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The Classification of random graph models using graph centralities
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Abstract

In this paper, a classification method of random graph models is proposed and it is based on

centralities of the random graphs.

Similarity between two random graphs is measured for the

e e R
classification of random graph models. The similarity between two random graph models G ' and

G™ is defined by the distance of el

= {GIR ‘,...,Gf‘z} that have the same number of nodes and edges as random graph G

. R, ~Ryp . . . . R
distance(G"',G ?) is obtained by comparing centralities of G

and GRZ, where G

iIs a set of random graph
™ The

and G Through the

computational experiments, we show that it is possible to compare random graph models regardless

of the number of vertices or edges of the random graphs. Also, it is possible to identify and classify

the properties of the random graph models by measuring and comparing similarities between random

graph models.
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2. Random Graphs
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Fig. 1. Example RGG graph

2.5 Random Regular Graph (RRG)
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Fig. 2. Example RRG graph

2.6 Watts-Strogatz (WS)

WS ERE A 2As 5 Adetes sto] ER 2]

Yo gt AR Zolg fAEHA S EHES AT 4 3
Fejo] Ay ez Edo|uh[13]. o] oAl 1T} 7

o] TS g AR S VI EEE SEaEHE W

(B)ell wet v Feje] 2f=rt P 59 aHEe

B7F 0 W] Efxzoela, 5 e g7 191 B9 1

ot}

X

ol -

Fig. 3. Example WS graph

2.7 Bianconi-Barabasi (BB)
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[1l. Methods

1. Goodness of Fit Test

1.1 Centrality
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Fig. 4. Graphs with specific properties
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Fig. 5. Centralities of graphs with specific properties
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1.2 Random Graph Models
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Table 1. distance(GPS,GER)
distance (G, GFF) WA yec yPe Yy
n =100, m = 1,732 0.0380 | 0.0533 | 0.0543 | 0.0547
n =200, m = 6,965 0.0373 | 0.0525 | 0.0535 | 0.0232
n =300, m = 15,697 0.0591 0.0670 | 0.0797 | 0.0332
n = 400, m = 27,930 0.0465 | 0.0565 | 0.0585 | 0.0005
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Table 2. distance(GPS, GBA)

A%, % mae) Ak e i
R DR

distance (GT®, GP4) yBC y e Yo© | y®

n =100, m= 1,732 0.9937 | 0.9950 | 0.9950 | 0.8313

n =200, m = 6,965 0.9990 | 0.9982 | 0.9982 | 0.8508

n =300, m = 15,697 0.9993 | 0.9987 | 0.9987 | 0.8688

n = 400, m = 27,930 0.9990 | 0.9990 | 0.9990 | 0.8755
Table 3. distance(GER,GBA)

distance (GPE, GP4Y) Y—BC Y—CC Y—DC Y—EC

n =100, m= 1,732 0.9977 | 0.9923 | 0.9923 | 0.8302

n =200, m = 6,965 0.9982 | 0.9960 | 0.9960 | 0.8505

n = 300, m = 156,97 0.9996 | 0.9980 | 0.9980 | 0.8912

n = 400, m = 27,930 0.9993 | 0.9990 | 0.9990 | 0.8867
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2. Measuring Graph Similarity
2.1 Suggested Method
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Fig. 6. Calculation of distance using centralities
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2.2 Flowchart and Pseudocode for Proposed Method
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Fig. 7. Flowchart for calculating distances
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V. Experimental Results Table 7. distance (Gj,G"™)
} _ 3 H aPS)| 3BC | y¢C | vDC | vEC | v
Aol AHgE AY T mue vhew) gk distance(G, G| ¥ | ¥ | ¥P¢ | ¥ | Yaps
n = 100 0.8504 | 0.8582 | 0.8580 | 0.8757 | 0.8628
n = 200 0.9088 | 0.9023 | 0.9015 | 0.9158 | 0.9071
Table 4. Random graph model sets n = 300 0.9235 | 0.9202 | 0.9192 | 0.9327 | 0.9239
n = 400 0.9356 | 0.9321 | 0.9310 | 0.9433 | 0.9355

