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Table 1 Information of the total data set we use

Data type Data set # Protein pairs Used for
Training data CYGD (MIPS) 11862 Training
Training data DIP 15 164 Training
Gold standards (Positive) Protein pairs in the same MIPS complex 8617 Testing
Gold standards (Negative) Protein pairs with different subcellular location 2 705 844 Testing
Testing data Random PPI 100 000 Testing
High-throughput interaction data  /n vivo pull-down  (Gavin, et al.) 31304 Comparison
High-throughput interaction data  /n vivo pull-down  (Ho, et al.) 25333 Comparison
High-throughput interaction data ~ Yeast two-hybrid  (Uetz, et al.) 981 Comparison
High-throughput interaction data ~ Yeast two-hybrid  (Ito, et al.) 4393 Comparison

From public PPI databases CYGD and DIP, we generate a non-redundant PPI data set with the number of 17 013. Both positive and

negative control data sets are used for testing. And we also generate a random data set containing 100 000 PPI pairs. Four

high-throughput PPI data sets are chosen for comparison.
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Fig.1 The curves of predicted accuracy
E—N: DIP & CYGD; @—@: Random 10K; A—A: L neg; V—V:
MIPS complex. We use four data sets to compare the predicted
accuracy: our training data set, positive control (MIPS complex), random
PPI and negative control. It's not strange that our training data get the
highest rank. But it’s clear that the positive control is much like our
training data when the Predicted Probability Score is greater than 0.5.
And our method predicts both the negative and random PPI with poor
hits. So our method has a much satisfying sensitivity with a much low

false positive rate.
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Table 2 Comparison to high-throughput data

Testing & comparison Cut-off Sensitivity FPR
Correlated GO 0.1 0.47 0.14
Correlated GO 0.2 0.35 0.06
Correlated GO 0.3 0.32 0.03
Correlated GO 04 0.31 0.01
Correlated GO 0.5 0.29 0.01
Gavin, et al. — 0.21 —
Ho, et al. — 0.05 —
Uetz, et al. — 0.01 —
Ito, et al. — 0.006 —

In order to test our method, the results predicted were in comparison to
the four high-throughput data sets published, and the accuracy was
evaluated using the positive control sets. When the probability score is
greater than 0.1, a higher sensitivity of 47% was got with our method.
And when we adopted a much stringent threshold score at 0.5, the false
positive rate is about equal to zero, while the sensitivity is still 29%,

which greater than the experimental hits.
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Fig.2 The PPI network of telomerase complex
From literature and public PPI database, we find that there exist twelve
telomeric proteins which will form two separate sub-complexes with 14
verified PPI. And our prediction results provided 48 additional potential
PPI, with only two missed. From prediction results, we suppose that
these proteins may crosstalk with each other and form an integrated

protein complex.

Fig.3 The PPI network of mitotic kinase IPL1 with its
binding partners

IPLI can interact with seven other proteins with eleven verified PPL. Our

method can prediction ten of eleven PPI, furthermore, six probable new

PPI were predicted using our approach. Since CIN8 can interact with

IPL1 during mitosis process, while IPL1 and SLI1S can form a protein

complex, it's quite possible that CINS interacts with SLI15.
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Protein-protein Interaction Prediction With Correlated Gene Ontology”

ZHANG Qian?, WANG Jing-Ze"™
("State Key Laboratory of Bio-membrane and Membrane Biotechnology, Institute of Zoology,
The Chinese Academy of Sciences, Beijing 100080, China;
JGraduate School of The Chinese Academy of Sciences, Beijing 100039, China)

Abstract The cellular processes in cells are controlled by protein-protein interactions (PPI), and comprehensive
PPI maps are important to understand the complicated regulatory, metabolic and signaling pathways. Recently,
new parameters for PPI prediction are under discovering. Here, a Naive Bayesian algorithm with the correlated
Gene Ontology (GO) was used for PPI prediction. The characteristic pairs of GO terms was demonstrated by
training a non-redundant PPI data set from two online budding yeast databases, and the probability about this two
correlated GO terms was also obtained. The accuracy of the prediction was tested by both positive and negative
control data. The approach can distinguish them properly, with a satisfied sensitivity and low false positive rate.
After comparing the prediction result to the data derived from high-throughput experiments, it is proved that the
method is more sensitive and efficient than other means. Furthermore, some new insightful knowledge about
interactions of the proteins will be found using this prediction approach, and the prediction is very helpful to the
laboratory experiments.
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