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Abstract

Logistic regression, as a widely adopted classification algorithm in the financial risk control field, faces the risks of data
privacy leakage and bottlenecks in processing efficiency under the traditional centralized training mode. To address
these challenges, this study constructs a federated learning framework based on logistic regression, innovatively
proposes an optimized model that integrates SMOTE, SOS, and HT. While maintaining the privacy protection
advantages of federated learning, the framework achieves dual improvements in model performance and efficiency.
Experimental results show that the proposed predictive model exhibits superior predictive performance in handling

imbalanced data: the model's AUC value reaches 0.9971, which is 7% higher than that of the traditional federated
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logistic model; the recall rate increases from 32.25% to 97.57%. Additionally, the model reduces the total

communication overhead, realizing the coordinated optimization of recognition capability and communication

efficiency.

Key words

federated logistic regression model, horizontal federated learning, SMOTE, imbalanced data, stratified optimal

subsampling method
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SR P AR G, BE RN 5 &
F i DB RHAE 2 G RE T o 2R TR IR
S AT IT S, B i T S )
TR R MY, 55 & 7R D> B AR R
ERSH RS HRREG . AtsmE
P14 BB 508 0 AN Sl A B 14 8 T 2 S SRR I
B0 20%, RS EIRN 20%, Il FEeik
F10%:,

435 HBIZEREIEL

ARSI Fraud #9886/ 8 7 H Al
B8 2 ] AU AN - 18 BCHH 1) 2 Jt A LB AR
S UIDS A S N T I T FA = O
Logistic [B] = 152 1Y K 4 T H Ath 452 8 7 4k 2
ANV T T T R H e R, R
BP0 8 ot HE R 458 1 30 A5 85 % e 5
WNFEEES.

B FEAE 3 TS Logistic [ AL
T A0 3N ST Ml 080 56 i 2R B0 2 e

o ZERRERERIA 97.41%, R IEFRE
AT AT SRR, HARR [FISEF AUCH
EPFMrFE bR b Al R A, FEAR R
DIV BRI B2 2
RS, HEBEIFR R Fra
FOR I Hh i IR, FEBRTE 2231 375 TR TEAE
RO H R T

4.4 BX 3B Logistic By it B i L 18
#ZR

AW 58 M2 A T3 T X BEFS Logistic [A]
AR (FL+LR) #EfTedt, wodh s s
TR AE b 3 28 1) S ST 1) K A 5 B I 5
IR R AR, SRS AR IR R T
&8,

TSR B A 28] 43 A AN P-4
[, AREFFE5INT SMOTE & /b %135
FEA, P45 % P Ao oy Ao, Ui IR
FIRE LA [|3R 12 AUC 8 AR08 T, fE

&S RENTMNIEIRNTE(5 A2 INE)

T 1T E]/s MRS FEEIES AUCHE
B8 ADASYN AR 271.23 66.21% 24.82% 0.802 6
R AR R 2793.25 99.87% 19.68% 0.769 3
58 SMOTE-Boost f75! 9145.64 59.13% 80.70% 0.809 5
W TTAP Y 1 356.32 74.93% 55.51% 0.683 6
FL+LR+SMOTE+SOS+HT 285.38 97.41% 97.57% 0.997 1
rRo6 BELBEFHENE
i SRS HUE /KB TEEFIIR SUB{EF/KB
B ADASYN A5 0.37 10 3.69
RS E e S it 0.41 10 4.14
S SMOTE-Boost #7 1.33 10 13.32
B TTAP 1.05 10 10.52
FL+LR+SMOTE+SOS+HT 0.35 6 2.12
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R7 UHAISHIERIS Logistic @IRENTMIERRNLE(R IR KIE)

il BT/ MERTHES EjEES AUCTH

FL+LR 262.35 99.91% 32.25% 0.931 8
FL+LR+SMOTE 478.23 97.26% 90.36% 0.984 6
FL+LR+SMOTE+SOS 335.37 83.31% 97.13% 0.978 0
FL+LR+SMOTE+SOS+HT 286.38 97.41% 97.57% 0.997 1

