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Abstract: Objective Deep learning has shown promise for improving the efficiency and consistency of medical image diag-
nosis. However, deep learning models may encode demographic attributes, such as age, sex, and race, in ways that con-
tribute to performance disparities across patient subgroups. High overall diagnostic accuracy does not preclude clinically

relevant performance gaps across demographic subgroups, which may limit trustworthy clinical deployment. Existing debi-
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asing methods often use adversarial suppression or discriminative feature removal to reduce demographic information in
learned representations. However, when demographic cues are entangled with pathology-related features, suppressing
demographic information may also weaken disease-relevant representations. Balancing diagnostic performance and sub-
group fairness therefore remains challenging in medical image diagnosis. Method To address this challenge, we propose
latent conditional diffusion purification (LCDP) for fair medical image diagnosis. LCDP formulates debiasing as the condi-
tional reconstruction of pathology-relevant latent representations rather than the direct removal of demographic information.
The framework comprises a dual-branch encoder for representation decomposition, a latent conditional diffusion reconstruc-
tion module for feature reconstruction, a disease classifier, and a subgroup-adaptive threshold calibration strategy. First,
the dual-branch encoder learns pathology-related and demographic representations separately. Dual-space orthogonality
constraints are imposed at the sample-subspace and feature-channel levels to reduce the association between pathology-
related and demographic representations before diffusion-based reconstruction. Second, controlled Gaussian perturbation
is applied to pathology-related latent representations to disrupt potential demographic shortcut patterns. A conditional
denoising network then reconstructs pathology-relevant latent features using demographic attributes and diffusion timesteps
as conditioning information. These signals modulate the denoising network through adaptive layer normalization but are not
directly provided to the disease classifier, so that demographic information is used to guide feature reconstruction rather
than disease prediction. Training jointly optimizes the disease classification loss, dual-space orthogonality loss,
demographic-attribute classification loss, and diffusion noise-prediction loss. During inference, the reconstructed represen-
tation is used for disease prediction, and subgroup-adaptive thresholds calibrated on the validation set are applied for deci-
sion calibration. Result Experiments were conducted on four CheXpert chest X-ray classification tasks: cardiomegaly,
pleural effusion, pneumonia, and fracture. Sex, age, and race were evaluated as demographic attributes. To assess perfor-
mance under distributional imbalance, we constructed a stress-test setting by amplifying subgroup differences in positive
rates and sample composition. LCDP was compared with empirical risk minimization (ERM) and representative debiasing
methods, including fairness via column-row space orthogonality (FCRO) , learning not to learn (LNTL) , fair adaptive
batch normalization (FairAdaBN) , adversarial learning (AL) , fair re-fusion after disentanglement (FairREAD) , and
learning adaptive agreement from a biased council (Ada-ABC). Across the four CheXpert tasks, LCDP achieved a mean
accuracy of 0. 796 and a mean AUC of 0. 857, with mean intersectional-subgroup AUC difference and equal opportunity dif-
ference values of 0. 058 and 0. 108, respectively. Compared with the best mean results among the competing methods,
LCDP improved the mean accuracy and AUC by 0. 015 and 0. 016, respectively, reduced the mean equal opportunity dif-
ference by 0. 018, and achieved a comparable mean subgroup AUC difference. Ablation experiments indicated that dual-
space orthogonality constraints, diffusion-based reconstruction, demographic-attribute conditioning, and subgroup-
adaptive threshold calibration each contributed to the overall fairness—performance balance. Additional analyses were per-
formed to examine the robustness and subgroup-level performance of the proposed approach. Five-fold cross-validation was
used to reduce the influence of data partitioning, and intersectional subgroup analyses were conducted to assess perfor-
mance for potentially disadvantaged combinations of demographic attributes. Sensitivity analyses of the orthogonality-loss
weight and inference timestep showed that LCDP maintained a relatively stable fairness—accuracy balance across settings.
In cross-dataset out-of-distribution evaluation on MIMIC-CXR, LCDP achieved mean subgroup AUC difference and equal
opportunity difference values of 0. 085 and 0. 166, respectively, suggesting improved robustness of subgroup performance
under the evaluated distribution shift. Grad-CAM and t-SNE analyses were qualitatively consistent with reduced attention
to non-lesion regions and weaker subgroup clustering in the learned representations. Conclusion This study presents a
latent conditional diffusion purification framework for fair medical image diagnosis. By combining dual-space orthogonality
constraints, conditional diffusion-based reconstruction, and subgroup-adaptive threshold calibration, LCDP achieved
smaller intersectional subgroup performance gaps while maintaining competitive diagnostic performance in the evaluated
settings. These findings suggest that conditional latent reconstruction may be a useful debiasing strategy when pathology-
related and demographic cues are entangled.
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RAN O G2 itk o 45 2k, [l RRAE i ok 1
¥ 5 05 T A 48— H bR B 3647 o AN 25 58 A
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1.3.1 BRIk B iR

