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Abstract Proteins are known to perform a biological function by interacting with other proteins
or compounds. Since protein interaction is intrinsic to most cellular processes, prediction of protein
interaction is an important issue in post - genomic biology where abundant interaction data have been
produced by many research groups. In this paper, we present an associative feature mining method
to predict implicit protein-protein interactions of Saccharomyces cerevisiae from public protein
interaction data. We discretized continuous-valued features by maximal interdependence-based
discretization approach. We also employed feature dimension reduction filter (FDRF) method which is
based on the information theory to select optimal informative features, to boost prediction accuracy and
overall mining speed, and to overcome the dimensionality problem of conventional data mining
approaches. We used association rule discovery algorithm for associative feature and rule mining to
predict protein interaction. Using the discovered associative feature we predicted implicit protein
interactions which have not been observed in training data. According to the experimental results, the
proposed method accomplished about 96.5% prediction accuracy with reduced computation time which
is about 29.4% faster than conventional method with no feature filter in association rule mining.

Key words : Protein-protein interaction, Feature association mining, Association rule, Data mining,
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Curated protein
interaction data

.

Selected interactions

1

o | o
' bt 101
¢ |TEM1 <> ECM31 0
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! |HRR25%> RaDsI [V 1011
:
]
1|
1]
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- H H
|i> Selected feature set
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E A= -1

0, 1 : non-informative feature

0: feature does not exist
1: feature exist
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] £ % 3°] FDRF9 & AlA€t}t. FDRF
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AHEstR T OyamaZl =2-ollA AMEFE d 01 Bl MIPS
9} YPD, ze]x Tto{11]9} Uetz (13]9] Y2H 4% A3

2 ¥t B =RAAME A5deste 7t guAs
94 &S Boh FRAA Az G At FrHH L
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7HA e d9d 3538 A5E vepdch & 49 22
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A3 AFE-sE £AHS9] e E 39 FDRFi ARA
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feature vector representation
of protein interaction

Profen interachons| 11650010 - 0000...1100

1011 - 00100111

1100 - 1000._.1001
1111.A.1001->011om10111;r>

0001 - 0100...0101

MSL5 «» MUDz | 1000...0010 - 0101...0111

Condition features Result features

[ouutomn
110...010 > 000...110
011...1115001...011
..110>100...101
...101 2010...101
011...000 » 010...011
100...010 »011...111

L*;‘-*w» Feature 1
e Feature 2

Feature-to-feature association

%1 54 MEES 083 BN Beage) B8 $4UH

B 4 AP AEF

AEAE dolHE f9 &

49 =

328 ot FEAE Mg Z27] 49 NF 2e8g F $49] A
MISP 10,641
YPD [25] 2,952
SGD 1,482 6,232 1,293
Y2H (Ito et al. [11]) 957
Y2H (Uetz et al. [13]) 5,086
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Predict Protein Interactions with Feature Association Rules
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Set of Feature Association Rules

= &

Prediction Accuracy E

&R0 &F23e = f3 & H4) & Prediction # of Interactions Correctly Predicted

Accuracy = #of Interactions of Test Interaction Data
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cluster) A3 F32E el gy EAjos
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Helg 1 AHER elAl S AA £49 AF 4A £5 242 AF
LUNG-CANCER 32 57 3
PROMOTERS 106 59 2
SPLICE 3,190 62 3
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AA £AEM 499 $AHS 79 duRH $AL L sk WEE Yehate] gz U @
B3 oA A5FE 9 A= oF 34% FE HEEY N o)Fdolg B wWyel MCMC(Mar-
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