®R8 RELBETTHEXE

TR PSR SR T(EHR /R RUBETT
FL+LR 0.37 10 3.73
FL+LR+SMOTE 0.40 10 4.02
FL+LR+SMOTE+S0S 0.44 10 4.41
FL+LR+SMOTE+SOS+HT 0.35 6 2.12
K9  Wilcoxon T SHMIER
- (ELH:R) ‘ (FL+LI<+SIXIOE]?T:§OS+ - Wilcoxon ﬁjj—’wﬁ%i
PE A AR HT)¥E £ b2 pfi
AUCTH 0.931 8+0.0080 0.997 1+0.0018 0.065 3 0.012
PEE B 0.322 5+0.0099 0.975 7+0.0297 0.653 2 0.008
RUBETTH 3.73+0.21 2.1240.17 -1.51 0.015

A5 BN T HHR AN ST R, SO S AR
4G T 48 BEFB Logistic [a] VT4 L AH e 73
[FISREEF T 65.32%, 7F & Bl HVER: ) X 2
EA L A1) 8 Bk A 500 17 e v BB A 1 R0
WARVEST R, WA I HIE, A BT
B FUEE

N fi# ot SMOTE I >R Ji5 £ 4% 549 hn
SEWYIGFER R, A dE—E 5] A
o 2 B T R T RN A R P i &
SMOTE V-4 J7 09 5088 2 F7 R A B, 0
16 HF 43 B A AR 1 R AR HEAT AL
G, 5% 5 v A0 HE (R R H R L B A
T TN,
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TR RIGEE R,

H F Wilcoxon fF 5 Bt & 36 5 R,
(FL+LR+SMOTE+SOS+HT) & #k & Al
R ELERLE (FL+LR) SCHLAUCTE . B
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AHIE G HE AR A AR B R L BT
5 W 5 ) /D #0210 A AU L
SEROME: — T, A ST AR
FEAR AL, BB P ERR AR R
ST =T, AP AL B R
W AR TE TR VAT R S A S U B
71, WIEFIHE R E TR

KT BINAEFIRL (GAN) #
L% SMOTE, il i 2% 3] B SCVERE AR
VR A8 43 A A B RIS A BRI s T4
RSN B4y BT, R4
RUTHREE | AR AR, RIRREE RS
PR o AT HE— B R R B Logistic [7] 4
AU 5 B 0 VR BT 25 S R T P ISR A
) FH R B 2 51 R P i BLAE o 040 1) I 7
FES 23 R SAE, TR Logistic [8] 4 JE 47
RESEPR S, FETH X A 2 VR A = 1R 1

o~
He )

SENM:

(1] REW, 50, Wik, % 2T KRR
FL PRI AT A5 I FB £ ) BRI [). B ALE AR,
2021, 44(12): 2464-2484.

Zhu J M, Zhang Q N, Gao S, et al.

Privacy preserving and trustworthy

federated learning model based on

blockchain[J]. Chinese Journal of Com -

puters, 2021, 44(12): 2464-2484.

[2] Koneeény J, McMahan B, Ramage D.

Federated optimization: distributed op -

timization beyond the datacenter[PP].

ar Xiv preprint, 2015, arXiv:

1511.03575.

(3]

[4]

Yang Q, Liu Y, Chen T J, et al. Feder -
ated machine learning: concept and ap -
plications[J]. ACM Transactions on In -

telligent Systems and Technology,
2019, 10(2): 1-19.

FFHH, REGLL, R, & WA T
T A S I S R G R s 1. v AL
feEflz, 2025, 46(3): 101-107, 123.
Wang D Y, Liang W H, Li Y P, et al.
Cassava leaf disease image recognition
method for imbalanced data[J]. Journal
of Chinese Agricultural Mechanization,
2025, 46(3): 101-107, 123.

FH, BB SO T A i R i e ks S
DL HENSH T TR, 2025, 53(1):
26-30.

Wang L, Cheng X R. Improve ensemble
learning algorithms in unbalanced datal[J].
Computer and Digital Engineering,
2025, 53(1): 26-30.

Yang R, Jia S, Wang H L, et al. Dilated
dynamic supervised contrastive learning
framework for fault diagnosis under im -
balanced dataset conditions[J]. Proceed -
ings of the Institution of Mechanical En -
gineers, Part C: Journal of Mechanical
Engineering Science, 2025, 239(7):
2626-2636.

Salah Fathi K, Barakat S, Rezk A. An

effective SQL injection detection model

using LSTM for imbalanced datasets[J].

