGRTIRPGRPR

Average hydrophobicity score "W

* Averaging window W "“\'{ i }\
] Y

Simple averaging using o e ]
the equal (or no) weighting (Hydrophabic > 0)
BIOS477/877 L26 - 25
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Transmembrane helix prediction

Kyte-Doolittle plot

Kyte—Doaliltle Flot

TopPred

F16102 BACH HALSA

2.5 F T T T 7
E ] | | |
» , | m i
J’v’l [ 2 1
JL [ \ Ww -
{ 1) o
i /r :
} : 1
3 )\ 1 !
o — | — — — — — — -2
BACH:HALSA start position of window in sequence

ALGLLADVDL GSLFTVIAAD IGMCVIGLAA AMTTSALLER WAFYAISCAF FVVVLSALVI DWAASASSAG TAEIFDTLRV LTVVLWLGYP IVWAVGVEGL
RRAHEND H GHRRAMARHA HAMGHARHAR BN S HAR HRRAMARMRH HMAMEHAANT RHAMRRRENT THRHRAAHR HAMMRHWAR RHARHOTTRE

oD
SS HHHHH HHHEHHHHHH THHHHHEHHH HEHHTHEHHE
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Transmembrane helix prediction

> TopPred (Heijne et al. 1992)

-> Uses GES and other hydrophobicity scale
e Averaging window

Trapezoid averaging
VARN

(smaller weighting at both sides and
GVVDAGVLGA more weighting at the window center)

e Uses “positive-inside-rule” to predict the
transmembrane topology

BIOS477/877 L26 - 26
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Transmembrane helix prediction

Outside loop

Outside
o 10 (i —ﬁm s oon Tl —
o Long loop.
HMMTOP:
Inside Tusnady & Simon (1998) JMB 283: 489-506

Inside loop

eytoplasmic

non-cytoplasmic side

I:l : States
(emission probapbilities)

—: Transition probabilities

TMHMM

Krogh et al. (2001) JMB 305:567-580 ELORKHTIER L2 =263
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Transmembrane helix prediction

TMHMM posterior probabilies for Sequence

50 100 150 200 250

transmembrane inside. outside

ss.8(99.1)

- HMmTOR 276 (07.1)

>sp|P16102|BACH HALSA
B TMHMM M

12 WYNVALAGIAT: IWGAT
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Evaluation of transmembrane helix
predictions in 2014

Jonas Reeb,' Edda Kloppmann,“z* Michael Bernhofer,' and Burkhard Rost">**
Proteins 83: 473-484

Table |

Transmembrane Helix Prediction Methods

Name Year Method Evolutionary information Signal peptides Topology
TopPred2 199 — No No Yes
PHDhtm 19%5 NN Yes No Yes
HMMTOP2 2001 HMM No No Yes
TMHMM2 2001 HMM No No Yes
SOSUI 2002 - No No No
Phobius 2004 HMM No Yes Yes
PolyPhobius 2005 HMM Yes Yes
MEMSAT3 2007 NN Yes Yes
Philius 2008 DBN No Yes
SCAMPI 2008 HMM No Yes
SPOCTOPUS 2008 NN+HMM Yes s Yes
MEMSAT-SVM 2009 SVM Yes Yes

TMs predicted

=5 ' e
Number of TMs.

BIOS477/877 L26 -29

g3 from GPCR LPTVI Y
K (7TM proteins) AISCAF FDT
QTLGTMSSDD

Signal peptide prediction can be incorporated with TM prediction
- False positive rates can be reduced

BIOS477/877 126 - 30
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http://fasta.bioch.virginia.edu/fasta_www2/fasta_www.cgi?rm=misc1
https://github.com/C3BI-pasteur-fr/toppred
https://services.healthtech.dtu.dk/service.php?TMHMM-2.0

Phobius

Acominesvansmenaneopiesy a0 g pete

Normal prediction https://phobius.she.su.se/or

Signal peptide model

c 3 [ )
|- Cut #{ cregion heregion {n-region
Long non-
Globular | cytoplasmic 4
-
loop | [Helixnon-Lq | Helix 4| Helix :
0 /7 ot end wre || cytend T i
‘ ‘ i
\ M -
Short non- { P p‘:l::k‘ 5 Globular
Globular | ™ eytoplasmic 4 hetixoon " Helix | [ Helix |
L oop otend ™ core ™ cytend
0
Non-cytoplasm Membrane Cytoplasm

(Kill et al. 2004 J Mol Biol 338: 1027-1036; Kill er al. 2007 Nucl Acids Res 35: W429-W432)
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Evaluation of transmembrane helix
predictions in 2014

