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Abstract

Algorithmic bias in COVID-19 detection systems poses a se-
rious threat to equitable pandemic response, as demographic
disparities in model performance risk worsening health out-
comes across vulnerable populations. We present an adopted
Causal Concept Bottleneck Model (C2BM) framework that
systematically addresses fairness in multimodal COVID-19
detection by learning interpretable concepts from chest CT
scans and patient metadata. Our approach targets the Coun-
try→Institution→COVID causal pathway through principled
interventions, achieving substantial bias reduction: age and
gender demographic parity differences decrease from 51.15%
to 18.50% (64% reduction), gender disparate impact im-
proves from 0.6475 to 0.9812 (51% improvement), while
preserving 98.45% diagnostic F1-score. Through compre-
hensive evaluation across four model variants, we demon-
strate that causal interventions enable stable and reproducible
fairness improvements without compromising clinical util-
ity. Our work establishes that principled causal reasoning can
achieve practical fairness-accuracy trade-offs in COVID-19
detection systems, providing actionable guidance for equi-
table healthcare AI deployment.

Code — https://github.com/LetuQingge/Causal-Concept-
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Introduction
The rapid deployment of AI systems for COVID-19 detec-
tion has revealed concerning patterns of demographic bias
that can exacerbate existing healthcare disparities (Ober-
meyer et al. 2019; Larrazabal et al. 2020). Such biases of-
ten emerge when COVID-19 detection models are devel-
oped using datasets with imbalanced demographic represen-
tation, whether by age, gender, ethnicity, or socioeconomic
background. When certain subgroups are underrepresented
in the training data, the resulting models may learn features
that disproportionately reflect the dominant group, leading
to skewed decision boundaries and reduced accuracy for mi-
nority populations (Seyyed-Kalantari et al. 2021).

This challenge is particularly acute in multimodal
COVID-19 detection systems, where models combine chest
CT imaging with patient demographics and institutional
metadata. While demographic information can provide valu-
able clinical context, it also introduces avenues for bias that
are difficult to detect and mitigate using traditional fairness
approaches (Chen et al. 2019; Glocker et al. 2023).

Recent work in algorithmic fairness has explored vari-
ous bias mitigation strategies, but these methods often treat
bias as a statistical property rather than addressing its un-
derlying causal mechanisms (Kusner et al. 2017; Kilbertus
et al. 2017). Causal approaches to fairness offer a princi-
pled framework for understanding and addressing bias by
explicitly modeling the causal relationships between pro-
tected attributes, features, and outcomes (Pearl 2009; Zhang,
Lemoine, and Mitchell 2018).

In this work, we present an adopted Causal Concept
Bottleneck Model framework inspired by the idea Causal
Concept Bottleneck Model (De Felice et al. 2025) to ad-
dress fairness challenges in COVID-19 data through tar-
geted country–institution interventions. The framework is
grounded in the idea that geographic and institutional fac-
tors can create hidden pathways of bias in this case, along
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the Country → Institution → COVID decision chain. By in-
tervening directly on these causal links, our approach aims
to ensure that model predictions are not unduly influenced
by geographic or institutional imbalances in the data.

Our contributions are fourfold. First, we propose a causal
intervention framework that specifically targets the Coun-
try → Institution → COVID pathway to reduce systematic
bias. Second, we conduct a comprehensive fairness evalua-
tion, demonstrating that the approach significantly reduces
demographic disparities across both age and gender groups.
Third, we provide practical deployment insights for clini-
cal AI systems operating across diverse geographic regions,
where fairness is critical for trust and adoption. Finally, we
show that these gains in fairness do not come at the expense
of diagnostic performance.

Our strategy achieves substantial bias reduction while
maintaining clinical utility. We reduced the age and gen-
der demographic parity difference by 64%, which achieved
a near-perfect gender disparate impact score of 0.98, and
consistently maintained a diagnostic F1-score of 98.45%.
This demonstrates that substantial bias mitigation can be
achieved without sacrificing clinical accuracy which is an
essential requirement for real-world COVID-19 deploy-
ment.

Related Work
The rapid evolution of multimodal artificial intelligence (AI)
in medicine has led to significant advances in diagnostic ac-
curacy, particularly for complex diseases like COVID-19.
Recent reviews highlight that integrating imaging data with
clinical metadata and using frameworks such as transform-
ers and graph neural networks has become a leading strategy
for robust clinical decision-making. These architectures en-
able the fusion of heterogeneous data sources, improving the
translation of AI models to real-world clinical settings and
outperforming unimodal approaches (Simon et al. 2025).

Despite these advances, bias and fairness remain cen-
tral concerns in COVID-19. Systematic reviews and inter-
national collaborations have documented that AI models in
medical imaging are susceptible to various forms of bias,
including those arising from demographic imbalances, data
collection, and model deployment. These biases can com-
promise patient outcomes and perpetuate health disparities
if not proactively addressed (Koçak et al. 2025). (Xu et al.
2024) further emphasize that deep learning models often ex-
hibit performance disparities across subgroups, such as age,
sex, and ethnicity, and call for systematic fairness evaluation
and mitigation strategies in medical image analysis.

