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Fairness-enhancing Decision Tree Algorithm

JIANG Wenhui, YE Jianhong, GAO Lingting and HUANG Yifan

College of Computer Science and Technology, Huaqiao University, Xiamen, Fujian 361021, China
Abstract In the field of machine learning, the problem of intrinsic biases in models has received increasing attention,and these bi-
ases often originate from imbalances in the training data or flaws in the algorithm design, which lead to unfair treatment of certain
groups in the prediction results. To address this problem, this paper proposes a fairness-enhanced decision tree algorithm, which
effectively reduces the imbalance in the data by introducing a fairness preprocessing method,and changes the traditional decision
tree splitting criterion by integrating classification accuracy and fairness in the splitting criterion of the decision tree. The pro-
posed method aims to achieve the fair distribution of prediction results among different groups,reduce the bias in model decision-
making,and ensure that all individuals are treated fairly. Experimental results show that the proposed method demonstrates good
performance under multiple fairness metrics, significantly reduces the prediction bias among different groups,and exhibits stron-

ger fairness bias-correction performance than the existing traditional algorithms.
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Fig. 1 Unfairness of common decision trees
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1. G<{}

2. while| {(x€D|x + SA=U} |=m and | {x€ DIx. SA=F}|=n do
3. Xmen<Mean({xED));
4. x;<—argmaxxe p (distance (X Xmean ) ) 3

g<—Append(x,);

6 if x,. SA==F then

7 gu<GetNearestU(x,,m) ;
8. gr<GetNearestF(x,,n—1);
9 else

10. gu<GetNearestU(x,,m—1)
11. gi<GetNearestF(x,,n);

12.  endif

13.  g<Append(g,.gr);

14. D<Drop(D,g);

15. G=<Append(G.g);

16. end while

17. for g in G do

18. fpr<PositiveRatio(g,1);

19. upr<PositiveRatio(g,0);

20. List Up<{x in g|x. SA=U and y(x) =0} ;
21. List Fi<{xin g|x. SA=F and y(x)=1};
22. if nc is False then

23.  while upr<<tau * fpr and| ListU, | >0 do

24, y(x) =1 for x in ListU,

25. else

26. while upr<Ctau * {pr and| List F; | >0 do
217. y(x)=0 for x in ListF,

28. endif

29. end for
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30. Data<-Concatenate({g in G});
31. return Data
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Gain=(1—21) + IGC(D,A)—2 » ADPS an

S R A AR (E AR R LLAR 45 LA R o 0 oKL AR
Jo G A MR M B A AE a=0 B A S B T
5B 2R, DLk B IR 1 4 M B TR A= 1 B, A5 AL )4 5

B IR T DL/ A R A ) ) T 22 S o AN BT RO F Y
SEPS
12>

Maximize IGC(D,A),when A=0
{Minimize ADPS ,when A=1
T R B4 9R T AL A o SRR B A 4R TR D AT B9
ML o Ao A7 7 TR NS 22 R AL B R0 PRSI, RE 6% SE B F 5 0
7 AT B DRSS AN DG T VB M L 3 T A R R A 2 )
2P R R 0 IE R A DL &5 S BRI 2 5 T AR
3.3 ATMMEEHRRMEIE
JE U R U5 B 4 2 0 FAIR-MDAV J7 ik B 35 , 18
3 2% S P 3 i ) R A L O kS PR Y 0 bR HE T T
DR YA 3, RO T AS SCRT 4R A 1 5 0 e SR AR
Bk HPRAn L RN 2 PR
&% 2 Fairness-Enhancing Decision Tree Construction
A« 2t b B VI 2R B0HE 4R Data, D SRR 19 AR5 21 node. 1815 S 4L
A SR T SA
i < 2N ST 4 B ) ke SRR A AR

1. function TreeConstruction(node,Data,X,SA) :

2. if IsPure(Data) or maximum depth reached then
3. return / /45 1L A8 35 1 4514

4. end if

5. best_gain=—co

6. best_split=None

7. for each attribute A in Data do

8. split_points= GetSplitPoints(Data, A)

