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Table 1 Commonly used PPI data sets
Hodln 4 /B e ] 1k 52 30k
Dataset/database URL Reference
MIPS ftp://ftpmips. gsf. de/fungi/Saccharomycetes/CYGD/ [5]
MINT http://cbm. bio. uniroma2. it/mint/index. html [6]
IntAct https://www. ebi. ac. uk/intact [7]
DIP https://dip. doe-mbi. ucla. edu/dip/Main. cgi [8]
BIND http: //binddb. org [9]
BioGrid https://downloads. thebiogrid. org/BioGRID/Release-Archive/ [10]
HPRD http://www. hprd. org [11]
HPID http: //www. hpid. org [12]
STRING https://string-db. org/cgi/download [15]
Krogan http://tap. med. utoronto. ca/exttap/downloads/ TAP_core. txt [141]
Gavin http://yeast-complexes. russelllab. org/complexes. shtml [142]
HuRI http://www. interactome-atlas. org [143]
PathwayCommons http://www. pathwaycommons. org [144]
k2 EOREAUBIEBE
Table 2 Protein complex database
Hdls e RACH PLIE ) 41k EEPEN
Database Model organism URL Reference
Corum E N ﬁi . %E ‘ http: //mi'ps. helmholtz-muenchen. de/ [145]
Homo sapiens, mouse, bat genre/proj/corum
PCD HA http.//hrinvitational. jp/hinv/ped 6
“Da Homo sapiens ttp://h-invitational. jp/hinv/pedq/ [146]
N PG -
CYC2008 Saccharomyces cerevisiae http://wodaklab. org/cyc2008/ [147]
TR 1o B
YHTP2008 S. cerevisiae http://wodaklab. org/cyc2008/ [147]
MIPS NN \%E http://mips. helmholtz-muenchen. de/proj/ [148]
Homo sapiens, mouse, bat ppi/
SGD EE ((E;%fk\zae http://www. yeastgenome, org/ [149]
Yeast complexes P R http://yeast-complexes. russelllab. org/ [150]

S. cerevisiae

Complex Portal 2 N\ Homo sapiens

http://ftp. ebi. ac. uk/pub/databases/in-
tact/complex/current/complextab/
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Table 3 Commonly used gene expression data sets
K a4 [ ERIIRES A EEPEN
Data set Model organism Description Reference
p— fj_’l/‘\ﬁfiﬁji%}?ﬁ%ﬁj;%%[ﬁﬂ%ﬁ%ﬁﬁ AR A 12 A TR R
) i AN 7] 18] B 24 25 min
GSE3431 S. cerevisiae Gene expression data over three successive metabolic cycles,12 time [152]
intervals per cycle,~25 min per time interval
T - 2 AN A F 4% 5 min (B FRREZERAE 2 h 19 %% Sk Bl
GSE4987 S ¢ Transcription profiles sampled every 5 min for 2 h across 2 cell cy- [153]
. cerevisiae cles
A 36 FfiE AR LL S Rk
GSE2361 Homo sapiens Expression profiles of 36 types of normal human tissues [154]
B 45 i B B T 6 AR F IX E R 14 AR
GSE20039 Avabi . 14 samples from 6 A. thaliana seed compartments at the bending [155]
rabidopsis thaliana
coyledon stage
75 I B AT 2 75 0N BT 2 Bt L1 &l 72 S FEAR
GSE40371 Caenorhabditis elegans 72 samples from C. elegans 1.1 animals [156]
ng| — A T e B AN 3L s A~
Coplmasts ML 5~ 7 I B B L 1 L WO 48 /B A 1571

Drosophila melanogaster 48 samples from whole heads of 5 =7 d old male D. melanogaster

x4 BERAMNESRTHAMEMRTIHRES

Table 4 Commonly used subcellular localization-annotated protein data sets

K d e (L ERIREIN %) 1k E=DUIN
Database Model organism URL Reference
Yeastgfp E‘E.(E%ﬁiae http://yeastgfp. ucsf. edu [158]
Proteinatlas DN ' https://www. proteinatlgs. org/download/ [159]
Homo sapiens subcellular_location. tsv. zip
0
Proteinpedia I?Iojr\no sapiens http://www. humanproteinpedia. org/ [160]
NSort/DB Eﬁ;}‘ouse http://www. nsort. org/db/ [161]
R TP T ) 55 O B A 2 L, PR SRR LA
ComPPI S. cerevisiae , C. elegans, D. melanogaster .  http://ComPPI. LinkGroup. hu [162]
homo sapiens
NPD \ﬁfe*ﬁezj]bfte http://npd. hgu. mre. ac. uk [163]
COMPARTMENTS B A BRI W 1 https://compartments. jensenlab. org/ (1647

Homo sapiens, S. cerevisiae Downloads
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Research Progress of Protein Complexes and Functional Modules
Prediction Algorithm Based on Protein-Protein Interaction Net-
work

ZHANG Jinxiong'?,ZHONG Cheng'**

(1. School of Computer, Electronics and Information, Guangxi University, Nanning, Guangxi, 530004, China;2. Key Laboratory of

Parallel and Distributed Computing in Guangxi Colleges and Universities, Nanning , Guangxi, 530004 , China)

Abstract: The modular structure in protein-protein interaction network usually corresponds to protein comple-
xes or protein functional modules. Prediction of protein complexes and functional modules based on protein-
protein interaction networks not only helps to understand the cellular biological processes of living organ-
isms,but also provides an important basis for exploring the occurrence,development and treatment of disea-
ses and rational drug development. The development of protein complexes and functional modules prediction
algorithms based on protein-protein interaction networks in the past two decades are reviewed in this article.
The methods and techniques involved in prediction algorithms are sorted out according to the two directions
of static/dynamic protein-protein interaction networks. At the same time, the commonly used data sets are
summarized and the problems faced are analyzed,which provide valuable reference for further research.

Key words: static protein-protein interaction network; dynamic protein-protein interaction networks; protein

complex;functional module;prediction algorithm
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