Spectrum analysis on biology networks
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We want to find a proper metric on the space We used different metric to reconstruct balanced tree (((A:x,B:z):2x,(C:2,D :x):2z): 4z, (E : z, F :
of graphs, with which we can measure the x):2x,(G:x,H:x2):2x):4x) : 8x,(((({ : z,J : x) : 22, (K : z, L : x) : 2x) : 4o, (M : z, N : x) : 22,(O : x, P : x) :
difference between two graphs without the 2x) : 4x) : 8z); and unbalanced tree ((((((((((((((A:z,B:2):2,C:2z) :2,D :3z) :x,E : 4x) : 2, F : 5z) : 2, G :

identical information for each node. Since the 6x):x,H :T7x): 2,1 :8x):x,J :92¢) : 2, K : 10x) : , L : 11z) : &, M : 12z) : , N : 13x) : 2,0 : 14x) : x, P : 15x);

spectrum reflects the structure information of a with 16 leaves (networks), and also the corresponding balanced and unbalanced trees with 32 leaves.
graph [1|, we take it as the starting point of our The similar ratio, which measures how the reconstructed trees are closed to the original trees are
approach. shown in (a),(b), (c) and (d) respectively. The ratio using bipartite distance, spectrum metric (see

e Eq.2) with constant factor o = 0.001 (in Eq.1) and optimal smooth factor o (by [3]), ¢’ (by |5]) are
marked in different colors. In most cases, spectrum metric with optimal o is better than the others.

However, the similar ratio falls down quickly when x becomes larger using these methods. All the

methods we used here do not employ the identical nodes information.
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