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Analysis of Quality Management Process Based on Frequent Graph
Pattern Mining Technology

CHEN Liang, GAO Jianmin, CHEN Kun
(State Key Laboratory for Manufacturing System Engineering, CIMS Institute, Xi’an Jiaotong University, Xi’an 710049)

Abstract Critical activity execution structures are analyzed based on the frequent graph pattern mining technology, supporting the quality
management process control and improvement. Aiming to treat with the multiple and complex loop structures in quality management process, this
paper puts forward an improved pattern-mining algorithm based on Apriori, in which new sub-graph coalition operator is designed to reduce the
generation of redundant frequent candidates. Process analysis of external audit reports treatment is used as a case study to illustrate the proposed
approach and its performance in the end of the paper.
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UG, = GiUGj;
8 L(P) minsup UG, = GiUG;j U {(s, 0)};
L(P) CandidateSet=CandidateSetu{UG,};
If ((s,e)  E(UGy)))
CandidateSet=CandidateSetU{UG,}; }
2 } oo}
Forall(GeCandidateSet){//
If (DeriveSub (G)NLy.1#DeriveSub (G))
CandidateSet = CandidateSet — {G}; }
Return CandidateSet; }

(k-1)
DeriveSub(G: k- ): (k-1)- {
Subgraph = @;
Forall (v € V(G)){
Source = {t, | (t,,v) € E(G), t, € V(G)};
Sink = {f, | (v,f\) € E(G), f, € V(G)};
SG=G - {v};
Forall ( (vs,v4) | Vs € Source,vy4 € Sink) {
if ((vs,va) 2 E(SG))

PDCA SG=SGu {(vi, va)};  }
Subgraph = Subgraph U {SG}; }
Return Subgraph; }
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GenerateCandidate (Ly.): { 1
CandidateSet = O, 1(a)
Forall (<G;,Gj>‘ Gi,Gj S Lk-l) { (b
Forall (s | (s, t) € E(Gy), t € V(Gy)) { - (b)

Forall (e | (0, €) € E(G)), 0 € V(Gj)){
If (Gi-{s}=Gj-{e}) { //
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