YR BL ¥ Z) i AR 43 254 L 45 B8 e T
AR B XA SCRY PR — AT 55, R o638
SUREA G L, 24 SR T AR 6 5 SR A A 22 (R Y
— 3, AR R R B F B BE Ty o AN ZR
2 W R 286 TN 0 243 ) o M o A v 3 A R B R
2 HE 25 M IO S A 78 (g e s ) =, SR 3407
T2 R ) R R R A P v BT MR R e 5 A
MR LE T £, (Z,, C) Z A2 5, IF4 =T
R HOE R TR R L,

IR ARSI 432 A O 7S TR s BRI
RSN D GE it 2 RR AR 24 2], A ORI AR 1
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HAxR:
L=L +AL +AL + AL, (7)

AL BAARR L N PRIR o B4R 2, AL, 53
9l 7 AT AR P I 53 2K P A T AR ORI 2 T 2,
AL, 53 590 27 RS (8] 1E A2 451 2% 1) AL E 2R AR 40 2k
T, Aoy A Loy 53900 28 N GEd 24 I8 P 4y K R 1
FUHE ZR BRI R I
1.3.2 1 A& (B

IS B FELN T G2 28 SCFRE R S0 A 4 53
AGAFAE 22 5, B — [ (B (B LA 38 433 1o 4% A 17
TR T RN A 22 X AR S A R
LTINS AN £l = B VA R (R 1 S DO R
PIR I AT 55 A SCHESAIE AR BBt A N5
THE 28 SCFREFEAS A 531 3 48 1 L B 3 L )
PRI IR 5 25 (B A8 R SR/ N IR X 7 ) 1 (L
T REAHERIME 0,, Kb, g Rom NG5
P

HERLRY B AR PR REAS T J8 N 0 G327 238 S B
6 HURH IV PR RS T 180 1 5 44 95 s T ARE AN IR 792 1
TELI REAEAS S 5 SRy B, 75 DU D B o AT AL
Y 1 (247 P 36 R AR 0 5, I AR 03 B PR A ] 7
RS AAE TSR B B, AS iR R 280 % o
L R TRUIARE 4%

2 5SS H

2.1 LWH\ESHKEZEEDMR

AR S N TF S X S R B R 4 CheX-
pert (Trvin 45 ,2019) JFJ& . i B £ 1% 65240 #4
AR 224316 5K IE X B2 G, T HE 4L 2 Fh g
TRBERIRZE M B N G245 8 o A SGEBUL E
RER B Jes B it 9 B 41 4 B BRAE S — 40 284 F
%5, LAVF M A58 AU FEAS [R5 0 S B VR o3 A 454
2 Wi PERE SRR A -

FHEAERIEAR RN O Geit2 R rh pbEpE 2
S AR SCHEHUPE ) AR FRP AR S N Se iR
P o IR BRI M, LD 60 BN
FER 5 MR AL (<60 % ) A i 4 (=60 %) , F ik
Tl = NG E | S /NP (3 6 I ) == 4 e
B8 NN H it 2228 U8, I I R REAR A
HEFEFR o

SRAE AT B o A AN I A R IR AN O

TR BT S SR X T B AT 55 A S Al 2 1 )
I . e I Pl A — N D e fE T
TR ARAEAS AL i LA B A 24, I 408 e 1
AHEFHE Y BHPEREABORIA PERE A R, RS 4 B T
i B AR B IEAT ORIl RRAE , SRR AR 78 AL
FR9 28 531w I 53 9 481, A R B2 A P TR] — o 49 D 30T
PUE S5 & B — N A GEH 2 R T RERYREAS B g
TRFHPEAR L 2,

F2 CheXpert AEFREEEZSHWAOSITEFHEAER
BRI
Table 2 Sample sizes and positive rates of demographic
subgroups across CheXpert pathology tasks
O B
jex B
FEAE 88,458 92,981

I R i Ty fifige A

55,909 62,046

W
PHPER  14.86 48.15  6.33 9.54
FEATE 29,041
FAPEZE 30.12  64.85 16.53  20.83
AR 75,866
FAPEZ 1346 42.64 529 8.32
FEARG 41,633

EIHEPN
FAPE#  28.05  69.50  17.03  19.94

el

48,009 14,938 14,876

etk

82,192 51,625 54,407

HA

S

58,798 19,222 22,515

FEARE 70,184 87,191
=60 %
FHPER. 2431 60.12  6.26 8.87

56,056 55,766

AR

FeAR 47,315 53,799
<60 %
FHMEE 1021 43.66  16.88  19.24

T FEME RN AR D GET 7 7 RE B B A T 5 L
1, FfEH %o

14,791 21,156

FEAE SCHIE R 43 11, 48 AR SR A DU ] 5 g
25 I MHAREAS, 58 b 10% A5 gt 7 it 4 |
HAy 90% HF H s LIRE, BT BE I 1 04 T 56
WESE AR 4 E IR . DNZRAE e S A
LXK A [a]—1 25 0 23 A, 1l CheXpert Jit
U FH ARG o AT X LU I v A FH AR W] Al 5 4ol 43
HEART,
2.2 EIBEE

