Knowledge Discovery Techniques
for Bioinformatics, Part V-1:

Applications to Protein Subcellular
Localization Prediction

- NS
Compartments and Sorting =

* Protein sorting is
Secretion I determined by
(export) {5 i specific amino acid
sequences, or
“signals”, within the
protein

e Secretory pathway
targets proteins to
plasma membrane,
some membrane-
bound organelles
such as lysosomes,

» Eukaryotic cells requires or to export proteins
proteins be targeted to from the cell

their subcellular
destinations

Mitochondrion
(aerabic enargy
metabolism)

t

Signal sequences target proteins

Secretory Pathway (.
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Datasets

* Reinhartdt & Hubbard, NAR, 26:2230--2236, 1998

— 2427 eukaryotic proteins for 4 locations (cytoplasmic, extracellular,
nuclear,& mitochondrial)

— 997 prokaryotic proteins for 3 locations (cytoplasmic, extracellular, &
periplasmic)
* Park & Kanehisa, Bioinformatics, 19:1656--1663,
2003

— 7589 eukaryotic proteins from 709 organisms for 12 locations (chloroplast,
cytoplasmic, cytoskeleton, ER, extracellular, golgi, lysosomal, mitochondrial,
nuclear, peroxisomal, plasma membrane, vacuolar)

* Chou & Cai, JBC, 277:45765--45769, 2002

— 2191 proteins for 12 locations

¢ Emanuelsson et al., JMB, 300:1005--1016, 2000
e Gardy et al., NAR, 31:3613--3617, 2003
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Using Protein Sorting Signals for
Subcellular Localization Prediction:
PSORT & PSORT-B




Common Eukaryotic Protein Sortirg NUS

Signals

Destination Name of signal Typical
length
Extracellular (secreted) Signal peptide, SP 20-30
Mitochondrion (matrix) Mitochondrial transfer peptide, mTP 25-45
Chloroplast Chloroplast transit peptide, cTP 40-70
Thylakoid Lumenal transfer peptide, ITP 20-30
MNucleus Muclear localisation signal (mono-partite), NLS  4-6
MNucleus Muclear localisation signal (bi-partite), NLS 15-20
Peroxisome Peroxisomal targeting signal I, PTSI 3
Peroxisome Peroxisomal targeting signal 2, PTS2 9

For a comprehensive list of cellular localization sites, see
http://mendel.imp.univie.ac.at/CELL_LOC/index.html
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2 SP

signal peptide

bits

Sequence Logos of 2 TP
SP, mTP, & CTP mitochondrial

transfer peptide

2 cTP

chloroplast
Destination Harme of signal Typical . .
leagth - transit peptide
Extracelbdar (socreted) Segrul pepode. 5P 20-30 a
M fer peptide. mTP 2545
Chioroplast Chioraplase tranaie pepride. ¢ TP 40-70
Thylakoid Lumars! tramber pepode, TP 0-30
MNucieus Muchear |ocalisation sgral (monc-partne). MLS 46
MNuclous Nuchear localization wgral (bi-parsite). NLS. 15-20
Pescisame Percoisamal ungecing signal 1, FTS1 3
Poraxisors Perouisomal targeting signal 1. FTS2 L
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Expert System Approach: PSORT _N_Lé

Horton & Nakai, ISMB, 1997

‘ ER-transferon
+

ER-degron {specific signals)

A simplified . .
version of the
decision tree that ]

PSORT uses to [ 1 topolony ronsteron | sk ™
check and reason fopology - |KDEL e 2
over various . | - o]

sorting signals

TMS in mature -
porticn

topology

1

ERM PM LSM ERL LSL OT ERM PM MT MT MT MT NC PX ERM PM GG CP
OM IM IT MX

At each node, a decision is made based on the
result of the corresponding calculation. (+), yes; (—), no; ER, endoplasmic
reticulum; TMS, ransmembrane segment; KDEL, ER retention signal; NLS,
nuclear localisation signal; SKL, peroxisomal location signal; PM, integral
plasma membrane; LSM, lysosome membrane; ERL, endoplasmic
reticulum lumen; LSL, lysosome lumen; OT, extracellular; MT,
mitochondrion (OM, outer membrane; IM, inner membrane; IT,
intermembrane space; MX, matrix); NC, nuclear; PX, peroxisomal; GG,

Golgi complex; CP, cytoplasmic
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|
A Refinement: PSORT-B NUS

Gardy et al., NAR, 31:3613--3617, 2003

¢ Sites considered

— cytoplasm Localization sites
— inner membrane or “unknown”
— periplasm

outer membrane
extracellular space
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PSORT-B: E-‘_lé

SCL-BLAST

¢ Homology to a protein of
known localization is good -
. . .y Localization sites
indicator of a protein’s or “unkniown”
actual localization site

= BLAST target protein
against a database of
proteins whose
localization sites are
known

= Return localization sites of
hits at E-value of 10e-10
over 80% of length
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. ERAINUS
PSORT-B: NUS
Motifs T=

