goobobbodogd,IBISML 2014-28

(CEgrz:
TECHNICAL REPORT OF IEICE.

FEREA  ETEREE S
THE INSTITUTE OF ELECTRONICS,
INFORMATION AND COMMUNICATION ENGINEERS

NIEBCREAL AR DR IE I B % oA
WIS BEAT RBERDRERT R SERET el

T PESERANIR A W FE AT
T 305-8568 Ik UL D X TiMEE 1-1-1 PERSHIFD < I oes 2
TTRPERF, T 305-8577 FISL > CIFHREAR 1-1-1
E-mail: fmail@kamishima.net, 1{s.akaho,h.asoh}@aist.go.jp, 1 fjun@cs.tsukuba.ac.jp

Pt

HBES5FEL HEDOEROHERTERT 2 & v ) BIEEZEOAIERERM S ERICB LT, JEFICEOAIEEZZER T
& % Calders & Verwer @ 2 HiffiR 4 XyEQMERFENT 21T 9. Z DJREPZHEREN ETTNAUNL T RADHETH S Z

LR L, ZORRIIEDWT, PIRNZABGREEZ OO X ) BT EZUR L, RT3,
F—7—F REREHRT—F <A =v 7 ZREN T -5 <A = 7, B~ A X

Analysing the Fairness of Fairness-aware Classifiers

Toshihiro KAMISHIMA, Shotaro AKAHO', Hideki ASOH', and Jun SAKUMA

1 National Institute of Advanced Industrial Science and Technology (AIST),
AIST Tsukuba Central 2, Umezono 1-1-1, Tsukuba, Ibaraki, 305-8568 Japan
11 University of Tsukuba, 1-1-1 Tennodai, Tsukuba, 305-8577 Japan
E-mail: tmail @kamishima.net, §{s.akaho,h.asoh} @aist.go.jp, ¥{Tjun@cs.tsukuba.ac.jp

Abstract Calders and Verwer’s two-naive-Bayes is one of fairness-aware classifiers, which classify objects while excluding
the influence of a specific information. We analyze why this classifier achieves very high level of the fairness, and show that

this is due to a decision rules and a model bias. Based on these findings, we develop methods that are grounded on rigid theory

and are applicable to wider types of classifiers.
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procedure CV2NB Post-Process(N (Y, S))

1:

2 disc < a CV score of the predicted classes by the current model

3 while disc > 0 do

4 numpos < the number of positively classified samples by the current model
5: if numpos < the number of positive samples in D then

6 N(Y=1,5=0) « N(Y=1,5=0) + AN(Y=0, S=1)

7 N(Y=0,5=0) « N(Y=0,5=0) - AN(Y=0,S=1)

8 else

9 N(Y=0,5=1) « N(Y=0,5=1)+ AN(Y=1,5=0)
10: N(Y=1,8=1) « N(Y=1,5=1) - AN(Y=1,5=0)
11: end if
12: if Any entry of N(Y,.S) is negative then
13: cancel the previous update of N (Y, .S) and abort
14: end if
15: Recalculate lﬁr[YlS] and a CV score, disc, based on updated N(Y,.S)

16: end while
17: end procedure
2 CV2NB E 7OVHBLE T VT Y X4
Fig.2 A post-processing algorithm for a CV2NB model
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Table 1 Comparison of our HFFNB method with the CV2NB method and
two baselines
Adult data Dutch data
Methods Acc ('S NMI Acc ('S NMI

HFFNB 0.828 0.129 1.52x1072 0810 0312 7.17x1072
CV2NB 0.828 -0.003 6.89x10™®  0.761 —0.003 8.79x 1076
NB 0.829 0345 1.16x107' 0816 0365 9.86x 1072
NBns 0.836 0278 7.62x1072  0.789  0.162 1.90x 1072
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Table 3 The accuracy and fairness indeces of a linear SVM and logistic

regression with an actual fair-factorization technique
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Methods Acc CVs NMI Acc CvVs NMI
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