Jonas Reeb,' Edda Kloppmann,"z* Michael Bernhofer,' and Burkhard Rost“>**
Proteins 83: 473-484

Table | PSSM

Transmembrane Helix Prediction Methods

Name Year Method Signal peptides Topology
TopPred2 1934 - No No Yes
PHDhtm 1995 NN Yes No Yes
HMMTOP2 2001 HMM No No Yes
TMHMM2 2001 HMM No No Yes
Sosul 2002 - No No No
Phobius 2004 HMM No Yes Yes
PolyPhobius 2005 HMM Yes Yes Yes
MEMSAT3 2007 NN Yes Yes Yes
Philius 2008 DBN No Yes Yes
\MPI 2008 HMM No No Yes
SPOCTOPUS 2008 NN-+HMM Yes Yes Yes
2009 SVM Yes Yes Yes

PSSM+SVM (binary classifier) N OCTOPUS/SPOCTOPUS

- TM helix or not also considers re-entrant helix
- inside or outside loop

- Re-entrant helix or not

- TM or globular protein BIOS477/877 L26 -33
T e The TOPCONS web server for consensus prediction of
¥ protile protein topology and signal pepti
Konstantinos D. Tsirigos" 21, ol 1, Nanjiang , Lukas Kall'? and
it scwprmiti  ocoms  seoctorss  poiymepies | AMeElofsson'” Nucic Acds Resarc 2015 Vol 45, Web Srver s WAOL-WAI?
Frodictad sopetogios ® redcton
o MSA | SP predicton
Uses M / no SP prediction
o MSA 1o 5P precicton
70|
4 60
g
% 50|
§ 40
]
) = 30
TOPCONS
HMM R
"N 4 10|
& FS S LSS
consensus topology & SIS 4?;0“0&0“
&

BIOS477/877 L26 - 35

35

Evaluation of transmembrane helix
predictions in 2014

Jonas Reeb,' Edda Kloppmann,"z” Michael Bernhofer,! and Burkhard Rost>**
Proteins 83: 473-484

Table Il
Discrimination Between TMPs and Soluble Proteins As Wl As TMHs and Signal Peptides
(@)no sps SPs
ol [no TM] (b)sol [no TM] (c)me
Euk (5106) Gram— (356) Gram+ (911) Euk (1267) Gram-— (400) Gram-+ (204) Euk (332)
FPR FPR FPR FPR FPR FPR Sens
TopPred2® 62 53 52 97 998 %8 100
PHDhtm* n n 15 3 ” 39 97
HMMTOP2* 2 17 15 56 i 89 96
1 1 1 2 % & 97
3 1 1 52 32 4 97
3 1 1 4 2 13 99 |
oyPhobius T K 7 3 3 i3 £
MEMSAT3 8 4 3 60 @ 2] 100
Philius 2 1 1 3 1 12 93
SCAMPI® 2 27 2 «2 % ] 100
SPOCTOPUS n 2% % 13 3 13 97
MEMSAT-SVM 6 5 6 % 6 % 99

(a) Soluble proteins without signal peptides (SP)
(b) Soluble proteins with SP, (c) Transmembrane proteins with SP

FPR: false positive rate; Sens: Sensitivity R 2 -2

32

MEMSAT-SVYM

BMC Bioinformatics e pSSM

SVM (binary classifier)
T - TM helix or not

esearch article inei H
Transmembrane protein topology prediction using support vector - inside or °ms'4e loap
machines - Re-enfrant helix or not

Timothy Nugent and David TIONes" -y puuumanes 2005, 10159 dotto.saraziaios-iorss = VM or globular protein

Table 2: Benchmark results for the SVM-based method (MEMSAT-SVM') against a selection of leading topology predictors

Method Algorithm Correct helix Correcthelix ~ Correct N- FP helix FN helix Correct S Correct RE Correct
count locations terminal topology topology topology
MEMSAT- SVM 95% 9% 9% 4% 5% 93% 64% 89%
SYM,
OCTOPUS NN + HMM 86% 0% 84% 14% 2% 2% % 79%
MEMSAT3 NN 84% 76% 84% 8% 8% 57% 4% 76%
ENSEMBLE NN + HMM 7% 76% 79% 8% 5% 7% 55% 7%
PHOBIUS HMM 75% 76% 79% 9% 16% 93% 6% 63%
HMMTOP HMM 7% 76% 78% 8% 6% 29% 64% 63%
PRODIV HMM 79% 4% 76% 19% 8% 0% 8% 57%
SVMTOP SVM 66% 64% 66% 2% 2% 0% 55% 53%
TMHMM HMM 75% 68% % 14% 20% 29% 55% 53%
PHDhtm NN 5% 54% 55% 2% 30% 29% 18% 45%
http:/bioinf.cs.uclac.uk/psipred/
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Prediction statistics (general)

