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Abstract. Machine learning-based computer-aided diagnostic systems
often exhibit compromised fairness due to biases inherent in training
datasets, leading to suboptimal and biased performance across diverse
populations. These issues are particularly evident in pneumonia diagno-
sis and lesion segmentation, where disease prevalence and imaging char-
acteristics vary significantly across demographic groups and pneumonia
subtypes. To address these challenges, we propose FairPneum, a gener-
alizable framework designed to enhance fairness in learning from biased
datasets. FairPneum first introduces a hierarchical embedding disentan-
glement method that progressively isolates sensitive attributes using ad-
versarial training, while an anti-bias training strategy is employed to
leverage counterfactual embeddings to improve robustness against sen-
sitive biases. We also introduce two novel metrics to effectively evalu-
ate the global fairness in continuous performance metrics across differ-
ent attributes while addressing the dependency between different sensi-
tive attributes. Implementing FairPneum with both convolutional- and
transformer-encoders, we demonstrate significant improvements in both
performance and fairness on the public COVID-19 chest X-ray dataset
and an in-house pneumonia CT dataset. Compared to SOTA fairness
learning approaches, FairPneum effectively reduces performance dispar-
ities across demographic groups while maintaining or enhancing overall
model accuracy. This study highlights a promising approach for devel-
oping unbiased and clinically generalizable solutions for pneumonia di-
agnosis and segmentation. The source code and dataset are available at
https://github.com/JXXrrrrR /FairPneum.
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1 Introduction

Over the past decade, machine learning approaches for computer-aided diagnosis
(CAD) have been increasingly integrated into clinical practice, offering signifi-
cant benefits for both patients and healthcare professionals [I]. However, these
approaches are often compromised by inherent biases within medical datasets,

* These authors contributed equally to this work.
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Fig. 1. The motivation and embedding disentanglement evaluation of FairP-
neum. a Representative samples of pneumonia containing sensitive attributes. b The
age prediction results on the embeddings of the first and last encoding layer. Blue
and red represent results with and without FairPneum. Without FairPneum, embed-
dings will encode age information. However, when integrating FairPneum, embeddings
contain significantly less age information.

which arise from demographic imbalance and acquisition heterogeneity [2]. Such
biases can cause systematic performance disparities across subpopulations, lead-
ing to unfair predictions and limited generalizability in clinical deployment.
Fairness learning has therefore become an essential component in medical Al
research, aiming to ensure equitable model performance across diverse demo-
graphic and clinical subgroups.

Motivated by these challenges, this work investigates fairness learning for
pneumonia diagnosis and lesion segmentation. Accurate subtype identification
enables timely intervention, and precise segmentation supports quantitative as-
sessment and longitudinal monitoring [9]. However, radiological manifestations
vary substantially across demographic groups [I0]. For instance, Mycoplasma
pneumoniae primarily affects pediatric patients, whereas COVID-19 pneumo-
nia is more prevalent in older adults with distinct imaging patterns [I1]. Models
trained on dominant subtypes may therefore overfit to characteristic appearances
and underperform on underrepresented groups. Such biological and demographic
coupling makes pneumonia segmentation highly sensitive to dataset imbalance,
potentially biasing severity estimation and clinical decisions. Ensuring fairness is
therefore both a methodological necessity and a prerequisite for equitable clinical
deployment.

Traditional fairness learning in natural image analysis typically focuses on rel-
atively disentangled attributes, such as sex, illumination, or object category [12],
which can be explicitly separated by neural networks [13]. In contrast, radiolog-
ical images encode tightly coupled demographic and physiological factors: at-
tributes such as age, region, and disease subtype influence both imaging appear-
ance and disease manifestation. Such entanglement makes sensitive information
difficult to remove through single-layer adversarial training, as biased signals
may persist across hierarchical encoding stages [14] (Fig. b). Consequently,
existing disentanglement or adversarial approaches [I2JT528] are often insuffi-



cient for medical imaging. Moreover, although fairness learning is well studied
in classification, its extension to segmentation remains limited [I6], and current
fairness metrics are largely designed for discrete outcomes rather than continuous
measures such as Dice similarity. These limitations motivate fairness frameworks
specifically tailored to medical imaging and pneumonia-related tasks.