9. for each split_point in split_points do

10. split Data into left_data,right_data

11. calculate IGC

12. calculateDpChange

13. gain=(1—2a) * IGC— A * DpsChange
14. if gain >>best_gain then

15. best_gain=gain

16. best_split=(A,left_data,right_data)
17. create the node

18. end if

19. end for

20. end for

21. TreeConstruction(node. left_child,best_split[1],x,SA)
22.  TreeConstruction(node. right_child,best_split[1],x,SA)

SEE 250 1 A7 0 i A KO BEAT AL PR 64 I 2 B a4k
Data JEUEBE SA U RAT SHA, H2— 4TSGR
b R A A Y HAOE AR A (M T A R TS TR —
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) BRI B g R VR B A AR R AR WS IR . AR
5—6 FF WAk B A 4y 2L 18 25 best_gain P AE 5 2L 55 best _
split, 55 7—10 173 J B0 4 v 9 1 A 1 L R B0 R 4 1
JIT A T RE A B X0 T — A 2 B S BRI O S A T AR
MAFE. B 11— 12 7 49051 2 E B3 s A0
R /AN S RS (A B EE TR TR PSS E SR DN R a /AR i
ARG A WS . 5 14— 18 T W Y AT S A WS IL T &
A S 5 D00 O BT B A 4y B 48 25 best_gain R EcAE 43 B4 05
best _split, JFRIAI . 5 21— 22 3 A2 FAR A4S F AR 19
J# F TreeConstruction PR, 4k 22 4 @ e Sk B

SR 2 0 3 B [A) 52 % R T 0 R R e B M B
SR AR B R A OS2 S Bk SR A
TN FKIEFERICEA p NEME . W T IR 0 s R
BAE BB A B B AT REAY 43 2L IR PR AL 4 A
PN TG A 2 5 AE B A L S R R T
Ja PR 28 B X TS m kL SR I O T 4 2L A B T R R
BT N—1, 8RR A EE A LU — A E R 20T
FRUE M L 43 B4 R B S T 8 S TR (B B L 35 Y I
ANF N, Bk, BAEERZA N AR 2 28 T
BEA AT RS TR AL BLRE 1E B AR R A AR AL A TR o
]2 2 B2 S OCND L BB 7 AN s vk b 0 43 2497 Al 2 i 18] oy
O(N*), HTHBIEEAR p B, BT LU S 15175 A EHRE]
P 2L A SARET R 24 OCp X ND) . Bk id 38 3 )5
A @R R IH G RSB N A FEMA T
B, 3K B4 Y B R BE BT R Y R A A B A AR AR
W B KRR D, B, e SR 00 T o 24 S 1 15 5 o 5
) 3 B A SR AR B A % Bl OCp XIN® X D) SR, 75 B3
TR A I AR BRI G SR 22 A A I B R
A ISR IR B T B B AT N SRR, SEBR Y B
[F] 52 2% B AR T AN 38 By BRR.

4 KWHERKRSH

ARSI SE 6 R 35 A Intel Core i7-10700 CPU, B 4h 3 J&
2.9GHz, 16 GB Hlif RAM, 84 ¥ 58 windows 11 #:4E &
4 187 i i Python 185 328,

4.1 HiE&%

ST BT UCT #2489 Statlog, Adult #1 Bank %48
BRI ARG . Statlog BHE 5 2 R T % BLAR AT fF R T AL
IR IR 1 AL T A G R M &R E B T 10 &%
JR AR TR A B, Adult B g = — A IF AT Y 35
N A B A S 58 W T R 55 . B b i B A
FEACAL S Z FRRAE , IR0 TAE R B LB K55, F AT
T AR B AR U A 2 75 8 3 50 000 3556, Bank 3R 4 U A
AT HRATEHE S ERE T 5 P 2 RARE,
AR IR RS A, F B T HUN K PR S S B WA K
FERh . X3 ANBAREAE A TR LB EEE XL FEH L
W vz A AR R RIE 1 B rh i v A i DL L B30 4R
HYAE AR Bk 3 g,

XF T Statlog B4 42 A 56 5250, 74 SCE IO VR S S0 R
eI € (B k) R B A MBI F, Lot e ot
HRAL U, X+ Bank B4 8 A0 OC 52 50 A% Sk BUAR I8 15 Sy Uk
JBTE KA BB AL LB 25— 60 X A FIRER F, HAL4E

B X IR U, X T Adult B 48 48 ¢ 5256, AR 308 BT
SR A U A ) € (B kL Atk BB A R REIA F
LAEBE WA A U,

£33 BEERE

Table 3 Datasets information

A & 4 M AR R A %
Statlog 1000 20
Adult 30913 10
Bank 45203 14

4.2 EWHEXIEE

S 6% 26 ) B REAE BEAT M G 5, ] FAIR-MDAYV #47
AL H, Hoh A2 F R B taw R 1L BA/NAIE ¢ 87 1 AR
FIBE AL SRR 2 AT FIBF R IE St . B SR R R KRR & 5 h
3o T HR A S R AR B A S S R A AT 38 U IE
2, JF % BT AS M AR AR AR 09 - B E BEAT 0 BT S b
4.3 EMIERR

K FHHEHG R (Accuracy) 1E 2 43 25 PE RE VT M 48 45 . R IE
i 500 1) A A 50 o R AR B0 B )L e R ) R A A I (Y
EftE, HEREANT.