Accuracy = (TP+TN)/(TP+FN+FP+TN)
- Accuracy TP: True positive, TN: True negative,

TP/(TP+FN) [=TP/(actual positives)]

Specificity = TN/(TN+FP) [=TN/(actual negatives)|

FP: False positive, FN: False negative

Confusion _ Predicted

True positive rate = Sensiti

ity (or Recall)

False positive rate = FP/(TN+FP) = 1 - Specificity (AT |
Precision (or Positive predictive value) = TP/(TP+FP) = = P N
* Mathews correlation coefficients: CC (or MCC) 2

c (TP+TN - FP*FN) | - | F» | IN

C-=
\/(TN+ FN)(TN + FP)(TP + FN)(TP + FP)

If everything is correct, CC = 1, if all predictions are wrong, CC = -1

* F-measure (F or Fi): the harmonic mean of precision and recall
F=2TP/2TP+FN+FP) 0<F<1
* ROC (receiver operating characteristic) plot

ROC plot can be obtained using different threshold scores
for identifying positive and negative predictions

X: if prediction is perfect (TP=1, FP=0)
The worst case scenario (random choice prediction) g10s477/877 126 - 36
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https://phobius.sbc.su.se/
https://www.ebi.ac.uk/jdispatcher/pfa/phobius
https://www.ebi.ac.uk/Tools/pfa/phobius/
http://bioinf.cs.ucl.ac.uk/psipred/
http://topcons.net/

CCTOP

Three steps: CCTOP: a Consensus Constrained TOPology
1) Remove cleavable parts prediction web server
(e.g., signal peptide LaszI6 Dobson, Istvan Reményi and Gabor E. Tusnady”
predicted by SignalP W408-W412  Nucleic Acids Research, 2015, Vol. 43|
2) TMP filtering itivity ificity MCC Accrpg Accrpi
(distinguish TM and CCTOP 98 98 97.7 84 81
globular proteins) using ~ TopCons 97 97.7 97.2 79 75
a simple voting for the ScampiMsa 97 96.7 96.8 76 72
results of Phabius, Pro 96 97.3 96.5 75 70
Scampi, and TMHMM. Prodiv 96 94.8 955 75 69
3) TOPO'OQY pr‘edicﬁon Octopus 93 98.2 95.7 71 66
using ten methods HMMTOP 95 94.7 94.8 69 64
(constrained HMM Philius 95 97 95.9 71 64
using HAMTOP model) TMHMM 93 97.2 94.9 66 59
MetaTM 94 97 96.0 67 58
Phobius 93 97.3 95.1 62 56
Memsat 94 98 95.8 66 53
MemBrain 92 97.4 94.7 62 o
http://cctop.ttichu/ BIOS477/877 L26 -37
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TMPSS: A Deep Learning-Based
Predictor for Secondary Structure
and Topology Structure Prediction of
Alpha-Helical Transmembrane
Proteins

Zhe Liu'=, Yingli Gong?, Yihang Bao*, Yuanzhao Guo*, Han Wang* and Guan Ning Lin "=

Secondary structure prediction TM topology prediction

Method Trans S Q3 Non-trans $53  Method Ace Mee
- HMMTOP 2 084 064

SSproS (with templates) 090 089 i i o

PSIPRED 4 094 079 ToPCONS 08 o072

ReptorX-Property 095 080 Phiizs 087 o7

Porter 5 095 081 PolyPhobius 088 072

SCAMPI 087 0.70

DeepChF 08 o SPOCTOPUS 087 (3]

Spider3 095 080 TMPSS 090 076

SPOT-D 095 081 L

MUFOLD-SSW 094 081 :

JPredd 090 075 :

VPSS 097 078 i

Tans, transmembrane. region; Non-rans, fegion. BOId fonts | e

represent the best experimentalresuts.