To address the aforementioned challenges, we propose FairPneum, a com-

prehensive fairness learning framework for unbiased pneumonia diagnosis and
lesion segmentation. The contributions are summarized as follows:

Hierarchical embedding disentanglement. We design a multi-level ad-
versarial module that progressively separates sensitive attributes (e.g., age,
sex, subtype) from image representations, mitigating bias embedded across
feature scales.

Anti-bias re-entanglement. We propose a counterfactual re-entanglement
strategy that combines debiased and sensitive embeddings, encouraging attribute-
invariant yet pathology-relevant representations.

Fairness metrics for continuous outcomes. We introduce Local Perfor-
mance Equality (LPE) and Global Performance Equality (GPE) to evaluate
fairness in continuous metrics (e.g., DSC), extending fairness assessment to
segmentation tasks.

Establishment of a multi-subtype pneumonia dataset. We establish
an in-house chest CT dataset with 4,817 slices from 315 studies covering
COVID-19, bacterial, and Mycoplasma pneumonia, providing a benchmark
for segmentation fairness evaluation across demographics and subtypes.

Comprehensive experiments across diverse datasets demonstrate that FairP-

neum consistently improves fairness across demographic and pathological sub-
groups while maintaining competitive or superior overall performance compared
with state-of-the-art (SOTA) methods.

2

Method

2.1 Algorithm Overview

As illustrated in Fig. 2| FairPneum augments a hierarchical encoder with stage-
wise fairness-aware modules that progressively disentangle and re-entangle fea-
ture representations after each encoding stage. After each encoding layer, two
plug-and-play components are inserted: a hierarchical embedding disentangle-
ment module and a counterfactual re-entanglement module. The disentanglement
module consists of an embedding decoupling block B and a sensitive attribute
discriminator D, where B separates intermediate features into attribute-sensitive
and task-relevant subspaces, and D adversarially suppresses sensitive informa-
tion. The re-entanglement module employs a reconstruction block R (Sec. [2.3))
to recombine debiased embeddings and generate counterfactual variants during
training, encouraging attribute-invariant yet pathology-preserving representa-
tions. The framework integrates seamlessly into existing encoders without alter-
ing the backbone or task-specific loss.
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Fig. 2. Overview of FairPneum approach. a FairPneum can be integrated with
any hierarchical encoder by inserting a paired embedding disentanglement and re-
entanglement module after each encoding layer. b The embedding decoupling block
separates the embedding into biased embedding E® and debiased embedding E¢, with
and without encoding biased attribute information, respectively. ¢ The schematic of
adversarial training of the decoupling block and discriminator. The red and green ar-
rows represent the positive and adversarial training, respectively. d We employ two
anti-bias training strategies, debiased and counterfactual transformation for the disen-
tangled embedding. E’ is the biased embedding derived from another case.

2.2 Hierarchical Embedding Disentanglement via Adversarial
Training

To separate sensitive attributes from task-relevant representations, we introduce
a hierarchical embedding disentanglement mechanism. Given an input image =z,
the hierarchical encoder progressively extracts multi-scale features for classifica-
tion and segmentation tasks [I8]. For an intermediate embedding £ € RE*H*W
produced by one encoding layer, the representation may contain both desired
task information and sensitive attributes.

To decompose E, we employ an embedding decoupling block B that splits it
into two sub-embeddings, E¢ and E®, each sharing the same dimensionality as
E (Fig. b)):

B(E) — (EY, EY). (1)

Here, E% represents the debiased embedding with minimal sensitive information,
while E® retains the attribute-related components. The decoupling block consists
of two 3 x 3 convolutional layers followed by a GELU activation [19], where the
first convolution preserves the channel size (C' — C) and the second expands
it (C — 20). The first C channels of the output correspond to E¢, and the
remaining C' channels to E°.

To guide this separation, we introduce a lightweight attribute discriminator
D [20] trained to predict sensitive attributes y, which form a multi-label vec-



tor representing all studied factors, each discretized into categorical values. The
adversarial training follows a min—max scheme, where D and B are optimized al-
ternately without gradient sharing. The discriminator minimizes its classification
loss:

Lp = f(D(Ed)’y) + f(D(Eb)7 y)7 (2>

where f(-) denotes the focal loss (FL) [21]. In contrast, B is optimized to confuse
D on E? while allowing sensitive information in E°:

Lp = —f(D(E?),y) + f(D(E"),y). 3)

Through this adversarial interplay, the decoupling block learns to generate attribute-
invariant embeddings E¢ that preserve task-relevant features while isolating the
attribute-specific components E°. The disentangled pair (E¢, E®) is subsequently
utilized in the re-entanglement stage to synthesize counterfactual representations

(Sec. [2.3).