AL AE Ubuntu IR 55 # BREE E 58 B, (-
35 NVIDIA GeForce RTX 4090 GPU (24 GB) -, i %!
T PyTorch S . FT A5 EIM% 80 — 456 i & 224%
224, R FH AL B0 2 | Bl BL AR B 5 40 S S0 3 i
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T (5 BE 2 B (5 2 TS B B =2 8 SR 1 i B R 1R

9o B IE G 155 0 S RN I B8 R E i 5 4 S 4%
FHl DenseNet-121, Jf #F 17 3ty 21 3 Y1l 2 o A5 AU i )
Adam TEALAS , B4R 2 > REH 2e-4, HEIR KN Ky
128, | R GRFeB0h 12, 2Rt B2k 16 fLIR &
K BE BEAILRD T2 8 0. I uEgE i R LE 3 ook
TR 2RV S, TTORAE 55 UE SR 4 2% AR AR 1Y)
EE S

LCDP WVETERAIELEECH 1024, N D GEit+ )8
PR S5 A 1) i R () 25 04 v it ) 4500 R 256, Horp
PO AL e R 128 4RIE X B g, b2k
W 2540 B 4 > AdalN 5% 25 2 2 BRAPLERL B4k
22 B A 26 1 e 5 46 B R 1024—4096— 1024, Drop-
out 4 0. 1. ¥ HUSAEL TN 50, IR FH A4 M
RS IR BN 0~49 th¥ys) RAEmf a4 ¢, e
PR B[] 5 J =25,

1) 73 (8] 1F 22 54 2% FAT 25 (8] 1E 38 351 2K AL A,
FLA 250 80 A 500, fIRFRA I GE i 24 Rk 725
) A AEEL |k R 3o SR B s b, BUzs [ AE 58
FARALHE 2, B R 0,10, 47 HE A FU 451 6 AL A,
FR BRSO IE 1.0 I % 0. 05, A Geit2e s ik
IPIEIRALE A, 74 0. 05,

2.3 4EIFMIERR

R LR A VR B B 12 W P e S R A 7
P A SR FHUER R (accuracy , Ace) FISZiRE TAERF
fiIF pl 26T 11 2 (area under the curve, AUC) i 5 25 4
W Ge , IF Rk H A HL2 22 R (equal opportunity dif-
ference, AEO) (Hardt %5, 2016) f1 F 7 AUC £ &%
(intersectional subgroup AUC difference, AAUC) fif
AFNH G4 FREZ T RE 2 5o B e AR
ARG 3 Fh —oo/E PR AP AL 8 N AN A Gt
NFHE. AEO 38 T E IR A e K25 1A,
AAUC 14528 X F BE AUC e K22 (H o Ace I
AUC 5, AEO Fll AAUC BAIG, 32 AR (1) 25
RERAT .

Acc F1 AEO AR5 11 H 3 1 9 B A S5 i —
TR 25 B, AUC FIT AAUC AR FI5 % 229505 T
WESRITIA . & HF 5 A 25 7 A AT 0% 35 TIE 4 1
YA 2 O I s T DA L VAR R Fi . S VB (=g T D T
RITEIZINA AR b A48 R Y R i 25 4
2.4 ZXWERSHH

RS IE LCDP 7E B& 27 BUR A 2 Wi 55 i A
b AR SOK 5 ERM L FCRO . LNTL, FairAdaBN

AL . FairREAD 11 Ada-ABC 3t 7 Fp 5y i 47 HL %
AR LEE A A % e 385k 5 AR ST vk
— B FRE A TSN B E AR . 45 TR AE CheX-
pert fif 22 Fi F1 IR FEE B Y FL 4738 IR TIESS SR an
3R,

M4 T BEAT 55 (- B 45 ROk B, LCDP /Y
Acc, AUC, AAUC Fil AEO 43 5l 24 0.796. 0. 857,
0.058 £ 0. 108, 5 7 Flxt b 7 ¥ AEAH R 545 Ay
AR 45 A EE , Ace £ AUC 435 i 0. 781 1
0.841 4%/ % 0.796 F1 0. 857, 43 W& & 0. 015 F
0.016, AEO H 0.126 [% % 0.108, [% X 0.018,
AAUC H7 0. 058, S AEx} L& i F . 5 ARMAT
FAwAbBRAY ERM A HC, LCDP (1) Ace Fl AUC 53 3
2 55 0.056 F1 0.040, AAUC I AEO 43 %] [ A%
0. 036 F1 0. 063, W% J 1k RE S A BT 12 Wi Pk BE
SRR AT

LR S5 BEAT: 45 K &, LCDP 780 F AR K AT 45
W) Ace . AAUC Fl AEO 34 BUAS de pt 45 51, 7 i) Jies
AT % I, LCDP (9 AAUC BUS 45 5, Ace N
0. 804, S 45 0. 805 #%ilr ,AEO A 0. 073, 5%
rgh 3 0.071 AHZ 0. 002, 7Efli R FE IS L,
LCDP BB fe i 1Y Ace Fl AUC, Hodb 5 34 55 14
AEO i ERM A9 0.220 F& = 0. 105, 45 LCDP £
TR 55 I BRI TR R A L AR IS e AR 45 A4
HAE 4 T BT 55 B 38 25 50 - R et , Ui
T3 ETEAN R BT 55 vh B B R E AP —12
WrPkReLr &R M.