Model Set Explanation
RadiusS AR50l BiE Tei==s . H ~BA
Random Geometric (Gg) adius /};g;}; EE;'I Table 8. dZStance(GR,G )
Regulars AFB3t0] AE Tej=zs } — T = — [ —

Random Regular (Gg) eguiar A ij oo distance (GE, GPY| yBC | yCC | yDC | yEC Yroa
. EREH,MIH SEAnd Was n = 100 0.8610 | 0.8604 | 0.8603 | 0.8781 | 0.8650
Watts-Strogatz (G7;) il B el EE MASe Do n = 200 0.9527 | 0.9492 | 0.9487 | 0.9536 | 0.9511
TRy S——— n = 300 0.9658 | 0.9627 | 0.9598 | 0.9655 | 0.9635
Bianconi-Barabasi (G2 BAZZOIA Fitness2t= ool H+& n = 400 09715 | 0.9693 | 0.9687 | 0.9721 | 0.9704

7tstol MMsts =H

Table. 4] Yebd 4749 &g gz 2de 7247t 100,
200, 300, 400719] FHE& /A== AEsich 2 49

RRGE distance (GF,G™) 2] Yy, pgolM 0.86~0.93 A}o]

5 o) gk TS, distance(GE,GPY ] Vg, 0.86~0.97
A S AR Ml A Aol el W A= jeje) gre A A & 4 U o) PSel BAC] di8)
AU n(n-D/27018 4 5 7 ¢ lenz 9y rds A ke FEE M= AL ok 2 ).
TE QSIS a8 WS o] Ao quur WAl 4 o) ﬁﬂ]ﬂ. ag};q t&_/lzgq ) E]EHS’Jr HAre H9e
ilo] FEAHT MR et AR A ARET g el gsgick Ml Azt A%l 0% 19
£ 07 1(H53T HARHE o] A . 9= o
= o » . = M_E . wjo] e Fele Agsiolon 47t Gy, Gy B 13
FA(BC, CC, DC, EO)= ol&3dto] 1259 fAE -
B e
2 Fealr) Ya distance (GE GY) = (YPC, YOO, yPC,
YEC)Q/] %/E% H]_‘T_?:SJ—D]— EE?:SJ', %‘8Lx"-]1cd 7%1% %7]‘3]'7] “HEH Table 9. distance(GIHV,GP‘s)
P R 40
Yys= >, Y'/4, HE{G.RD,W.B}, SE{PSBA}E
qE€BC,CC,DC,EC distance (Gl , G™) | yBC | yCC | yDC | yEC Y po
- o (i
Alrkaksict. n =100 08406 | 0.9186 | 0.8976 | 0.9061 | 0.8907
n = 200 09413 | 0.9707 | 0.9465 | 0.9504 | 0.9522
. i n = 300 00762 | 0.9881 | 0.9648 | 0.9672 | 0.9741
Table 5. distance(GE, G"™) n = 400 09902 | 0.9951 | 0.9738 | 0.9752 | 0.9836
. H P Y — Y o =
distance(G§, G™) | yBC | y¢C | yDC | yHC Yeops Table 10. distance(GII,{%,GBA)
n =100 0.9507 | 0.9342 | 0.8975 | 0.8000 | 0.8956
n = 200 0.9753 | 0.9690 | 0.9552 | 0.8781 0.9444 . bed BA BC ~cC DC EC
n = 300 0.9855 | 0.9810 | 0.9745 | 0.9066 | 0.9619 distance(Gy,, G™)| 'y Y Y Y Yy, a
n = 400 0.9930 | 0.9914 | 0.9881 | 0.9340 | 0.9766 n = 100 0.9263 | 0.9627 | 0.9458 | 0.9447 | 0.9449
n = 200 0.9579 0.9789 0.9686 0.9685 0.9685
. H BA n = 300 0.9680 0.9840 0.9757 0.9760 0.9759
Table 6. dzstance(GG,G ) n = 400 0.9739 0.9870 0.9805 0.9808 0.9806
distance (G, GP4)  yBC CC DC EC
¢ Y Y Y Y Ye5a Table 11. distance (G- ,G™)
n =100 0.8443 | 0.7878 | 0.8169 | 0.7725 | 0.8054 1
n = 200 0.9302 | 0.8978 | 0.9084 | 0.8588 | 0.8988 : —
n = 300 0.9484 | 0.9298 | 0.9357 | 0.9062 | 0.9300 distance(Gyy , G™) | yBC | yCC | yDC | yBC Yy ps
n = 400 0.9603 | 0.9453 | 0.9492 | 0.9249 | 0.9449 n =100 01008 | 0.1352 | 0.1492 | 0.1119 | 0.1243
n = 200 0.3231 0.4077 0.4357 0.3368 0.3758
° o . H PSS . H BA' n = 300 0.8059 0.8290 0.8366 0.6744 0.7865
RGGe| 4+, dzstance(Gp,G )g]r dzstance(Gp,G )7} n = 400 0.8572 | 0.8738 | 0.8793 | 0.6960 | 0.8266