- TP+TN
AT TP+ TN+ FP+FN

Horfr, TP(True Positives) 2 75 FL IE il , B AL 78 1F # 3l >4 1F
FKMFEAR:; TN(True Negatives) 7 E 7 1, B 5 IF 4 15
WA 2 W FE A 8L ; FP (False Positives) & 7R {8 1E i , B 58
ARSI M 1 ZE B REAS B ; FN (False Negatives) 2 n 1R 7441,
B TR 88 15 00 Ay £ 28 Y RE AR B

KB AL B (DISC, L8 (2)) 18 A AN 5 5. &
4545 48 (DPS. WL (5) AR5 48 (EOS. WA (6))
4.4 ZWHEREHW
4.4.1 AXFHAERRAY AL T AN

R RAEA SRR LA A BAR R R S AT
MR, I e A 4R B e I 2 8, 18 P A B8 46 b D1 A A B 7 )
FUETR TP 7 e RE AR fk . A DL 0.1 3 0.9 BYTE
AL LL 0.1 B K IRA T S8 T 9 DMARI A, X T
A AR RN GBI 0 S AR PN Fa bn T AR L

e B /AN Statlog 086 4E L AT SC 5, A 2
Fizm AT LUE B P S 80 B, 25 - M f 48 AR EOS
Hl DPS £ T [ ¥ , DISC Bk & iz T 0, R WIH B 7E A A
T A TRD 0% 50 00 B 00 - 5 43 ZEHE A S A T B L R T FR  A
N R TE S B P B i A ep R R A ok 22 0 TR0 M R L AE
A=0. 8 I BIRISEIL T 43 SR 5 AR Y R AT A

(13

B g4 —a-- Accuracy

3 —-— Discrimination(DISC)

s 3 + Demographic Parity Score (DPS)
e Equalised Odds Score (EOS)

01 02 03 04 05 06 07 08 09

RE S 8

I8l 2 Statlog FUHE 4 LA TE 1Y S 80T 8 1Y % 8L
Fig. 2 Model performance under different tuning parameters

on Statlog dataset

N T i — B IPAG RE R TR TR 5 A BRI P i R B f 5
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FERAE Adule B0HE 5 E AR E 3 Bros, o LLE H B8
B AR AFEIR R A BEALL, T AT HITE6
fahm . BEE A BRI, PR FEHR DPS i T FRIFfa TRe , &
HH Bt 25 7 ST 1 2 SR04 5 1A A58 TR A R [ B A =2 i) % T30 T
et , AR B T . 78 A BUE BN, DISC Al EOS X
WIS SR IR e, 3R WI B B A7 7E W] 0 A BE IR i 22, BE 5 A 1Y 3
Jn, DISC I EOS S ik 8 T B ¥, 7E A>>0. 5 Z )5, DISC i#&
SRR 0, IR R A PR B 2, R IR M
BCEAT AL AR & 4> 28 PR RE 09 TR B LRI a] D B G R T S 8
Py NI R Sl T I (E P 1 92 P O N NI 8
T AR BAE N TR 2 A B4, 24 2=0.6
I, 5B TE 22 A48 b [B) 3K B 1 0 00 1 45 o G I 1Y 4 2 E
FARFETER B KT AL P M b7 2 3 B AR, 2 P PPN 4
#R DISC 4 —0. 025,DPS & 0. 021, EOS & 0. 041, 5t B 78 %
SHUET BRI BEOS 7L (R IE — & /- 2SR BE Y Rl B, W 3 4R S R
[ a1 N2 /A B

06

B 04 -~ Di on(DISC)
Ed - Demographic Parity Score (DPS)
< Equalised Odds Score (EOS)
02—
S B S N S |
0 v B T S
/

-02
01 02 03 04 05 06 07 08 09

LEE S ¢
3 Adult 54 BN JE S S 50T B G R
Fig. 3 Model performance under different tuning parameters

on Adult dataset

P 7E Bank K038 5 LR BLANIE 4 BT8R 7E 4 2K EM 95
Fr b AR SCEER R B S5 7E Adult R EARRLLBEE A A 1Y
R HEH A A /N R B R (R EAE 0.8 fiHiE . Xt F
OSTPESEA FE AR 7R A BUE R 0. 1 LB AE Bank #dE %
I 23 -1 15 B3 (DISC, DPS #il EOS) #4 4k F % v 7K - , 6 W 4
IR BRI AE R M A TR B R i 25 . EJ2 78 A BU(A 0. 2 J5 , B
R A PEF8 0RO 4 T .3 83 . DISC, DPS #l EOS FF i
KM T B s R GI P 2 SR R AR T B AL Y B A 25 . B
F A BN K, DISC M1 DPS @A 25 e TG E L (HY A 7 0.
6~0. 8 3X AN N B L T A 48 A EOS 1Y 8 H B0 80, 763X A
TR BT SS S A O A P R X AR R B 5
PERERY BT i 3 . BRI B — X E PIRE . B 28R
PILEA AT 2 A=0. 5 I, 4580 (1% 53 2 1k A A 4 9 LB B A
R TR RE AR 22 18] B A g 1) ST o ORI A T80 7 of B 3R 55 0 7
PEZ A BN T L B AR 1 A bR A e BT o 0 e A P