2.5 HRXKS5SHEREST
2.5.1 Bl AH Al S5

7% %5 LCDP £ H s i/ L A8 SC L ERM
R FERIAEAY AR 5] ARZS 0] IE SR (Orth) 748
[ 4™ 3 EE AR AR R (DO AN 1 48327 i M 2 A4 (At
Cond) o H:rfr, Diff A 1 X 1 7 9 BRARRAE (1) 32 325 0
W PR (] 25 4 65 A2 K, AtrCond 38 A
AdalN ¥ AN O Gt # g vhfs Bl A LMW 4%, 4 1
s BRAT 55 T Rl S B 45 R a3k 4 B .

I LS (8] 1E 28 A I, BRI 734 Ace H
0.740 21 £ 0.777, AAUC 1 0. 094 [% %= 0.082,
{H AUC H1 0.817 [ % 0.788, AEO i 0. 171 ##% %
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&3 AREFHETE CheXpert REFENMIXE#E F AT NIGIELER

Table 3 Five—fold cross—validation results of different methods on the CheXpert bias stress test benchmark

g Tk Accuracy AUC AAUC () AEO ()
ERM 0.798 £0.017  0.846 +0.011  0.068 = 0.008 0.176 + 0.014
FCRO(Deng %:,2023) 0.792 +0.013  0.835+0.012 0.082+0.010 0.133 +0.011
LNTL(Kim %:,2019) 0.720 £0.018 0.831 +0.014 0.104 +0.013  0.152 +0.016
FairAdaBN (Xu %,2023) 0.786 +0.011  0.876 +0.009  0.075 + 0.008  0.140 + 0.012
D ERE R
AL(Madras %,2018) 0.803 +0.010 0.870 +0.010  0.073 +0.007 0.143 +0.013
FairREAD(Gao %% ,2026) 0.781 +0.014 0.877 0.008 0.080+0.011 0.127 = 0.010
Ada-ABC(Luo %,2025) 0.748 +0.016  0.799 + 0.015.  0.083 +0.012  0.161 +0.017
AT 0.805 0.009 0.869+0.011 0.046 0.006 0.119  0.009
ERM 0.796 +0.011  0.886 +0.008 0.047 +0.007 0.091 = 0.010
FCRO(Deng % ,2023) 0.793 +0.012  0.879 +0.009  0.042 + 0.006 0.081 + 0.009
LNTL(Kim %:,2019) 0.771 £0.015 0.862+0.012 0.051 +0.009 0.088 + 0.011
o FairAdaBN (Xu %,2023) 0.801 +0.010  0.895 +0.007 0.057 +0.010  0.087 = 0.010
HERR AL(Madras %,2018) 0.796 +0.013  0.887 + 0.008  0.043 + 0.008  0.092 + 0.012
FairREAD(Gao %5 ,2026) 0.805 0.009 0.897 0.006 0.045+0.007 0.077.+ 0.008
Ada-ABC(Luo %,2025) 0.787 £0.014 0.873+0.011 0.044 +0.009 0.071 . 0.009
R 0.804 +0.010 0.879+0.010 0.041  0.006 0.073 + 0.008
ERM 0.691 +0.018 0.778 +0.014 0.096 + 0.013  0.197 +0.018
FCRO(Deng %:,2023) 0.780 = 0.015 0.715+0.016 0.118 +0.015 0.193 + 0.017
LNTL(Kim %,2019) 0.652+0.020 0.740 +0.015 0.107 +0.014  0.179 + 0.016
ik FairAdaBN(Xu %§,2023) 0.629 +0.019 0.783 +0.013 0.100 +0.012  0.172 + 0.015
AL(Madras %,2018) 0.770 £ 0.013  0.764 +0.012  0.092 +0.011  0.218 + 0.020
FairREAD(Gao 4% ,2026) 0.699 +0.017 0.812+0.011 0.095+0.013 0.146 + 0.014
Ada-ABC(Luo %,2025) 0.757 +0.014 0.822+0.010 0.070  0.009 0.128 0.012
ARSI 0.801  0.012 0.851 0.009 0.090 +0.011 0.136 +0.013
ERM 0.674 £0.020 0.757 +0.015 0.164 +0.017  0.220 + 0.019
FCRO(Deng %5 ,2023) 0.759 £0.016 0.717 £0.017 0.129 +0.014  0.252 + 0.022
LNTL(Kim %,2019) 0.597 +0.022  0.721 +0.016 0.118 +0.015 0.197 +0.018
. FairAdaBN (Xu %,2023) 0.640 +0.019 0.749+0.014 0.141 +0.016 0.172 +0.015
i AL(Madras 45,2018) 0.728 £0.015 0.756 +0.013  0.146 + 0.015  0.252 + 0.021
FairREAD(Gao %% ,2026) 0.713£0.017 0.779 +0.010  0.098 +0.012  0.157 + 0.014
Ada—-ABC(Luo %§,2025) 0.748 +0.014 0.777 +0.011  0.035 0.005 0.145 +0.013
AT 0772  0.011 0.829 0.008 0.053 +0.007 0.105 0.009

T ML PR R A SRS | R BB MR R .