BE AgoA] zlo]E 1Yo PSS BA BF GASHA &
g9 1= E e AL gk 5 9k
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Table 12. distance(G{,{q,GBA)

Table 16. distance (G G4

distance (G, G™) Yepa| Yrpa| Yopa| Ywps Yeba
n = 100 0.8571 | 0.7378 | 0.9234 | 0.9458 | 0.9288
n = 200 0.9460 | 0.7314 | 0.9592 | 0.9509 | 0.9508
n = 300 0.9658 | 0.7264 | 0.9717 | 0.9295 | 0.9664
n = 400 0.9702 | 0.7217 | 0.9759 | 0.9204 | 0.9760

g H ~BA —rc | Tcoc

dzsttmoe(GWl, G4 yBC¢ y¢e yPe yEe YWl BA

n =100 0.9220 0.9778 0.9168 0.8670 0.9209

n = 200 0.9532 0.9500 0.9486 0.8960 0.9370

n = 300 0.9656 0.9632 0.9625 0.9574 0.9622

n = 400 0.9729 0.9702 0.9695 0.9659 0.9696
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Table 13. distance(Gg,GRs)
. H P, YR A Y o —_—
distance(Gyy., G 5) yBC¢ y e yPbe yEe YB, 75
n =100 0.0427 | 0.0493 | 0.0503 | 0.0487 | 0.0478
n = 200 0.0638 | 0.0732 | 0.0737 | 0.0755 | 0.0716
n = 300 0.0735 | 0.0741 0.0747 | 0.0740 | 0.0741
n = 400 0.0385 | 0.0555 | 0.0560 0 0.0375
Table 14. distance (GH, G4
) H ~BA —BC | —co | —Do | —mo
distance (G, GP*)  yBC y e yPbe yEe YB, B
n =100 0.9510 | 0.9440 | 0.9420 | 0.8780 | 0.9288
n = 200 0.9715 | 0.9645 | 0.9650 | 0.9380 | 0.9598
n = 300 0.9797 | 0.9757 | 0.9753 | 0.9347 | 0.9664
n = 400 0.9835 | 0.9790 | 0.9790 | 0.9625 | 0.9760
BB 9= dzstance(GB,GPS) oA PS¢t Ao FARSH 1

% e,

Table. 159} Table. 16
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Table 15. distance (GH, G™)

So] ZAAES E3) oo

THAY #E 7iE](YH5)a«1 groltt.

distance(Gr', G™) | Ypo| Yars | Yors| Ywrs| Yars
n =100 0.8063 | 0.7401 | 0.2969 | 0.7974 | 0.0478
n = 200 0.9139 | 0.7491 | 0.6796 | 0.8069 | 0.0716
n = 300 0.9285 | 0.7495 | 0.7507 | 0.8231 | 0.0741
n = 400 0.8098 | 0.7493 | 0.8555 | 0.8080 | 0.0375
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