—- Accuracy

—— Discrimination(DISC)

+ Demographic Parity Score (DPS)
Equalised Odds Score (EOS)

FHAR

& 4 Bank (454 AN EJE T SHC BORL Y R I
Fig. 4 Model performance under different tuning parameters

on Bank dataset

AR E BERIFE Bank JU4% 5 LR B T H A5
NS 2 I AT M R 5 A AR E 43 25 M R Y [ e I
PEFHA TR [A] 09 28 - , 3X — # 5 7 Statlog 1 Adult 04
LS R — N — B,

4.4.2 5 & gk KA AT 3 AT

R T AEAR SOy v FE 4R TR AR AL 48 7 O T A R 7R
Statlog $HE4E Lk F LT S8 2=0. 8,7 Adult $4F4E
kPR A IA S S8 A=0. 6, 1F Bank 454 b v £ R LM
T BHA=0.5, 0 X 2 BB AR EN 3 A HUE
LIRS HE . ARG S ECR U2k A B8 5 3 50 P 58
RS A A ) S 00 A SR R AT X B A AT . AR SR SR TR S 8 34 R
XANBHERE.

I3 4 T A SO vk A 4R TR AR AL A0 Sk Oy i B
PR H, B8 0% 5 250 AU D5 L P S R A A8 A 2 SF TR A i 22 1 )
AR 18 A% LA 50 /N 1 T A 23 450 2 A AR AN H BT A 1 A S PR R

F4 5 P HA HEAT XS LAY 45

Table 4 Results of comparison with ordinary decision trees

ko HiE & LR &0 END 3
Statlog —0.109 0.002

DISC Adult —0.137 —0.025
Bank 0.104 0.029
Statlog 0. 096 0. 050
DPS Adult 0.119 0.021
Bank 0.078 0.042
Statlog 0.093 0.001
EOS Adult 0.123 0.041
Bank 0.111 0.033
Statlog 0.719 0. 690
R Adult 0.843 0.770
Bank 0.901 0. 890

4.4.3 54 A FAIR-MDAV 4 32 3% # # 3 £ #4791 %4 09 3
to 5 K 35 4T 2 b 4 AT

TEAH W, 7E % ) FAIR-MDAV X J5 #5504 647 23 71
T S Y B Bl b, o A T 2 R R UL 4 2R A T Cn
KNN #2355 [0 )5 (LR %) 47 I 25 ¥ o5 5 45 AR 30 kb
T,

R 5 LS AT M, 76 Statlog BIE S b A Iy B 1E
ONPPE AR bR T TH A R IR T A 43 2SS AR A S Ul A R e
I T 38 0 R SR AR R A ] U 43 2 A% L (RS A 3R B LE A 4 26
Wi,

# 5 HHAL R HATILES

Table 5 Results of comparison with other classifiers

LR HAE & KNN LR FEM KX F %
Statlog ~ —0.033 0.073 0.030 0. 002

DISC Adult 0.028 —0.049 —0.138 —0.025
Bank 0.067 0.270 0.387 0.029
Statlog 0. 086 0. 069 0.075 0. 050
DPS Adult 0.103 0.073 0.117 0.021
Bank 0.043 0. 160 0.186 0.042
Statlog 0.082 0. 140 0.157 0.001
EOS Adult 0.074 0. 045 0.120 0.041
Bank 0. 144 0. 330 0.352 0.033
Statlog 0.654 0.707 0.714 0. 690
YR Adult 0.703 0.767 0.846 0.770
Bank 0.876 0. 895 0.892 0. 890

75 Adult B4 b A SCO7 B A8 A -4 458 b 5 T8 AR AT
Fofh 7 A8 R T B AL H . B iAH . DISC Ho b A5 2
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4.4.4 5 Discrimination Aware Decision Tree Learning 7 %
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AT Y UE A S U7 A F Discrimination Aware Decision
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53 AT R LS5
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eza KX Jik
10 {= Discrimination Aware Decision Tree Learning
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0029 0032 0.042 0051 0033
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Fig. 7 Performance comparison of the two methods on Bank

dataset
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Fig. 5 Performance comparison of the two methods on Statlog

dataset
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