I A B B BEA G, F3 Ace Ml
AUC 453255 2 0. 789 Fi1 0. 846, AAUC FI AEO 43
BFEZE 0.067 A1 0. 131, £ HIZBELEENEIK 2 1E AT

fifp R Ao R R 52 380 52 W) A Al 45 S O R — 2D 4
INTREBIRVEREZE 5 0 7EREEERN EAMA N D GEit

JEME S AFIE P48 Ace I AUC 3 — 2B 15 5] 0. 792
© = % B TE AR ATT A
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Table 4 Ablation results of LCDP components and subgroup—adaptive threshold calibration

Js B AR Accuracy AUC AAUC (1) AEO ()
ERM 0.798 + 0.017 0.846 + 0.011 0.068 + 0.008 0.176.£0.014
+ Orth 0.801 +0.015 0.829 +0.013 0.061 + 0.009 0.191 £0.017
OAERE R + Orth + Diff 0.803 +0.012 0.861 = 0.010 0.052 + 0.007 0.137 £ 0.012
+ Orth + Diff + AttrCond 0.803 +0.010 0.869 0011 0046 0.006 0.132+0.011
+ Orth + Diff + AttrCond + Threshold ~ 0.805 0.009  0.869 0.011  0.046 0.006  0.119 0.009
ERM 0.796 +0.011 0.886 + 0.008 0.047 +0.007 0.091 + 0.010
+ Orth 0.799 +0.012 0.868 +0.011 0.044 + 0.007 0.104 + 0.012
i Js AR + Orth + Diff 0.802 +0.011 0.875 +0.010 0.043 + 0.006 0.086 + 0.010
+ Orth + Diff + AttrCond 0.801 +0.010 0879 0.010 0.041 0.006  0.081 +0.009
+ Orth + Diff + AtrCond + Threshold ~ 0.804  0.010  0.879 0.010  0.041 0006 0.073 0.008
ERM 0.691 +0.018 0.778 = 0.014 0.096 + 0.013 0.197 £ 0.018
+ Orth 0.748 +0.017 0.737 £ 0.016 0.094 £ 0.014 0.225 + 0.021
Jili ¢ + Orth + Diff 0.787 +0.014 0.834 +0.011 0.092 +0.012 0.154 £ 0.015
+ Orth + Diff + AttrCond 0.795 + 0.013 0.851 0.009  0.090 0.011  0.149 +0.014
+ Orth + Diff + AtrCond + Threshold ~ 0.801  0.012  0.851 0.009  0.090 0.011  0.136 = 0.013
ERM 0.674 + 0.020 0.757 £ 0.015 0.164 +0.017 0.220 + 0.019
+ Orth 0.759 £ 0.016 0.717 £ 0.017 0.129 £ 0.014 0.252 + 0.022
(EE + Orth + Diff 0.763 = 0.014 0.814 +0.011 0.081 = 0.010 0.147 + 0.015
+ Orth + Diff + AttrCond 0.768 + 0.012 0.829 0.008  0.053 0.007 0.123+0.011
+ Orth + Diff + AttrCond + Threshold ~ 0.772 - 0.011  0.829 0.008 = 0.053 0.007  0.105 0.009

E L PSRRI R AR 5 | R BB M BRI ; “+ " R TE T — I B RE AR R3S AR R AR ; Orth  Diff, AttrCond Fl

Threshold 73 51375 XUAS (W] IEAZ 2T V5 23 (A1 TG I e T2 Jm P 2 PR R 1 30 B

F10.857, AAUC F1 AEO 43 5% 2 0. 058 1 0. 121,
LRGSR WUZS [R] IE A2 2B VA (B B A
N GE 2 Ja P 2 A4 53 0 FE FRAE A Al s BLS BV
HRA S| S E R T AMER
2.5.2  FHEBMERHER S 5B

h 75 % HE A G 3 8 K HE (Threshold) 1 1
FH AR SCE 5 LCDP A5 78 K HE 2 W A 5, () ek AR
DA B BB NS . &30k S — 3{E 0. 5
T E R 7 6 I S A 1 A LA N R, I T
TS A o P T (R R N e 3 5 TN R
HAHE P, ARSI AL 3 5 ME LR A ) Ace Fl
AEO,

HH 2% 4 7] UL, SR 1 (R 0. 5 B, 4 T 2RAT:
55 0F-45 Ace T AEO 435128 0. 792 1 0. 121, %
FREE SN BIE G , T2 Ace #2155 % 0. 796, AEO [#

2 0. 108, 70 WM 3% 0.004 1 0.013, 4550, 1
T 38 I B RE S AN [R)N 1 Ge 2438 P 1Y
TIUINARE 23 50 A1, ZE DR FERE AR o3 S 1k 18 1Y) [m] s 4 /N
TEIR] A BCPHE 25 57
2.5.3  IEACAUE HURNE

