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PPI Network Inference Algorithm for PCP-MS Data
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Abstract With the development of proteomics,scholars begin to pay more attention to the construction of Protein-Pro-
tein Interaction (PPI) network. Mass spectrometry(MS) has become a representative method for protein-protein inte-
raction (PPD) inference.and it is one of the main experiment method to construct PPI network. Based on the technology
of mass spectrometry,a large amount of experimental protein MS data is generated, such as affinity purification-mass
spectrometry (AP-MS) data and protein correlation profiling-mass spectrometry (PCP-MS) data, which provide impor-
tant data support for the construction of PPI networks, but constructing PPI networks by hand is impracticable and time
consuming. Thus, PPI network inference algorithm for PCP-MS data has begun to become the research hotspot in bioin-
formatics. This thesis focused on the problem of PPI network inference for two main types of mass spectral data (AP-
MS data and PCP-MS data) ,and designed effective methods respectively to solve the issue of current bottlenecks,achie-
ving the construction of high-quality PPI network. The existing algorithms for PPI network interface from PCP-MS data
are still in infancy.and there is a few of related algorithms. The existing method have several problem. Specifically:
1)many error interaction is contained in the results produced by the different algorithms.and the correct interaction is
omitted in the results. 2) Different algorithms may produce very different results when they face the same data set.
3)For different data sets,the performance variance of the same algorithm is larger. For the problem of PPI network in-
ference for PCP-MS data, this paper proposed a PPI scoring method based on correlation analysis and rank aggregation.
The method is based on unsupervised learning and includes two steps. Firstly, correlation coefficient between protein

pairs is computed,and multiple results of PPI scores can be obtained. Secondly, multiple results for each pair of proteins
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are combininect via rank aggregation to a single PPI score. The experimental results show that this method is compara-

ble with those supervised learning methods using standard reference set.
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Table 1 Information about 13 groups PCP-MS data set
4 2487 K MS # & F B

1 HEK293 HCW LTQ 120
2 Hel.aS3 SAF LTQ 48
3 HelLaS3 HCW LTQ 120
4 Hel.aS3 HCW LTQ-Orbitrap 120
5 Hel.aS3 TCS LTQ 375
6 Hel.aS3 SGF LTQ-Orbitrap 14
7 Hel.aS3 IEF(PH 5-8) LTQ-Orbitrap 10
8 HelaS3 IEF(PH 3-10) LTQ-Orbitrap 10
9 HELaC3 1IEF(PH 5-8) LTQ-Orbitrap 10
10 HELaC3 IEF(PH 3-10) LTQ-Orbitrap 10
11 HELaC3 SGF LTQ-Orbitrap 14
12 HELaC3 WAX LTQ 43
13 HELaC3 TCS LTQ 269
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