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Abstract: Medical image recognition is a crucial research direction in medical artificial intelligence. It is widely applied in
clinical workflows such as computed tomography (CT) , magnetic resonance imaging (MRI) , ultrasound, dermoscopy, X-
ray photography, and pathological sections. These workflows involve lesion detection, disease classification, organ seg-
mentation, and auxiliary diagnosis tasks. However, several factors degrade model recognition performance on small
lesions, rare diseases, specific patient subgroups, or specific medical centers. These factors include small lesion area pro-
portions, imbalanced disease category distributions (including long-tailed category distributions) , cross-institutional imag-
ing discrepancies, and inconsistent annotation standards. To address these issues, this paper systematically summarizes
debiasing methods in medical image recognition. These methods are categorized into four primary classes: pixel-level debi-
asing methods, sample-level debiasing methods, feature-level debiasing methods, and algorithm-level debiasing methods.
Firstly, pixel-level debiasing methods enhance the training contribution and loss weight of small lesions and low-contrast
regions in dense prediction tasks, including segmentation and detection. Consequently, small lesion regions receive suffi-
cient attention relative to background regions during network optimization. Pixel-level debiasing methods are categorized
into pixel re-weighting debiasing methods, boundary re-weighting debiasing methods, and region re-weighting debiasing
methods. Specifically, pixel re-weighting debiasing methods assign different training contributions to individual pixels dur-
ing pixel-wise loss computation. This strategy weakens the dominant role of massive background pixels in the total loss.
Boundary re-weighting debiasing methods introduce ground-truth boundaries, distance fields, or boundary discrepancy
regions into the loss function. Thus, models during training not only focus on whether pixel categories are correct, but also
pay close attention to spatial offsets between predicted contours and ground-truth contours. Region re-weighting debiasing
methods adjust loss contributions based on the overall relationship between predicted regions and ground-truth regions.
These adjustments utilize region overlap, category volume, false-detection and missed-detection costs, or region size to
alleviate lesion area bias in segmentation tasks. Secondly, sample-level debiasing methods enhance the training contribu-
tion of minority-class samples under data imbalance conditions. Sample-level debiasing methods are categorized into
sample rebalancing debiasing methods and sample expansion and generation debiasing methods. Specifically, sample
rebalancing debiasing methods adjust sample extraction methods, screening methods, or training stage schedules without
altering original image content. This improves the effective contribution of minority-class samples during model training.
Sample expansion and generation debiasing methods synthesize realistic medical images that preserve semantic information
for minority-class samples. This alleviates sample scarcity without violating biological logic or radiological rationality.
Thirdly, feature-level debiasing methods resolve uneven cross-domain feature distributions. These distributions are caused
by non-disease factors, including hospital sources, equipment types, and demographic group attributes. Feature-level
debiasing methods are categorized into feature alignment debiasing methods, feature decoupling debiasing methods, and
knowledge distillation debiasing methods. Specifically, feature alignment debiasing methods constrain distribution discrep-
ancies across different domains in high-level feature space. This enables similar diseases across different hospitals, equip-
ment, or datasets to have closer representations. Feature decoupling debiasing methods separately model disease-relevant
information from domain styles, color backgrounds, or sensitive attributes during feature learning. Consequently, models
rely more on stable disease features. Knowledge distillation debiasing methods utilize teacher models to supervise student
models. This design allows student models to absorb more stable category relationships, structural relationships, or fair-
ness information while learning primary tasks. Fourthly, algorithm-level debiasing methods reduce model reliance on non-
object attributes during algorithm training. Algorithm-level debiasing methods are summarized as causal constraint debias-
ing methods. Causal constraint debiasing methods rectify and constrain feature selection from a causal perspective. This
guides models to learn true pathological causal relationships and reduces reliance on biased attributes during prediction.
Furthermore, this paper analyzes benchmark evaluation experiments across these four categories of debiasing methods. It
systematically summarizes commonly used benchmark datasets and evaluation metrics. Finally, this paper summarizes four
critical challenges currently confronting fairness research in medical image recognition: accurately identifying bias sources

such as hospital origins, equipment types, and demographic group attributes remains difficult; achieving an optimal bal-
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ance between debiasing and preserving clinically relevant diagnostic information is challenging ; the authenticity, biological

validity, and privacy compliance of generated medical images still require improvement; and cross-center fairness evalua-

tion systems remain incomplete. This paper provides a valuable reference for the research and application of debiasing

methods in medical image recognition.
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Fig. 10 Sample-level debiasing based on sample rebalancing

((a) Class rebalancing based on class re-sampling and class re-
weighting; (b) Hard sample re-sampling based on loss magni-
tude; (¢) Margin loss combining known distribution re-
sampling and unknown distribution margin adjustment; (d)
Decoupled re-weighting for feature representation and classifier;
(e) Weighted stratification combining re-weighting and multi-

label stratified re-sampling)
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Fig. 11 Sample-level debiasing based on sample augmentation
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((a) Conventional data augmentation based on traditional tech-
niques; (b) Interpolation data generation based on minority
class interpolation; (c¢) Generative augmentation based on gen-
erative adversarial networks; (d) Few-shot augmentation based

on diffusion models)
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Fig. 15 Feature-level debiasing based on feature disentangle-

ment ((a) Shared and private feature disentanglement; (b)