IEASH AT A, FHF I8 775 X% (] 1E 38 24 S (1Y)
SR . A SCHEM RAT 55 i B AN FY A, 21T U
PESZES 25 U 4 iR . 2, BN IE A2 20 )06
FRARAE 5 N 10 GE 124 R AE AR 5 5 4 s 7 F A BR
YK A, A BT AR 2 RRAE 2 8] ) AH OGPk
24 2.=0. 10 B, BEAVE Ace Bl AUC 153 5, AAUC
FAEO W PRFFTEFRXTEL KT, R B L2 Wi PR B
SRR T Z W BUS T B 1T . 4k ok
A )5 W BT TR I TSR bR H Bk Bl U
AH Ao 588 9 1 A8 29 AT BB AE I RN FN e 12440 OC {5 B
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4 T B 1) 583 3 o e FU S B o 27 4 TFE bR AR
b, A SR 4, R 0. 10,

-8~ ACC -4 = AAUC
—— AUC -4~ AEO

oo ERHURBUR 2,

0.06 0.08 0.10 0.12 0.14 0.16 0.18 020

IEZHRBE (4,)

Kl 4 IEACHVRATE 2, 4 LCDPYERE 524 PR 520
Fig. 4 Effect of the orthogonality-loss weight 4, on the diagnos-

tic performance and fairness of LCDP

2.5.4  HESE )L USRS BT

FHEBRE [R] 2 ¢ R 4 B B it fin v e PR
TERMEFS SR B . SN B SO 2 B S R A
SRR AR SCHE O IEE KA 55 L E =515,
25.35 Fl1 45 PEATHREURRPE S, 25 RN 5 R

Ml 5 R E 25 I AL Ace FT AUC %
AR 2 L AAUC [y 0.051 [£ % 0. 046, AEO H
0.227 [ % 0. 119, H, =25 Bf Y Acc fil AUC 43
512R 0. 805 i1 0. 869, 1k fi fmi{H , AAUC HLHRAH 5
A Y ¢ BB K 45 I, AEO £ % 0. 108,
fH Acc I AUC Z331] F FE 2 0. 774 Fi1 0. 831, AAUC
FE2 0,075, 16 5 4 W 75 R 2 ] i ek U K 1
PR FDNE PR . ZRa 2 WitEse SRR 1k,
ARSCK 1=25 fE N BRINIEK E .

£S5 HEMNES ¢ 3 LCDP O REAEXE S EERER 200
Table 5 Effect of the inference timestep ¢ on the performance of LCDP for the cardiomegaly task

B e ¢ Ace AUC AAUC (1) AEO ()
5 0.802 + 0.001 0.867+0.013 0.051 = 0.007 0.227 +0.017
15 0.804 + 0.003 0.863 + 0.031 0.047 + 0.005 0.177 £ 0.013
25 0.805 0.009 0.869 0.011 0.046 0.006 0.119 +0.009
35 0.801 + 0.002 0.866 + 0.015 0.054 + 0.006 0.139 £ 0.016
45 0.774 + 0.004 0.831 +0.018 0.075 + 0.002 0.108 0.023

T RIS R A5 9 B2 R L o Ui MR

2.6 HF{EMm Rz AT ARAL 53

N HEEEAN ) 75 A0 4 ol 3 A v ) S
DI 22 5, A SR B BE A TG Wi (gradient-
weighted class activation mapping, Grad-CAM) (Sel-
varaju % ,2017)%F ERM AL F1 LCDP 7E 3 X 54k
PG A 8 i o 37 DX SR AT TR A, 25 2R 4 1]
5 F7R o

H1 P 5 AT DL, ERMU Y g Wi 107 DX s 48 S 73 1, 7
i 5 i 25 PN 5 DX A7 AR A R O, AL /b 1 R
G35/ DX S ) e 7, LS 23 R AR AT A A A A
SN . A 2R, LCDP R i i 1 X 38 X 4
F TR o R 5K A S £ 1) 45 A PR A S X
CASO PN RS LR S P w2 NG K
A BE R W], LCDP HE W Il /455 U X 3 57 K o 5K IX
S ST, [ A O B 55 5 20 A 5 B RF AR MELRE
2.7 RXTEHMEEREHESTTRINT

N iE— 253 B LCDP X N H GE it 27 58 SUFHERY

SO, AR S35 75 8 55 A8 X2 R RE LA K&
TR P L RRAE 23 A
2.7.1 S FREMERE /BT
SRS BR B S S I AE U ] 7 e Kk
g2z 5 (HRRE ELE2 S LIRSS T RER IS B R L
ARSCHRYE ERM 7E RS UEAE | 9 22 B 5 450 FRAT: 55
1 55 452 FRE, JF &S ERM . FCRO 1 LCDP 754
N R Rz litERe 45 R a6 ik . LCDP 7E
4 T g BRAT 55 10 55 3 28 PR R RS e
AUC, FEFECMERE A it i BB AN il 9 4T 55 Hh HiUfS i
) TPR. Horp | il i BUWAT: 55 19 F #F TPR Al
AUC 435l ERM B9 0. 305 F1 0. 652 #2525 % 0. 777
F1 0. 894, fitfi 5 AT 55 1 FHf AUC H 0. 641 #2755 &
0.842, TEHIHES%H, LCDP B THE AUC 1 0. 701
P A 0. 814, TPR 4 0. 609, 1% F FCRO i 0. 654
RS R LCDP FE AR RS W BE 1Y [R5
RE A5 HE 0 55 A8 S BB I 3 BR T, IF I/ R
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Fig.5 Grad-CAM comparison of feature response maps pro-

duced by ERM, AL, and LCDP on chest X-ray images
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Fig. 6

ik

t-SNE visualization of representation spaces learned by

ERM and LCDP in the pleural effusion task
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Table 6 Performance comparison of disadvantaged intersectional subgroups across four pathology tasks