2.3 Debiased Embedding Re-entanglement via Anti-bias Training

After disentanglement, a re-entanglement stage restores representation complete-
ness while suppressing bias propagation, encouraging the decoder to rely on un-
biased features rather than sensitive attributes during training. In the initial
anti-bias stage, we apply a debiased transformation by replacing the biased em-
bedding E? with a zero-tensor Z of identical shape, simulating the removal of
sensitive components. A reconstruction block R then recombines the debiased
and zero embeddings into an integrated representation:

E"=R(E® 2), (4)

where @ denotes channel-wise concatenation (Fig. [2d)). The reconstruction
block consists of two 3 x 3 convolutional layers and a GELU activation [19], with
the first convolution maintaining channels (2C — 2C) and the second compress-
ing them (2C — C). Each encoder layer contains a corresponding lightweight R
block with the same architecture, and these blocks are only activated during the
anti-bias stage. During inference, all R modules are bypassed.

The reconstructed embedding E™ replaces the original embedding E and is
passed to the next encoding layer. For networks employing skip connections [22],
E" rather than F is concatenated with the corresponding decoder features.

To further enhance decoder robustness, we introduce a counterfactual trans-
formation strategy. For each training batch, 50% of samples are randomly se-
lected for counterfactual transformation. Fach selected sample is paired with at
most one image x’ from the same task class in the same mini-batch, where at least
one sensitive attribute differs. If no eligible partner exists in the mini-batch, the
sample is not swapped, and only the debiased transformation is applied. Given
the disentangled embeddings (E9, E®) for x and (E'¢, E'®) for 2/, we construct
counterfactual representations by replacing the biased component:

E"™ =R(E® E"). (5)



These counterfactual embeddings are used only during training to regularize
the decoder, promoting attribute-invariant yet task-preserving representations.
The reconstruction block R is jointly optimized with the overall segmenta-
tion/classification objective, without any additional reconstruction loss.

2.4 Fairness Evaluation Metrics

Conventional group fairness metrics measure the balance of outcomes between
groups with different sensitive attributes [23]. For instance, demographic parity
(DP) is defined as DP; ; = %%EZ;%, where a;,a; € A denote the sensitive
attributes and Y represents the prediction label. However, such definitions as-
sume discrete outcomes and are not applicable to continuous values, such as the
Dice Similarity Coefficient (DSC) in segmentation tasks.

To address this limitation, we propose a Local Performance Equality (LPE)
metric that extends DP to continuous outcomes by comparing the distribu-
tions of performance scores across different attribute groups. The distributions
p(Y |a) are estimated from per-sample DSC values using kernel density estima-
tion (KDE), and the similarity between groups is quantified using the first-order
Wasserstein distance (Earth Mover’s Distance):

LPEXY = W(p(Y |a = a), p(Y |a = a;)), (6)

where W is computed symmetrically and normalized by the support range of Y.
A smaller LPE indicates higher parity between the two sensitive groups.

While LPE captures pairwise fairness, it does not account for correlations
among multiple sensitive attributes. For instance, children may show a higher
incidence of mycoplasma pneumonia and also receive lower radiation doses, caus-
ing cross-attribute bias. To jointly evaluate fairness across correlated attributes,
we introduce the Global Performance FEquality (GPE) metric, which aggregates
weighted LPE terms:

lpay|(1—pay)+e )
GPE = LPE!"Y, 7
,;CEAEKUPAyHl—pAY )+e Z i,j (7)

aj,a;€EA

where pay and pay denote the Pearson correlation coefficient and its signif-
icance level between attribute group A and outcome Y, K is the set of all at-
tribute groups, and € = 0.001 ensures numerical stability. The weighting term
|pa,y| (1—pa y) emphasizes fairness evaluation for attributes strongly correlated
with the outcome. A lower GPE value indicates smaller cross-group disparity and
thus a fairer model.

