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Multi-level Inheritance Influence Calculation and Generalization Based on Knowledge Graph
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Abstract Influence calculation and analysis are widely used in social networks,web page importance evaluation and other fields.
There is still a lack of effective and universal solution for the multi-level influence calculation with inheritance chain and time span
factors. At the same time, the calculation of maximizing the propagation influence is an NP hard problem,whose approximate al-
gorithm has low accuracy and complicated computation. In order to solve the above problems., this paper proposes a multi-level in-
heritance influence and generalization algorithm based on knowledge graph to realize the calculation of inheritance influence and
inheritance relationship. The algorithm uses the breadth first search hierarchy computing model of knowledge graph,and takes in-
to account the time span constraints to calculate the inheritance influence and inheritance chain. In order to optimize the computa-
tional efficiency,the strategy of depth first search and different levels with different weights is further used to only calculate the
influence of the top n levels. The above method can not only calculate the inheritance influence and inheritance chain well, but also
can be generalized into various communication influence calculation models. On this basis, this paper proposes a local optimal
search similarity algorithm to maximize the propagation influence by selecting the nodes with large propagation influence as spare
nodes. It achieves competitive results in running speed and the maximum number of propagation nodes. Finally, the effectiveness

of the proposed method is verified by a variety of simulation experiments.
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. Influence_count(person,g,y)

—_

2.a<{}
3. sum=0
4./ x GIERREM S « /

. pnode<—G(person)

ot

=3

.if len(pnode) | =0

7. x_sub=0
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.for j=1,2,++,len(pnode)do
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10. flagl = graph. run(pnode[j]. marked)

11, if(flagl = = 0) then

12. graph. run(pnode[j]. marked) =1

13./ * pnode[[i ] ELH2 52 Wi 1) BT A 19 4 % /

14. pnodel<-G (pnode[j])

15. stime= G(pnode[j]. time)

16. if stime<C=y then

17. queue=queue U G(pnode[j])

18. sum=sum-1

19. a=al pnode[j]

20. end-if

21. end-if

22. end-for
23. else if(len(pnode) ==0) and (g==1)then
24. sum=<-0
25. elseif len(pnode) ==0 and g!=1 then
26. flag2= graph. run(person. marked)
27.if(flag2==0)
28. graph. run(person. marked) =1
29. a. append(person)
30. sum=1
31. end-if
32. end-if
33. while queue~® do
34. x,y=influence_count(dequeue(queue) ,g+1.y)
35. sum=sum-+x
36.a=aly
37. end-while
38. return sums,a
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5. pnode<-G(person)

6. if len(pnode)#0 and g<~=max then
7.s<{}

8. x_sub=0

9. for j=1,2,++,len(pnode) do

10. flagl = graph. run(pnode[j]. marked)
11. if(flagl ==0) then

12. graph. run(pnode[ j]. marked) <1
13./ * pnode[i ] B #4252 Wi ¥ BT A 19 4 % /
14. pnodel = G (pnode[j])

15,/ % 2R 50R 46 52 5 w6 ] x /

16. stime=G(pnode[j]. time)

s

17. if G. run(pnode(j))# () and stime<<y
18.s=sUj
19. sum=sum—+1* \[g—1]
20. a=alU pnode[j |
21. end-if
22. end-if
23. end-for
24. for each i€ s do
25. x»y<Influence_count(pnode[1].g+1.y)
26. sum=sum+x* ALg—1]
27.a=aly
28. end-for
29. else if len(pnode) ==0 and g==1 then
30. sum=0
31. else if len(pnode) ==0 and g<"max and g#1
then
32. flag2=graph. run(person. marked)
33.i[({lag2==0):
34, graph. run(person. marked) <1
35. a. append(person)
36. sum=1% A[g— 1]
37. end-if
38. end-if
39. return sum,a
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2. list_n=0Q/ * fFHALER xx k IR * /
3. for each n€ nodes do
4, sum, list] =influence_count(n,1,y)
5. temp=n,sum, listl
6. if len(list_n) <k * x then
7. list_n=list_nU temp
8. sorted(list_n)

9. else
10. 7€ list_n AR INLE list n I JEA ST R I H KW TR, M
% list_n Pl/MHITER

11. end-if

12. end-for

13. start_max fF R 745 51 AR 5 o B SR B2 M ) R R B 5 — A5 45
1Ptk

T B 5 W die R 3 — 1Y R BT R 1 35 RO AR List_max
15. for each i€ k—1 do

16. temp_max1=list_max

17. temp_max2=list_max

18. node_x=—1

19. for each j€ list_n do

20. m=len(list_n) —1—j

21. temp_max2=temp_max2 Ulist n[m][2]

22. if len(temp_max2) >len(temp_max1) then

23. temp_max]=temp_max2
24. node_x=m
25. end-if
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26. end-for
27. list_max=temp_maxl
28.if node_x==—1
29node_x=len(list_n)—1
30. end-if
31. start_max=start_maxlist nUnode_x][0]
32. list_n. remove(list_n[node_x])
33. end-for
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Fig. 8 Comparison of number of propagation nodes of algorithms

with maximum propagation influence
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