SRBH (55

a5 FE FRIETPR  FEEHAAUC Bk AuC K Ace AEO () AAUCG (1)
ERM 0.305+0.018 0.652+0.014 0.886 0.008 0.796+0.011 0.091+0.010 0.047 + 0.007
Wi B FCRO 0.628 +0.015 0.844 +0.010  0.879 +0.009 0.793 +0.012  0.081 +0.009  0.042 = 0.006
g . 628 = 0. 844 + 0. 879 = 0. 793 = 0. 081 =0. 042 + 0.
LCDP 0777 0012 0.894 0.007 0.879+0.010 0.804 0.010 0.073 0.008 0.041 0.006
ERM 0.727+0.017 0.839+0.011 0.846+0.011 0.798 +0.017 0.176 = 0.014  0.068 + 0.008
L ENE R
. FCRO 0.727+0.016 0.800+0.013  0.835+0.012 0.792+0.013  0.133+0.011  0.082 = 0.010
SPNCE T o= |
LCDP 0.798 0.013 0.862 0.009 0.869 0.011 0.805 0.009 0.119 0.009 0.046 0.006
ERM 0.475+0.022 0.641+0.017 0.778+0.014 0.691 +0.018 0.197 = 0.018  0.096 + 0.013
i 5
FCRO 0.603+0.019 0.686 +0.015 0.715+0.016 0.780+0.015 0.193+0.017 0.118 = 0.015
SPNC- g B in il
LCDP 0762 0.014 0.842 0.010 0.851 0.009 0.801 0.012 0.136 0.013 0.090 0.011
ERM 0.603+0.020 0.701 £0.016 0.757 £0.015 0.674 £ 0.020. 0.220 = 0.019  0.164 + 0.017
GCE
FCRO 0.654 0.018 0.736 +0.014 0.717+0.017 0.759 +0.016 0.252+0.022  0.129 + 0.014
SPNCEEY e iwic |
LCDP 0.609 +0.017 0.814 0.011 0.829 0.008 0772 0.011 0.105 0.009 0.053 0.007
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14 CheXpert VIl 255 24 F 2 ] T MIMIC-CXR (John-
son 4% ,2019) M AR , AAEH M 25 5 5000 L 4
T BRAT: 55 () 25 SR L3R 7 Ik 8.

LCDP #£ 4 T 55 rPS AR AAUC, HOF
YA 0. 085, F AEO K 0. 166, 0 IEAE K AT R
5589 AEO S, O NENE K FIE T 551 Ace 43 5]
KB A (0. 724 1 0. 844, FSR AUC FFAE&AT
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] 28 PR ER B, I 7E CheXpert [& 2 20 57 3 328 £E il
MIMIC-CXR ML 4E Lt .

A3 8 AN A8 U R I — X H A2 AUC,
FFHUHSE A BHEAE I IRET AUC, #54F AUC 842
AT AL K, R T A RRAE X A3 N F Se i)
SRS ST R RE Tl 25 R anEk 9 iR .

23 AR B S, A P ST R
£ AUC 1 0. 750 F& % 0. 560, 4% 0. 190, 4343 #1ill
P A SR AUC B 0. 719 B 2 0. 564, BEAIX
0. 155, H 4 Wi PAT 55 Y 2 RS LiRg5 %R
B, E R e A B AR AR A AR A DT G2 w1k
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2.9 HEFHESHT
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e G o S = | EZN e T I [ BN S S R T s <R
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Table 7 OOD test results on Cardiomegaly and Pleural
Effusion tasks in MIMIC-CXR

AAUC = AEO

S ¥ Tk )

Accuracy AUC

ERM 0.656  0.787 0.132 0.471
FCRO 0.716  0.798 0.156 0.395

LNTL 0.676  0.772  0.134 0.359
FairAdaBN  0.712  0.659 0.134 0.536
DEAE R
AL 0.722 0770 0.155 0.380
FairREAD  0.722  0.790 0.113 0.378
Ada—ABC 0706 0.766 0.107 0.261
ASCHE: 0724 0759  0.082 0.139
ERM 0.773  0.904 0.140 0.304
FCRO 0.813 0905 0.127 0.193
LNTL 0806  0.899 0.115 0.254
_ FairAdaBN  0.803  0.846 0.085 . 0.268
i Js R

AL 0.806 0910 0.142 0.229
FairREAD ~ 0.823 0911 0.086 0.166
Ada-ABC ~ 0.817  0.878 0.087 0.086
A 0808 0.895 0.050 0.111
T L R R A S 2R | FoRBUE MR RE
B