Orthogonal disentanglement; (c) Style disentanglement )
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Fig. 19  Algorithm-level debiasing based on causal constraints

((a) Causal representation; (b) Backdoor adjustment causal
intervention; (c) Causal de-confounding; (d) Counterfactual

intervention; (e) Invariance constraint)
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Table 2 Common datasets and bias characteristics in medical image debiasing studies
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Kvasir-SEG . CVC- Z5ji7/55 ANREE SIS RO RERY K - .
ClinicDB " BRaE s % Hosseini 1 Soleymani Baghshah (2026)

X FEAR
ISIC 2018 ﬁﬁfgf§%§1ﬁ PHANER SRR (GRS Zheng % (2025)
Synapse JEERCT LB aE WERNER %% 4%  Hosseini fll Soleymani Baghshah(2026)
ChestX-ray14 M X4 2%k FERKRE BRIt FEARGL Lin Fll Chen(2025) ; Liu % (2025)
MIMIC-CXR [URID ST 2 IY S HRH R 2 S FEAZL Lin 1 Chen(2025)
CheXpert MR X £k ZhR%s a2k N 22 5 TR Liu%%(2025)
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reast—LT— ap WAL N 4 enZ
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SICAPy2 it USEEA Rl ﬁ@#g&ﬁ\ixﬁj B FRIES Tong 55 (2025)
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APTOS IR ER BRI Ty ] R Tong 55(2025)
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Table 3 Main evaluation metrics for medical image debiasing studies
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Table 4 Comparison of Segmentation Performance of

Pixel-level Debiasing Methods under the Same Experimen-

tal Setup

g VidrS mDice/% mloU/%
CVC~ClinicDB ~ Focal ~ 85.26(x0.060)  77.96(+0.055)
Dice  86.04(x0.061)  78.64(+0.048)
Tversky ~ 83.96(+0.053)  75.65(+0.046)
DBCE  87.38(x0.092)  80.29(+0.103)
ISIC 2018 Focal — 88.37(x0.044)  80.85(0.041)
Dice . 88.90(x0.045)  81.71(x0.031)
Tversky — 87.39(x0.033)  79.41(x0.047)
DBCE  88.85(+x0.045)  81.62(+0.039)
Synapse Focal — 80.46(x0.018)  71.22(+0.022)
Dice  80.23(x0.013)  70.91(x0.018)
Tversky ~ 79.59(+0.015)  70.07(+0.010)
DBCE = 81.68(x0.018)  72.81(+0.020)

2)  REAAE G R TT VR

FEAY™ 705 Az a6 R B ol Pl 45 0 T
B FIARIEE . R o i T LI KB
A8 A 2 R B 5 KL 2k . MGDM | Skin-SDM Fl BreastGen-
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B2, FID HRE SRR 70 A1 25 57, AN g 58 4 Tk B
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Table 5 Performance comparison of sample rebalancing methods for long—tailed multi—label medical image classification

IR Tk mAUC/% mi-F1/% ma-F1/%  ma-R/%
CXR-14 LR WA X 2 2] (MulSupCon) 80.41 14.81 8.55 5.60
CXR-14 o6 b 2 (SoftCon) 80.11 15.03 8.47 5.51
CXR-14 JINA 53 2 22 K5 28 W B X H 2% 2] (ws—MulSupCon) 81.99 20.44 12.95 8.73
MIMIC LR W X 2 2] (MulSupCon) 81.04 31.18 16.89 12.91
MIMIC B 2 21 (SoftCon ) 81.70 32.49 18.14 13.69
MIMIC JINAU o3 2 22 K52 W B X He 2% 2] (ws—MulSupCon) 82.33 34.75 20.48 15.54

F6 FBRBARKESLRNHARERIGEMRLR

Table 6 Performance comparison of generative augmentation methods for long—tailed breast ultrasound classification

HiE F1/% Rec/% All/% Few/% FID
AALHIAE B 5 (Baseline ) 30.94 30.81 70.13 0.00 —
MGDM 3278 33.41 70.00 12.50 36.28
Skin-SDM 33.30 35.40 68.59 9.38 32.46
AU 5 1] A B 3 (BreastGenAug) 35.23 38.98 72.31 31.25 30.19

T F1 IR &S00 00 B4 RN ER G 1 BE s Ree 7R Recall 5 Al FIR 2RI 1Y EUA Accuracy ; Few #2715 R FBIE I Accuracy ; FID 3
7N FLS UG5 A SRR IE S0 A 2 18] 10 22 5, BTG, AR AR 1 Dl g B . R P 45 SR A Chen 55 718 SCHE Breast—