A growing body of research is now focused on algorith-
mic approaches to fairness, including causal disentangle-
ment and representation learning. Recent surveys categorize
these methods into data augmentation, adversarial learning,
disentangled representation learning, and causality-based
approaches, all aimed at reducing bias and improving gen-
eralizability in biomedical AI (Yang et al. 2024). Causal
machine learning, in particular, has gained traction for its
ability to model and control for confounding variables, en-
abling more robust and interpretable predictions in health-
care (Sanchez et al. 2022).

In the context of COVID-19, explainable and fair AI
models are especially critical. (Sun, Akman, and Schuller
2025) introduced CapsCovNet, a modified capsule network
for COVID-19 diagnosis from multimodal medical imag-
ing, demonstrating the value of integrating multiple data
types for improved accuracy and interpretability. Mean-
while, (Schouten et al. 2025) developed a deep learning
system that predicts COVID-19 outcomes using multimodal
data but also highlighted the scarcity of external validation
and the need for fairness-aware model evaluation.

Recent literature and comprehensive reviews further un-
derscore the paradigm shift toward multimodal AI in health-
care, noting both the technical challenges and the opportu-
nities for improving health intelligence (Bhambhoria et al.
2023). (Simon et al. 2025; Xu et al. 2024) both point out that
while multimodal models generally outperform unimodal
ones, issues such as data scarcity, inconsistent taxonomy,
and lack of fairness evaluation persist.

Finally, (Mukherjee and Summers 2024) highlighted the
importance of explicitly modeling and controlling for dis-
ease severity and other confounders to achieve fairness in
medical imaging AI. Algorithmic fairness in medicine is
increasingly being addressed through causal representation
learning, which separates disease relevant features from con-
founding and sensitive factors, thereby improving both ro-
bustness and equity.

Fairness in Medical AI
Bias in COVID-19 data has been extensively documented
across applications from diagnostic imaging (Larrazabal
et al. 2020) to clinical decision support (Obermeyer et al.
2019). Gender bias in chest CT scans interpretation (De-
Grave, Janizek, and Lee 2021) and racial bias in clinical risk
prediction (Obermeyer et al. 2019) demonstrate the perva-
sive nature of these issues.

Recent mitigation efforts include adversarial training for
fair medical image analysis (Glocker et al. 2023) and fair-
ness constraints in cardiac image segmentation (Puyol-
Antón et al. 2021). However, these approaches primarily fo-
cus on single-modal data and do not address the complex
causal relationships present in multimodal clinical datasets.

Causal Fairness
Causal approaches to fairness have gained attention for their
principled treatment of bias (Kusner et al. 2017). Key frame-
works include counterfactual fairness (Kusner et al. 2017),
path-specific fairness (Nabi and Shpitser 2018), and individ-
ual fairness through causal modeling (Russell et al. 2017).

While (Zhang, Lemoine, and Mitchell 2018) and (Kilber-
tus et al. 2017) have developed causal frameworks for ma-
chine learning, their application to multimodal medical data
remains limited. Our work bridges this gap by developing
causal intervention strategies specifically for COVID-19.

Subgroup Fairness
Subgroup fairness extends classical fairness by requiring eq-
uitable performance not only across broad protected groups
but also within finer intersections of features. Standard par-
ity metrics like demographic parity or equalized odds can
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miss harms to smaller subpopulations, a problem known as
fairness gerrymandering (DeGrave, Janizek, and Lee 2021;
Obermeyer et al. 2019). By auditing disparities across over-
lapping subgroups, subgroup fairness ensures that “minori-
ties within minorities” are not disproportionately penalized,
an especially critical concern in healthcare imaging where
systematic under- or over-prediction can translate into un-
equal diagnostic accuracy and treatment access. Figure 1
shows PPRs by Country × Age Bin. Countries such as
China, Portugal, and Turkey have near-perfect positive pre-
dictions (PPR≈ 1.0), while Russia remains below 0.2 across
all ages. Iran displays an age gradient (0.53 to 0.90). These
disparities signal fairness issues: cross-country gaps violate
demographic parity and age-based variation within Iran sug-
gests unequal error rates, a violation of equalized odds.

Concept Bottleneck Models
Concept Bottleneck Models (CBMs) enhance interpretabil-
ity by routing predictions through human-understandable
concepts (Koh et al. 2020). Recent advances include
causally reliable CBMs (Mahinpei et al. 2021) and hybrid
approaches that fuse multimodal data (Yang et al. 2022). Our
work extends CBMs with causal graph theory for fairness
applications.

Methodology
Problem Formulation
Let XI ∈ R224×224×3 represent chest CT scans and C ∈
R5 represent the concept vector containing normalized age,
gender encoding, country encoding, institution encoding,
and COVID-19 status. Our goal is to learn a predictor that is
both accurate and fair with respect to protected attributes.

We model the causal relationships between concepts us-
ing a directed acyclic graph (DAG) where:

Age→ COVID (1)
Gender→ COVID (2)

Country→ Institution→ COVID (3)

This structure captures the clinical reality that age and
gender directly influence COVID-19 risk, while geographic
location affects institutional assignment, which in turn may
introduce systematic bias in diagnosis.