Computers & Security, 2025, 153:
104391.
e, BT, EaWL, %L AR T CKKSH

AN IN S B R I 207 2R (0], EAE
HA, 2024, 57(11): 1173-1180.

Tang D H, Cao Y F, Huang Y I, et al. A
vertical federated

logistic regression

2026043-13



14

BIG DATA RESEARCH K

2026043-14

[10]

[11

[12]

(13]

training scheme based on CKKS homo -
morphic encryption[J]. Communications
Technology, 2024, 57(11): 1173-1180.
WL, HW L BEAE, R TR
I TB) RO A0 B B I 5T [T]. 2 PCHIR HL K 24 22 3
(FARFER), 2019, 31(3): 354-366.
LeiDJ, DuM, Li Z X, et al. Research on
optimization algorithm for sparse multi -
regression problem[J].

nomial logistic

Journal of Chongqging University of
Posts and Telecommunications (Natural
Science Edition), 2019, 31(3): 354-366.

Ding W Y, Ng M K, Zhang W X. A gen -
eralized alternating direction implicit
method for consensus optimization: ap -
plication to distributed sparse logistic
regression[J]. Journal of Global Optimi -
zation, 2024, 90(3): 727-753.

EREE . BEFE T 5N DU AL
EID]. PR 2AROR K, 2024

Wang J H. Contribution Evaluation and
Model Optimization in Federated Learn -
ing Scenarios[D]. University of Science

and Technology of China, 2024.

TEEE, B2, M. SMOTE BHFEH 5
gk [J]. HEALR S 5HE R, 2024, 18(5):
1135-1159.

Wang X X, Li L X, Lin H. Survey of re -
search on SMOTE type algorithms[J].
Journal of Frontiers of Computer Sci-
ence & Technology, 2024, 18(5): 1135-
1159.

kg, mEM, AWK, & ET SMOTE
M XGBoost BRI KA W 5 KIR RN
B, FPm <0, 2024, 31(5): 11-19.

Du R S,

Huang Y P, Fu X F, et al.

Identification of natural gas hydrates

and natural gas reservoirs based on

[14

[15

[16

[17

SMOTE and XGBoost[J]. Special Oil &
Gas Reservoirs, 2024, 31(5): 11-19.
T, LM, MEfk, & BT R
P47 BT 58 it e 171 R &, 2021, 7(3):
130-149.

Wang J Z, Kong L W, Huang Z C, et al.
Research advances on privacy protection
of federated learning[J]. Big Data Re-
search, 2021, 7(3): 130-149.

ALk, WUNTL, BKIRE, S B IR AL
BE DGRV ] KEE 2023, 9(4):
83-97.

Zhang J L, Gu X W, Zhang Y Z, et al. Re -
search and application of cross—domain
data authorization and operation[J]. Big
Data Research, 2023, 9(4): 83-97.

Q1 X, Yang H B, Meng F, et al. Distrib -
uted photovoltaic short—term power
predicition method based on horizontal
federal learning[J]. Acta Energiae So -
laris Sinica, 2025, 46(1): 686-695.
FOCAE, RN, MAE, S R B
3] WEFEIR B G M S PR T]. AL
iz, 2025, 48(1): 36-67.

Wu W T, Wu Y L, Lin W W, et al
research

Horizontal federated learning:

status, system applications and open

challenges[J]. Chinese Journal of Com -
puters, 2025, 48(1): 35-67.

NI, ZEEe, XWF, & ORI 5B
24 HERVGRAP I G R J). TR B
g%, 2021, 38(12): 3527-3534.

Sun S, Li X H, Liu Y, et al. Survey on
security and privacy protection in dif -
ferent scenarios of federated learning[J].
Computers,

Application Research of

2021, 38(12): 3527-3534.



XXXX XXXX

15

{EZ BT

WL (2003-), L, FEREMIEA, FEERTOT R A .

Ei#t 1977-0, B, B, W5, BERROTRONMRES] . mYEEdE . KRBT AT

Yok HE: XXXX-XX-XX

BIEEH: T3t wh@csu.edu.cn

EEWE: WraHRZEEPEI5 H (No.23YBAO09)

Foundation Items: The Social Science Fund Project of Hunan Province (No.23YBAOQ09)

2026043-15