Specifically, GPE is intended for settings where sensitive attributes exhibit
non-negligible dependency with the performance outcome or with each other.
When all such dependencies are uniformly weak, LPE should be interpreted as
the primary fairness measure, because the contribution of cross-attribute depen-
dency becomes negligible.



a MIDRC b In-house dataset c In-house Dataset (testing)

Age <75y 65,542 (84.15%) Age <18y 102 (39.53%) Age <18y 26 (45.61%)
=75y 12,345 (15.85%) =18y 156 (60.47%) =18y 31(54.39%)

Sex male 43,880 (56.33%) Sex male 132 (51.16%) Sex male 25 (43.86%)
female 34,007 (43.67%) female 126 (48.84%) female 32 (56.14%)

Region Harbin 187 (72.48%) Region Harbin 35 (61.40%)

Mudanjiang 71(27.52%) Mudanjiang 22 (38.60%)

Subtypes  COVID-19 96 (37.21%) Subtypes  COVID-19 16 (28.07%)

bacterial 85 (32.95%) bacterial 19 (33.33%)

77 (29.84%) mycoplasma 22 (38.60%)

Fig. 3. Distribution of imbalanced attributes. a, b, and c illustrate the im-
balanced attributes within the publicly available MIDRC dataset, and our in-house
training&validation and testing sets.

3 Experiments and Results

Methods ACC (%) for <75 y 1_ACC (%) for >=75 y {_DP for age {_ACC (%) for male | _ACC (%) for fomale {_DP for sex ]_overall ACC (%) T
SwinT 78.34 72.23 0.922 77.02 77.91 0.987 77.41
SwinT + DFA 75.54 72.87 0.966 74.70 75.68 0.986 75.13
SwinT + PnD 77.54 73.67 0.951 76.68 77.30 0.991 76.95
SwinT + Lin et al. 76.35 72.97 0.957 75.46 76.33 0.990 75.84
SwinT + FairPneum- 76.87 73.14 0.954 76.52 76.02 0.993 76.30
SwinT + FairPneum 77.58 74.97 0.966 77.24 77.10 0.998 77.18
MedNext 84.70 76.23 0.900 83.02 83.91 0.989 83.41
MedNext + DFA 82.07 75.87 0923 80.70 81.68 0.989 81.13
MedNext + PnD 83.72 78.67 0.938 82.78 83.17 0.994 82.95
MedNext + Lin et al. 82.53 77.97 0948 81.36 82.46 0.985 81.84
MedNext + FairPneum- 83.05 78.14 0.942 82.52 82.02 0.994 82.30
MedNext + FairPneum 83.87 79.97 0.953 83.14 83.46 0.996 83.28

Table 1. Classification performance and fairness evaluation on the MIDRC
dataset. The baseline performance (without fairness learning) is highlighted in blue.
For each metric, the best result among fairness-learning methods is highlighted in red.

This study used one publicly available MIDRC dataset[25] and one in-house
dataset to evaluate the proposed FairPneum framework. The MIDRC dataset in-
cludes 77,887 chest radiographs from 62,219 studies[2], with self-reported demo-
graphic information. Age and sex were selected as sensitive attributes (Fig. a),
with age dichotomized at 75 years to reflect the common clinical definition of el-
derly patients and the higher-risk subgroup in COVID-19 cohorts. The in-house
dataset comprises 315 CT studies with 4,817 axial slices for lesion segmentation,
split into a training—validation set (n = 258) and an independent testing set (n
= 57) (Fig. b7 c). Four sensitive attributes were examined: age, sex, geographic
region, and pneumonia subtype. Age was dichotomized at 18 years, correspond-
ing to the pediatric-adult clinical boundary and the pronounced subtype-age
coupling in the training—validation set, where Mycoplasma pneumonia cases
predominantly occurred in patients under 18; the testing set showed a more
balanced age distribution. Lesion annotations for pneumonia-positive slices were
performed by a radiologist with over 10 years of clinical experience.

Fairness learning was evaluated using two representative architectures, Swin-
Transformer (SwinT) and MedNeXt[26]. GCE loss[27] and Dice loss were used
for classification and segmentation, respectively, with training without fairness
intervention serving as the baseline. FairPneum was benchmarked against several
SOTA fairness methods: DFA[28], PnD[29], and Lin et al.[2] for classification,
and ADV[30] and FEBS[3] for segmentation. To avoid confounding effects from
backbone capacity, all fairness methods were implemented on the same task back-



bone and trained with their original fairness objectives or representation-learning
strategies. Hierarchical disentanglement and counterfactual re-entanglement were
used only in FairPneum, enabling comparison under a shared-backbone setting
that isolates the effect of the proposed fairness strategy.