BIOS477/877 L26 - 39
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TMbed: transmembrane proteins predicted
through language model embeddings

Michael Bernhofer'# and Burkhard Rost'**

B-TMP (57) a-TMP (571) Globular (5654)

Recall (%) FPR (%) Recall (%) FPR (%) Recall (%) FPR (%)
TMbed 93.847.5 0.1+0.1 97.540.7 0.5+£0.2  99.5+0.2 28412
DeepTMHMM 779127 0.1£0.1 958413 0.5£02  99.5%0.2 59422
TMSEG — - 96.5+1.0 23403 977403 35410
TOPCONS2' = = 942413 26403 974403 58413
OCTOPUS' — &= 942+19 9107 909+07 58419
Philius’ = - 925+14 26402 974402 75414
PolyPhobius’ — - 972411 53404 947404 28411
SPOCTOPUS' - - 97.5%1.6 172£08 828+08 25+1.6
SCAMPI2 (MSA) - - 942416 56403 944403 58416
ccToP? 96.1+2.1 37406 963406 39421
HMM-TM (MSA)* - - 973+16 21405 786405 2716
BOCTOPUS2 840+133 42405 s — 958+0.5 160+£133
BetAware-Deep 851493 47403 = - 953403 149493
PRED-TMBB2* 888+12.1 7104 929+04 112£121
PROFtmb 919490 6.1£05 - - 939405 81490

- //oi 2tab=;

3 BIOS477/877 L26 - 41
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httn://www.csbio.situ.edu.cn/bioinf/ i

ol HMM dynamic threshold

i 49 ensemble

ROWLPLLGMPLMLLFVQIIAVLVMPMQ

Feature Extraction | Deep Learning Model | Dynamic Threshoid

Table 1. Performance comparison on the test set under the TMH definition with tails .
Algorithms. Residue-precision Residue-recall Helical-precision Helical-recall A Viep.
MEMSATS 0713 0,629 0561 £ ikl
MEMSAT-SVM 0710 0591 0547 <10 57
TMpr 0684 0.485 0.443 Fe 2s
Philius 0750 0579 0563 12 2 10
Phobius 0731 0573 0530 En g7
PolyPhobius 0759 0641 0611 £13 T 10
SCAMPI 0668 0527 0.456 L) )
OCTUPUS 0722 0562 0517 =12 £ 1
SPOCTUPUS 0721 0.561 0524 S 10 § 10
TMHMM2 0719 0552 0.497 2 S 10
TOPCONS 0722 0573 0530 22 =
ccTop 0679 0511 0477 £10 2 10
TopGraph 0717 0.504 0.464 D2 26
ISEG 0727 0578 0550 15 s 13
MemBrain 2.0 0.737 0570 0547 12 < =
MemBrain 3.0 0.904 0.808 0819 21 20

Precision: # correct TM / # predicted TM  Recall: # correct TM / # true TM  BIOS477/877 L26 -38

38

DeepTMHMM predicts alpha and beta transmembrane
proteins using deep neural networks

Jeppe Hallgren':'°, Konstantinos D. Tsirigos>!®, Mads Damgaard Pedersen', José Juan
Almagro Armenteros®, Paolo Marcatili*, Henrik Nielsen*, Anders Krogh®°and Ole
Winther”$%*

htt rvices.healthtech.dt TMHMM-1
- atv wserom pamis
o
i w
H
o

BIOS477/877 L26 -40

(uses protein language model embedding)
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.
Transmembrane protein databases
Topology Data Bank of Transmembrane Proteins
ome Topology, Structure and Predicti

UNiIfied database of TransMembrane Proteins

TOPDOM: Conservatively Located Domains
and Motifs in Proteins

PDBTM: Protein Data Bank of
Transmembrane Proteins

MemProtMD http://memprotmd.bioc!

A database of membrane proteins embedded in lipid bilayers

More reviewed in: Sun et al. (2023) BIOS477/877 126 -42
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http://cctop.ttk.hu/
http://www.csbio.sjtu.edu.cn/bioinf/MemBrain/
https://ku.biolib.com/MembraneFold/
https://services.healthtech.dtu.dk/services/DeepTMHMM-1.0/
https://github.com/BernhoferM/TMbed?tab=readme-ov-file
http://memprotmd.bioch.ox.ac.uk/
https://www.unitmp.org/

Schematic Diagram

Htemonite

S o

S i

S 5 o

Results for mempack job 51366

P Tc 693050 - S5 ET

MEMPACK (PSIPRED Workbench)

http://bioinf.cs.uclac.uk/psipred/
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Predicts: residue contacts
helix-helix interactions
optimal helical packing arrangement

NIRRT

s potice [Joptasmic Eetceinier Wt vetsc W Tromesbrans selic

MEMSAT-SVM Prediction

‘Summary of MEMSAT-SVM Topology Analysis

115
6
18-36,50-68,87-103,115-133,140-159,181-202,208-228
ot detectad.
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