*« Some motifs in PROSITE
may be able to identify T et
subcellular localization or “vakaown”
with 100% precision

= Scan target protein against
a database of such motifs
(28 such 100%-precision
motifs are known)

= Return localization sites

corresponding to the motif
hits
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PSORT-B: E‘._l“{é

¢ a-helical transmembrane
region is reliable indicator Losgation st
of localization to inner

membrane

= Scan target protein for
transmembrane a helices
using HMMTOP

= Return localization site as
“inner membrane” if >2 a
helices found
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I % 1
ERANUS
85 s

PSORT-B.
Outer Membrane Proteins

e Outer-membrane proteins
have characteristics B-
barrel structure

= ldentify freq seq occurring
only in B-barrel proteins
(279 such freq seq known)

= Scan target protein for
these freq seq

= Return localization site as
“outer membrane” if >2
such freq seq found

Localization sites
or “unknown™
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PSORT-B.

SubLocC

e Overall amino acid

composition is useful for -
.. . Localization sites

recognizing cytoplasmic or “unknown”
proteins

= Trained SVM on overall
amino acid composition to
predict cytoplasmic vs
non-cytoplasmic, as in
SubLoc

= Analyze target protein’s
amino acid composition
using this SVM
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N £=1
PSORT-B: Q'.._L_E
Signal Peptides

e Presence of signal peptide
at N-terminal means
protein not cytoplasmic

Localization sites
or “unknown™

cammen

= Train HMM & SVM to
recognize signal peptides
and their cleavage sites

= If high-confidence cleavage
site found by HMM in first
70aa of target protein, then
“non-cytoplasmic”

= If low-confidence cleavage
site found, pass candidate
signal peptide to SVM to
confirm

= If confirmed, then “non-
cytoplasmic”
= Otherwise, “unknown”
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PSORT-B.
Bayesian Network

e Bayesian Network
integrates results from the
6 modules

* Produces a score for each
of the 5 possible
localization sites

e |If asite scores >7.5, then
predicts as a localization
site of the target protein

e If no site scores >7.5, then
makes no prediction

Localization sites
i "
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PSORT-B. ;N-_l'_é
Performance of Individual Modules

Module Precision Recall
SubLocC 78.6 74.2
HMMTOP 994 65.3
Motif 100.0 6.5
OMP Motif 100.0 23.6
SCL-BLAST 96.7 60.4
Signal 87.0 98.2

Dataset: Gardy et al., NAR, 2003
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PSORT-B. E-‘_lé
Performance wrt Localization Sites

PSORT-B is a considerable improvement over original PSORT

Localization PSORT 1 Recall PSORT-B Recall
Precision Precision
Cytoplasmic 59.7 75.4 97.6 69.4
Inner membrane 554 95.1 96.7 78.7
Periplasmic 60.9 66.4 91.9 57.6
Outer membrane 65.3 54.5 O8.8 90.3
Extracellular 0.0 0.0 94 .4 70.0
Overall 59.6 60.9 96.5 74.8

Dataset: Gardy et al., NAR, 2003
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PSORT vs PSORT-B:
Some Remarks

* PSORT considers various signal/features in a top-
down way driven by its reasoning tree

 PSORT-B generates all signal/features in a
bottom-up way, then integrate them for decision
making using Bayesian Network

* Machine learning “beats” human expert?
Probably the number of features/rules needed is
too much/complicated
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Using Amino Acid Composition for
Subcellular Localization Prediction:
NNPSL, SublLoc, &

Function Domain Composition

10
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FINUS
Amino Acid Composition Difference&’ =

e each cellular location has * |f the above is true, the

own characteristic physio- amino acid composition
chemical environment differences wrt cellular
« proteins in each location location sites should be
have adapted thru more pronounced on
evolution to that protein surfaces than
environment protein interior
« thus reflected in the * Exercise: Why?

protein structure and
amino acid composition
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Adaptation of Protein Surfaces :-IEI-_I.E

Andrade et al., JMB, 1998

e To test the ' composition vectors were
theory of calculated for all proteins; these were then used to
adaptation of define a sample variance-co-variance maltrix, S, as

protein surfaces  follows:

to subcellular n
localization, we S ={sp} = Z(Ca} —¢j)(ci; — cx)/n (2)
do aplot of 3 =1
types of where:
composition L Proportion of

_ jth i id
vectors along i _ZC' jhamino acid 4

e 1 & type in i" proteifi

their first two nio P P
principal is the average composition of the jth amino acid
components type over the n proteins in the data set. The princi-

pal components of the set of composition vectors
are then the Eigenvectors of S
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IINY
Adaptation of Protein Surfaces %5/zsi==
Andrade et al., JMB, 1998
: ~Total aminoacid~—— —Surface amino acid
* ... “'composition vector <« composition vector
n w # i a nucIeJr
1) f‘? s cyto
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EINUS
Amino Acid Composition ""‘""‘"‘"’

 This means can use amino acid composition
vectors, especially those from protein surfaces,
to predict subcellular localization!