Performance was evaluated using the proposed fairness metrics together with
accuracy (ACC), DSC, and DP to assess both task performance and fairness.
An ablated variant, FairPneum™, which removes counterfactual transforma-
tion during training, was included to analyze its contribution. Segmentation
performance significance was tested using the Wilcoxon signed-rank test, with
p < 0.05 deemed significant. All experiments were conducted on a Linux work-
station with an NVIDIA A6000 GPU. Models were optimized using AdamW
(81 = 0.9, 82 = 0.999). Input images were normalized and resized to 512 x 512,
with a training batch size of 16.

3.1 Performance and Fairness Evaluation

DSC (%) for LPE for DSC (%) for DSC (%) for DSC (%) for  LPE for
>=18y 1 age | COVID-19 Bacterial Mycoplasma 1 _subtype |
7701 6.51 7871 68 719

77.25% 4.71 79.11%

76.05 384 77.06

76.74 466 76.68
76.91
8174 613 8354
MedNext + ADV 8130 367 84.62
MedNext + FEBS A 81.00 403 81.60
MedNext + Fa neum- 76.90 80.99 4.10 82.10
MedNext + FairPneum 78.58% 8161 3.13 8192

Methods

overall DSC (%) t GPE |
SwinT 3
SwinT + ADV/
SwinT + FEBS
SwinT + FairPneum-
SwinT + FairPneum
MedNext

32 03 6.81
70.41 6.12
70.50 481
72.05 3.61
72.91 3.46

5.36
3.95
3.89
3.09
6.10
4.87
3.87
3.40
3.11

75.11 6.68
75.37 4.94
76.19 4.36
77.69 3.41

Methods DSC (%) for male T_DSC (%) for female T_LPE for sex |_DSC (%) for Harbin T_DSC (%) for Mudanjiang { _LPE for region |
SwinT 2 74.90 1.98 - 72.82 2.03
SwinT + ADV

SwinT + FEBS

SwinT + FairPneum-
SwinT + FairPneum
MedNext

MedNext + ADV
MedNext + FEBS
MedNext + FairPneum-
MedNext + FairPneum

2.21
2.63
1.00
5 0.84
R0.25 2.95
80.96 2.66 80.44
80.65 3.30 79.52
79.79 175 875
80.15 153 80.52

1.86
173

Table 2. Segmentation performance and fairness evaluation. The baseline per-
formance (without fairness learning) is highlighted in blue. For each metric, the best
result among fairness-learning methods is highlighted in red. The best performance
with statistical significance is marked in *.

Tables [1] and [2| show the results for classification and segmentation. Without
fairness learning, clear gaps appear across groups (ACC difference 6-8%; DSC
difference 4-8%), reflecting the impact of age, sex, and subtype imbalance. After
applying fairness methods, these gaps consistently decrease. FairPneum yields
the largest gains across both backbones, improving the inferior group by 2-3%
in ACC and 3-5% in DSC. It also achieves the highest overall ACC/DSC among
fairness approaches and remains comparable to or better than the baseline. Re-
garding fairness-specific measures, FairPneum achieves the best DP for age/sex,
the best LPE across age and subtype, and the lowest GPE, indicating the most
balanced performance. These results indicate that FairPneum effectively reduces
group disparity while preserving, and in several cases slightly improving, the
overall predictive performance.



4 Conclusion

In this work, we investigated fairness learning for both classification and le-
sion segmentation in pneumonia-related tasks. We introduced FairPneum, a
framework that integrates hierarchical embedding disentanglement with anti-
bias training to mitigate attribute-related biases within feature representations.
In addition, we proposed two new metrics enabling global assessment of fair-
ness for continuous-value performance measures. Extensive experiments across
datasets, modalities, and network backbones demonstrate that FairPneum con-
sistently enhances fairness while preserving overall performance. These findings
highlight a promising direction toward more equitable and clinically reliable di-
agnostic and segmentation models for pneumonia.
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