LCDP YRR 228 0am | F- 3 B 47 1 2 i [i] A
YR AE S AE ST ) R 45,044 M. 0. 88 h Hl 17.3 GB,
Py T AT 3R WIXSY SRR G 5 A0 45 2 e gt
o 2 388 T AL LR S I 2R T4 . LCDP ) B 4
PR AE S 3,875 ms, 3 % P A I FCRO 3
0.704 ms. SIS, LCDP $ 0T — 5 AR A R s
FNTF A AR R B A M AR A AT B

3 & it

ROl R U Y S RS PN W e R i
KAT BAHELAR 5 BT 5 200 1M A 25 53 Tl , AR SC
P RS ) 2 PF B IR AE 2R LCDP. 5 i ad 2R A
= 2 [ 45 8 B I 2R Bl o0 A 19 7 35 AN [ LCDP g
PRI A T 2 A B9 A B 28 s
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Table 8 OOD test results on Fracture and Pneumonia
tasks in MIMIC-CXR

. AAUC AEO
e Jrik Accuracy  AUC

(L) (1)
ERM 0.790 0.656 0.422 0.833
FCRO 0.730 0.661 0.438 0.857
LNTL 0.773 0.609 0.450 0.861
FairAdaBN 0.700 0.596 0.436 0.857

CE
AL 0.733 0.628 0.418 0.875
FairREAD 0.783 0.708 0.361 0.833
Ada-ABC 0.765 0.735 0.159 0.119
BICHFE 0.844 0.622 0.115 0.246
ERM 0.690 0.682 0.204 0.490
FCRO 0.741 0.673 0.205 0.529
LNTL 0.616 0.700  0.197 0.668
FairAdaBN 0.670 0.585 0.190 0.680

Jifi 4

AL 0.693  0.644  0.199  0.630
FairREAD 0761  0.691  0.146 0216
Ada-ABC 0764  0.655  0.131  0.680
AICHFE 0719 0674 0091  0.169

TE LA R S B2 2 s | R BB M fE
M

*9 LCDP EMAIEAQZITFEX X FERTFEH AUC
# ID/OOD XLk
Table 9 ID/OOD comparison of mean intersectional-

subgroup probe AUC before and after LCDP reconstruc-

tion

D D
WE Dz, IDZ, Ak Og og A4k,

i f
CEIE R 0756 0.606 -0.150 0.722  0.613 —0.108
WM 0743 0.543 <—0.201 0.701  0.541 -0.161
filfi % 0.752 °0.568 -0.184 0.728 0.580 -0.147
BT 0.750 0.523 -0.227 0.724 0.521 -0.203

S 0.750 0.560 -0.190 0.719 0.564 -0.155

1:1D,00D F/R 5340 N oA AN, Z,  Z Fs EA T
FJRRAE s AR AL A R 5 S A RTER ST AUC Z 22

P, IFFH D GEit 2 Ja P Fn Tt [a) 25 5| S B
FUEE
£ CheXpert /O HIEAE K | i fis BB i 58 AR 3

4 T AT S5 B HAT 28 IR IE S %, LCDP
5 1E CR R AL = 12 Wk BB I RIS, S A/ AR TR
Gt TR AR 22 5. TH RS IR0 UE T 3L
a1 T B A 7 S S 1 B O R S I NI S 3 e S S
PERFRE F 5 N B A R . 3533 TR T
iE— KW, 5 ERM #HLL, LCDP £ 4 T AT 55
A T AR 55 38 SRR AUC, I O JIE AR
KRl AR BT AT S5 b 4R S T BIR AUC, 1
MIMIC-CXR 4341 AN, LCDP 7E 4 350 3T 55
I BUS EAR A AAUC, F B0 H 55 0 () 5 500 4
R RRRE ST o AT GEi2 Jm MR 25 R o, 3
FEAERFAE BN 1 Gei124 58 CFRER RE 18 BT
Bl . 284 FR4ESEH , LCDP fEfg 78 14 F5 55 H1 )
AE T TR, U /N A 1 88 32 38 ST RE ] 1932 e i
B2z 5.

R FAAEE—E R . HRsess 2T
CheXpert Fil MIMIC-CXR 1 4~ i 3B X 528 Bdl 45 |
T IRAE CT MR RS 75 Al 2 A5 2 A 1 2 5
QIS Je 2o vpto i RS v 3 FH AT 75 ifE— 2 56
TE o BEAI AR SOH 1 1) A7 3% AR ) 4 R A BR 2K
I, 1 AT 25 AR (1 N VSR T IR ) 4y S
ARSI FRE TR, A 25 M8 I 24t 38 fin 17 A7
SRR R B S IR TR o S5 S T Je A8
B 2D LOE AR OS2 E R A T SR
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Table 10 Computational overhead comparison of different methods

Jrik BEEEM PR RITINGRITE/A VIR R AF/GB L P R E /ms
ERM 8.110 0.32 8.0 3.277
FCRO 16.221 0.68 9.6 3.171
FairREAD 9.312 0.62 9.1 3.620
LCDP 45.044 0.88 17.3 3.875
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