e Let’s see how this turn out....
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Neural Networks: NNPSL EIHS

Reinhardt & Hubbard, NAR, 26:2230--2236, 1998

cytoplasmic

fractionof

each amino extracellular
acid in i
the input l mitochodrial
protein l

nuclear
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EE &
NNPSL" aNUS
. @ Bt ety
Performance
Eukaryotic Proteins  Prokaryotic Proteins
e OQOutputs of NNPSL
Overall Prediction As 66.1 809
have Val ues 0 to 1. era rediction Accuracy [ : 59] [ .
. o=1. c=1
The difference (A) ‘
b etw een t h e Prediction Accuracy Reliability Group 1 51.1 59.1
) 0<A<02 [a = 6.05] [6=934]
highest and the N e
h . h t Prediction Accuracy Reliability Group 2 519 712
next Ig es 02<A<04 [o=3.04] [6=1111]
nodes can be used . -
. - Prediction Accuracy Reliability Group 3 68.7 78.1
as a reliability 04<A<06 [o=4.56] 10=6.55]
n d ex Prediction Accuracy Reliability Group 4 82.5 91.0
06<A<08 [6=247] [o=2.85]
Predicli%xl.gc2urzcy<k:t]:.liabiljry Group 5 819 84.9
[0=433] [o=2.18]
Dataset:
Re | n h ardt & H u b bard ,  Summary of the prediction accuracy achieved by the neural networks for eukaryotic
and prokaryotic sequences. Shown is the overall accuracy and the accuracy for the
NAR ’ 1998 various reliability groups together with the standard deviation G as yielded by cross
validation tests.
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Ve ——
Support Vector Machines: SubLoc EBNUS

Hua & Sun, Bioinformatics, 17:721--728, 2001 =

Argmax, X-vs-rest

The SVMs use

« polynomial kernel with d = 9 (prokaryotic),
K(X;, X)) = (% X + 1)¢

* RBF kernel with y=16 (eukaryotic),
K(Xi, X)) = exp(- v [X; - Xj|2)
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B &
SubLoc: E..l‘.'.!_é
Performance
Location NNPSL Markov model SubLoc
(Eukaryotic)
Accuracy Accuracy Accuracy
(%) (%) (%)
Cytoplasmic 55 78.1 76.9
Extracellular 75 62.2 80.0
Mitochondrial 61 69.2 56.7
Nuclear 72 74.1 874
Total accuracy 66 73.0 79.4
Dataset: Reinhardt & Hubbard, NAR, 1998
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B &
subLoc: Robustness of Eu__l_é

Amino Acid Composition Approach

Accuracy (%)

Total Cyto Extra Mito Nuclear
COMPLETE 78.3 76.7 77.2 56.4 86.0
CUT-10 77.2 74.0 77.8 52.7 86.1
CUT-20 76.3 73.2 78.5 514 84.8
CUT-30 76.1 72.5 76.3 50.5 85.8
CUT-40 75.3 71.5 74.2 46.7 86.3

e Amazingly, accuracy of SubLoc is virtually unaffected when the
first 10, 20, 30, & 40 amino acids in a protein are deleted

e Amino acid composition is arobust indicator of subcellular
localization, and is insensitive to errors in N-terminal sequences
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Amino Acid Composition: ,'E'.._'“_E

Taking it Further
 How about pairs of consecutive amino acids?
(a.k.a 2-grams) How about 3-grams, ..., k-grams?
 How about pseudo amino acid composition?

 How about presence of entire functional

domains? (l.e. think of the presence/absence of a functional
domain as a summary of amino acid sequence info...)

Copyright 2006 © Limsoon Wong
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B &
Functional Domain Composition....-"--...*:-§

Cai & Chou, BBRC, 305:407--411, 2003
If a protein got a hit in Interpro,

use NN-5875D:; else use NN-40D

NN-5875D: NN-40D:
Training seqgs of Train k-NN (k=1) Train k-NN (k=1)
various localization using these vectors using these vectors
sites
= =
X P
x2 m
BLAST against x=| - | or,ifno |, | Amino
db of known o hit found Pt | acid
: . : composition
functional domains || o N P
(Interpro) where

Pseudo amino

. 1 hit, id it
- 0 otherwise acid composttion
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Functional Domain Composition:
Performance

Investigators Prokaryotic set® Eukaryotic set®

Re-substitution (%)  Jackknile (%)  Re-substitution (%)  Jackknile (%)

Chou and Elrod [6]  90.4 86.5 N/A N/A
Yuan [22] N/A 89.1 N/A 730
Cai and Chou [23] 9.1 84.4 956 70.6
Feng [24] 93.5 §9.2 N/A N/A
Feng and Zhang 25]  97.7 904 N/A N/A
Hua and Sun [26] N/A 914 N/A 79.4

uthors ol this paper 100 89.3 100 90.4

e 1 T w - a T T

Dataset: Reinhardt & Hubbard, NAR, 1998
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Any Question?
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