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Federated feature selection algorithm for multi-party
high-dimensional data under privacy protection
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Abstract High-dimensional feature selection faces challenges such as the “curse of dimensionality” and
high computational costs. Due to privacy protection constraints, a large amount of high-dimensional data
may be distributed and stored across different institutions (referred to as participants) and cannot be
shared, further complicating the joint feature selection of multi-party high-dimensional data. In light of
this, this paper proposes a surrogate-joint-assisted federated evolutionary feature selection algorithm to ad-
dress the issue of high-dimensional feature selection involving multiple participants under privacy protec-
tion. A framework for a surrogate-assisted federated evolutionary feature selection algorithm is designed.
and based on this framework. strategies for joint construction and management of surrogate models, joint
evaluation based on surrogate models, and joint updating of individuals are provided. Finally, the proposed

algorithm is applied to 10 test datasets and compared with 3 typical wrapper-based evolutionary feature se-
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lection algorithms. The results show that the proposed algorithm not only ensures the classification per-
formance of the algorithm while fully protecting the data privacy of the participants but also significantly
improves the algorithm’s runtime.

Keywords feature selection; evolutionary algorithm; surrogate-assisted; privacy protection
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ST A SCH 1 2 S0 UEFRARA PRI 3 5 o T ] e 24 5 40 A A 563 AL R IR e 5 D7 VR A AR AN R — ik
PE BRI A 5T NE . 15, B S RIS R B S = A2 505

RARUE LCEL P o A 5 R 0 SR sk AR B B 100, BV REIUB ISR 50, 7EAQBHAR AY
A8 B ARSI RIS ST TR o) e 4 R AR AR ) Jry 8 A BRASE AR 114 BB SR L e s B AR BT
MR ESR . & o WK, SFEEHEE AR B, 6= 2R 25 o BUN, S BRI 25
TS HEMAE AR AN ER . 285G BRI, o BUETBEN 20, 78RS TR R v, LI 5 T30 JET
T, E TS5 ZEMEGE R 4 o 8K, TSNS 575 AR S > 2 H AL S 5 77 L i A

5L IS A A R IE R PR TR AN S s 45 o0 BN, WIRE(E 2 5 07 Z 0] 58 B — 28 Ry B S L AP A 148

gia LR, o, BUERH 30, BIEMSEE IR 2 o, TEATA SRR AL soR s L 10
P2 SR UE A A B A A 0 SRS B . R T Bk i) KINN 2 8 b AT ELSPPp , 500k 8 37,
BT 45 5% 0 25 MERR R (Classification accuracy s ac)VEHTEMTEHR .
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Tab., 2 Parameter setting

Algorithms Parameter setting

WAFS-1 cl=rand, c2=1—c1, Th=0.7

WAFS-2 cl=c2=1. 49445, w =0.9—0.5 xCiter /T, )s n,= 2,A = 0.15, B = 0. 05
FPSO-FS «=0.1,T, =4

FEFS-HD cl=rand, c2=1—cl, r; =20, v, =30

3.2 PIRH UM e Koy Br

AATEERT LR WAFS-1,WAFS-2 f FPSO-FS 5 fir#¢ FEFS-HD B3k #5474} o, 72k RE R 17
I ] 5 TS FEFS-HD B9PERE, %6 3 451 FEFS-HD 5 %) Fe B8 T 15 ace $8 bR Ml Az AT ], o,
‘47 FN FEFS-HD B0 F Rk xf bk, — #&/R FEFS-HD &34 FIrkxt bk, < ~ " &R FEFS-
HD Fr gt Ak T i P25 5 .

M 3 ATIE . (1) MAr2EPERE LA . FEFS-HD B3L7E 7 N EUE5E LEUS T HAE ace FEARE. X
A REE N . WAFS-1 1) MDEFS HA7E 4L B # R F IF 48 QR B S ik e B e A Ak, U5 8T i
VMR IGE TR B IR F B RE Z R T0A M. BAh, X F B 2 U8 & 0 R AiF BE 5 0] 8, WAFS-2 i
CUS-SPSO 533 5% FH R 8 4 00 43> AR 110 3 o7 381 3k 2 S =55 W L UL ) E e . 4, FPSO-
FSi i B4 B A2 507 EERARFHEF 8 L B EET | 5442 507 B, — e B
U T RREERZRENE . (2) MsfTIFIE] B L B Muskl .GFE il Madelon #b, FEFS-HD #3241 0045 T i
RIS ATIA] 3] RE SR DR A o S RRAF 4 B AR, FEFS-HD HfR BRI A 51 57 0% Bsf ) AF %o A L PR ok s Ak
FEIEOR . YRR B m it , FEFS-HD KA PR i R34k U B AT P4 . 5 WAFS- 1, WAFS-2
F1 FPSO-FS i A b TR AT BLSCIPAN AR 1L, 0 35 R AR T L I AT ], b 8, T[] v 4 50008 4R, AR SC
SRR AEB AT ] B TR KR B4t

R 3 FEFS-HD 5xf b &L FT 18 ace I8AREIZITATE
Tab. 3 acc values and running time of FEFS-HD and comparative algorithms

FEFS-HD WAFS-1 WAFS-2 FPSO-FS
ace/ % T/s ace/ % T/s ace/ % T/s ace/ % T/s

Musk1 85. 302 6 123. 11 76.912 6(+) 18. 93 77.737 5(+) 26. 39 83.427 6(+) 70. 69

GFE 94,082 7 128. 78 85. 837 6(+) 79. 63 85. 711 1(+) 139. 01 92.531 7(+) 96. 41
Madelon 65. 270 0 236. 35 53.956 1(+) 683. 80 56.015 6(+) 1038.75 65,498 4 (=) 207. 25
Isolet 79.739 3 142.11 80. 300 2(=) 450. 06 82.7350 (—) 533.73 82.544 0(—) 269. 36
MFD 96. 719 8 146. 69 95.551 9(=) 150. 58 96. 363 9(=) 272.74 96. 471 9(=) 172.78
CNAE-9 75.821 0 159. 04 67.476 9(+) 180. 64 73.916 7(+) 335. 04 74.853 4(+) 232. 29
Coil20 91.561 5 226.18 88.706 8(=) 554. 76 90. 166 7(+) 646. 23 91. 209 6(+) 379. 83
PCMAC 67.720 6 531.41 65.467 7(+) 2648. 55 65. 877 2(+) 5 752.23 67.532 2(=) 1 885. 40
RELATHE 73.784 9 354. 37 69. 334 9(+) 1904. 84 73. 466 1(~) 2 882. 34 74. 659 8(—) 1 404. 39
BASEHOCK 77.268 4 653. 26 68.077 9(+) 4085. 97 72. 848 3(+) 6 198. 93 75.443 9(+) 2 343.57

4 Hiig

RS BERAPRAP T T 113) 2277 e 4 R5080 X BRI AR A 8 496 TR AL AR SO A CBRASE R T4 BT DAY 45 1 1 5%
T BSO MR A B BB HE AR IR R P0G A AU B B IR 75 4 2 15 4 BRORE AU IER 5
RS S8 5 7E R AR AL 28 AL REA TR 2 ) BT 50 1, W 4R T 1 SR A B e 2 P AR e 4 (R A RE T . A5 T
FEFEN AT 10 2 ITIIEE SR  OF S 3 PR U U IR e PR SA BEA TR LU, SRR BT 5 AN
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