LT-8 B A —3L 8, ]
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Table 7 Performance comparison of feature alignment methods on different chest X—ray datasets
/(1)ChestX-ray14 # i

FiE PA—AP cAUC  AP—PA ¢AUC M—F c¢AUC F—M cAUC
AL 2k (Source ) 0.645 0.643 0.717 0.726
B HTARAE AT 7 (DANN) 0.681 0.673 0.754 0.741
NI K E 22 5% 57 (MK-MMD) 0.620 0.631 0.696 0.695
Wasserstein 28 1|4 % 5 (WAL-CLA) 0.706 0.685 0.761 0.752

¥ : (2) CheXpert 53R 4

FiE Fron—Lat cAUC  Lat—Fron cAUC M—F cAUC F—M cAUC
AL PRI 25 (Source ) 0.615 0.551 0.749 0.743
BATHUERAE AT 55 (DANN) 0.649 0.627 0.751 0.748
2N K H 22 5 %5 57 (MK-MMD) 0.605 0.601 0.698 0.695
Wasserstein 28 2% 55 (WAL-CLA) 0.630 0.628 0.769 0.766

T : cAUC IR class—wise AUC, BRI &5 200 10 AUC I BOF- 2, BUE B =B As . PA F11 AP 7R ChestX—ray 14 AN
i X L5 B ; Fron Al Lat 43 51| 3875 CheXpert H A TE AL AN s M F 43 51308 3 PEAI 2o R B BRAAR . Sk 30 oy YRl )
FIAREUERS o Source A (U FH IR SE IR I 25 92 56 562k . e PBUEI B A Lin %A (2025) JFUE A5 — 250 4551

RTWR KRG FAEZRT AT 55 R dews 2)  FHREIEIE
T oAUC 5 cAUC, (HAN R J5 I AE A R A% 5 1) L 14 SRR R 8 5 S Y Y T BRI R s 29 TR
X RIAELELE S 10, FRR O AL R S SRR S AR A 4R, SR 7 [
AR AT I I PR B S AR ] DR — X 5P 3R B B2 S i 1) ] RE R I AR A% 3 | A b 2% 18 5 ik ks
W AR WAAEP A Gy e b 32 A3 FRIEXSFF T iab i W BB IE A R BN AR A i Rk . 3 8 B TR
25 BRI A R RGO S BEA T4 TR AR R 22 BURIH 2 08 AT UMKD 7 11 87 [l i K
HRIEEBIR I AT S5 I ZE R
RS LANTFEERRSRPIMIRFBH RN ERELL R

Table 8 Performance comparison of knowledge distillation methods for imbalanced disease grading

/(1) HT B 73 SR 4R

AP E WiR7S mAcc/% F1/% MAE
i ATy AN A B (Student) 89.06 89.49 0.1463
i N ] 2 MR ZE 1 (KD) 88.39 88.97 0.1624
Vi AN -Aly AN RE MR 22 MR 2T (UMKD) 90.23 90.94 0.1294
H i AN Ty RZENH AR (Student) 88.11 90.23 0.1318
B AR A1 2 MR (KD) 89.44 90.90 0.1368
H AR A1 AN PRI 22 IR ZE R (UMKD) 90.72 91.72 0.1199
(2)  HRJEHIR 7 AR () mAce FF1 DL RN A MAE . 125 R %0, H1R

R8s, LM KD M AT E PR 2R AR TR 5 A BN, ik 52

AR AR T UMKD 762 Bsc i b e RISRU AR 2 531 oA A0 T SEPAAT G , B I 07 [ i) 2%
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%, R, keFE, Az, a8, A%, BRER, iTe, ER
H 1 EFEGIRA B X R G E R

AP E Fk mAcc/% F1/% MAE
TR AN P Al AN A (Student) 67.18 73.94 0.4192
i AN T Al ZMRZEIR (KD) 66.07 72.77 0.4448
P it A-Ai AN 5 TR 22K R R 24 (UMKD ) 67.33 74.43 0.3589
H i AN Ty AN 2 A B (Student) 70.56 81.04 0.2521
H AR A1 2R ZE % (KD) 71.56 83.50 0.2578
H s AP A AN PRI 227 G R 28 (UMKD) 74.38 84.03 0.2476

1 : Student A A FHHITAZRIE ) ResNet18 #8571 KD S48

i

&
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Table 9 Performance comparison of causal and confounding—adjusted models

i %) 6TA (L;\]‘;CB])E poc IQEB&;E)AUC Shift ED AUC  Shift PCI AUC
FEIR A 0.707 0.702 0.726 0.639
PR (5 FFAE) 0.709 0.713 0.732 0.613
R GIRAAEA (TCRHIE) 0.719 0.718 0.725 0.646
IR SR A8 (54 ) 0.696 0.702 0.753 0.700

T : MACE #7R8 B RO Fi 4 56 4 A MACE H1 14E MACE 43 313675 T 6 4~ A A1 LAE N MACE & A2 KBS . Shift ED W47
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Table 10 Characteristics and application scopes of debiasing methods for medical image recognition
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