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Abstract With the continuous growth of scientific and technological data,various science and technology departments have accu-
mulated a large number of scientific and technological management data of scientific and technological projects. For a large amount
of structured data,it is necessary to organize and analyze the distributed data,and finally provide data query and extraction ser-
vices according to requirements. The analysis of relationships in relational databases is not effective. In order to improve the effi-
ciency of analysis.relational graphs are introduced for data processing. Firstly,an entity search and localization algorithm based on
word frequency is proposed,and the entities and relationships are extracted to construct the relationalgraph. Secondly, an im-
proved FP-growth algorithm for {requent item mining of graph data is proposed in order to solve the frequent item screening
problem in the graph data. Then.a data filtering process based on graph data is designed. In addition, this paper defines the sco-
ring matrix,evaluate the screening data,and finally give an analysis opinion. The evaluation standard of data screening can be cus-
tomized. Finally,combined with the constructed relational graph, the algorithm is applied in practice and encapsulated as a ser-
vice. Experimental results show that the improved FP-growth-based frequent item mining algorithm has 10 % ~12% improvement
over the traditional FP-growth algorithm. The accuracy of the data screening process designed in this paper reaches 97 %.
Keywords Relational graph,Data analysis.Graph construction, Construction of human relation graph.Data mining,Service appli-

cation
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ccut(G)—>temp[ ]/« FFBEF AT G 43R * /
. count(temp[ ) —>list[ ]/ * GiT a4 « /
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/BT n LA g iR i x /
5. DO list [i]—>dict[i]
6. END
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7. compare(V,dict[ ])—>res
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8. RETURN res
9. END
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Table 1 Example of entity data
Project Project field Year Start time End time Unit type Project unit Unit nature
Projectl field 2015 2015/1/1 2019/8/31 Commitmentunit NCUT College

. Commitment unit+2015 @
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Fig. 3 Example of relation instance
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Table 2 Example of collection V' structure

Entity  Relation Entity Relation Entity
E, Ry E, R, E;

E R, E, R, E,

Bk 2 Sk RO Rk

A AYRGB LA RKRER V. L HRIREFI E
R ES V

1. begin

/x xR AT A E LA« /
2. WHILE vari<llength(V)/ * 17%{ % /
3.DO IF V[i][3]#E[1] THEN
4. DELETECV[i])/ * KA 550 W Bk /
5. END
6. ELSE IF V[i][5]#E[2] THEN
7. DELETE(V[iD / « AFFE F 50 MM ER = /
8. END
9. END
10. RETURN V
11. end
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Fig.4 Frequent item analysis flowchart
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Table 3 Example of frequent item mining source data

Object Item
P1 11.12,15
P2 12,14
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END
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7. WHILE vari< data
8. DO buile_FP-Tree()—>f{p-tree/ * # &t fp-tree * /
9. END
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10. IF FP-Tree_only(i) THEN

o

11. combine(fp-tree,minsup,L) —F
12. ELSE select_tree(fp-tree) —>F
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14. end
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Fig.5 Overall structure of relational graph of technological data
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Table 4 Initial definition of scoring matrix
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Table 5 Accuracy of expert extraction result
CA7 0)
Accuracy Control Group Accuracy
Real data 100 97
Experiment data 95 90
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