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Fair Method for Spectral Clustering to Improve Intra-cluster Fairness

XU Xia,ZHANG Hui, YANG Chunming.,L.I Bo and ZHAO Xujian

School of Computer Science and Technology, Southwest University of Science and Technology, Mianyang,Sichuan 621010, China

Abstract Recently, the fairness of the algorithm has aroused extensive discussion in the machine learning community. Given the
widespread popularity of spectral clustering in modern data science,studying the algorithm fairness of spectral clustering is a cru-
cial topic. Existing fair spectral clustering algorithms have two shortcomings:1) poor fairness performance;2) work only for sin-
gle sensitive attribute. In this paper, the fair spectral clustering problem is regarded as a constrained spectral clustering problem.
By solving the feasible solution set of constrained spectral clustering,an unnormalized fair spectral clustering(UFSC) method is
proposed to improve fairness performance. In addition, the paper also proposes a fair clustering algorithm suitable for multiple
sensitive attribute constraints. Experimental results on multiple real-world datasets demonstrate that the UFSC and MFSC are
fairer than the existing fair spectral clustering algorithms.

Keywords Algorithm fairness, Fair spectral clustering,Constrained spectral clustering, Machine learning,Data analysis
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Table 1  Clustering interest attributes and sensitive attributes
Datasets Clustering Attribute Sensitive Attribute Group
Gender male, female
Drug Acquaintanceship matrix . African American, white or other,
Ethnicity i , .
Puerto Rican/Latino
Adul age,education-num, num-medications, sex female,male
Adult
num-outpatient, num-emergency , num-inpatient income >50k,<<=50k
Obesit Age, Height, Weight . FAVC,FCVC.NCP.CAEC, Gender male, female
€Sl
v SMOKE.CH20SCC,FAF, TUE,CALC,MTRANS family_history yes,no
. marital married, single, divorced
Bank age,balance, duration
default yes, no
. dAncstryl .dAncstry2,iAvail,iCitizen.iClass.dDepart.iFertil , iSex male, female
Census1990 e e . . . . .
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