Data Preprocessing and Normalization
Our preprocessing pipeline ensures consistent representa-
tion across all concepts:

Categorical Encoding: Country and institution attributes
are encoded and normalized by their maximum values to en-
sure [0, 1] range:

ccountry =
Country encoded

max(Country encoded)
(4)

cinstitution =
Institution encoded

max(Institution encoded)
(5)

Image Processing: CT-Scan images undergo standard
preprocessing to ensure consistent representation. Images

are first resized to 224×224 pixels and center-cropped to
maintain a consistent field of view across all samples. The
pixel values are then normalized using ImageNet statistics
with mean µ = [0.485, 0.456, 0.406] and standard devia-
tion σ = [0.229, 0.224, 0.225] to leverage pre-trained fea-
ture representations.

Concept Clipping: All concept values are clipped to the
[0, 1] range to prevent gradient instabilities during train-
ing and ensure consistent concept representation across the
causal graph.

Causal Concept Bottleneck Model Architecture
Our C2BM implementation follows a structured approach
based on the causal graph topology, as illustrated in Figure
2. The causal structure is defined as:

Our C2BM implementation follows a structured approach
based on the causal graph topology. The causal structure is
defined in Table 1 as:

Concept Index Parents
Age 0 None (source)
Gender 1 None (source)
Country 2 None (source)
Institution 3 Country (2)
COVID 4 Age (0), Gender (1), Institution (3)

Table 1: Causal graph structure with parent relationships.
Institution intervention at c3 = 0.5 blocks the Coun-
try→Institution→COVID pathway.

Feature Extraction: ResNet18 backbone extracts 512-
dimensional image features:

h = ResNet18(XI) ∈ R512 (6)

Concept Encoding: Features are projected to concept-
specific representations:

U = Linear512→320(h) ∈ R5×64 (7)

where each concept receives a 64-dimensional encoding
ui ∈ R64.

Causal Prediction: Concepts are predicted according to
topological ordering:

For source concepts (Age, Gender, Country):

ci = σ(MLPi(ui)) (8)

For Institution (with Country as parent):

c3 = σ(θ3 · c2), θ3 = MLP3(u3) (9)

For COVID (with Age, Gender, Institution as parents):

c4 = σ(θT
4 [c0, c1, c3]), θ4 = MLP4(u4) (10)

Meta-Network Architecture: Each meta-network fol-
lows a consistent architectural design optimized for concept
prediction. The networks receive 64-dimensional concept
encodings as input and process them through a hidden layer
containing 32 neurons with ReLU activation. To prevent
overfitting, we apply dropout regularization with a rate of
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Figure 1: Heatmap showing significant inter-country disparities and age-related variation, particularly high predictions in China
and Portugal and low predictions in Russia

0.5 during training. The output layer dimensionality varies
based on the concept’s role in the causal graph: source con-
cepts (those without parents) require a single output neuron,
while non-source concepts require |Pa(ci)| neurons corre-
sponding to their parent weights. All network weights are
initialized using Xavier uniform initialization, while biases
are initialized to zero to ensure stable training dynamics.

Intervention Mechanism
Our intervention strategy targets the Institution concept to
block unfair influence from Country, as detailed in Algo-
rithm 1, which presents the complete forward pass procedure
with intervention capability. The algorithm operates in three
main phases: feature extraction, concept prediction, and in-
tervention application.

The feature extraction phase processes input chest CT
scans through the ResNet18 backbone and projects the re-
sulting 512-dimensional features to concept-specific 64-
dimensional encodings for each of the five concepts in our
causal graph.

The concept prediction phase follows the topological or-
dering of our causal graph, ensuring that parent concepts are
predicted before their children. Source concepts (Age, Gen-
der, Country) are predicted directly from their encodings,
while Institution depends on Country and COVID depends
on Age, Gender, and Institution. The meta-networks learn
appropriate weights for combining parent concept values.

The intervention application phase checks if any concept
is targeted for intervention and replaces its predicted value
with the specified intervention value. For our fairness ap-

plication, we set the institution concept to 0.5 to neutralize
geographic bias while preserving clinical relationships.

The intervention do(cinstitution = 0.5) sets the institution
concept to a neutral value, effectively blocking the Coun-
try→Institution→COVID causal pathway while preserving
direct clinical relationships.

Training Objective and Optimization

Our mixed loss function handles both binary and continuous
concepts appropriately:

Ltotal =
∑

i∈{1,4}

BCE(ci, ĉi) +
∑

j∈{0,2,3}

MSE(cj , ĉj) (11)

where binary concepts (Gender and COVID status) uti-
lize Binary Cross-Entropy loss to handle classification tasks,
while continuous concepts (Age, Country encoding, and In-
stitution encoding) employ Mean Squared Error loss for re-
gression objectives.

Training Configuration: Our training protocol employs
the Adam optimizer with a learning rate of 0.001 and pro-
cesses data in batches of 32 samples. To prevent overfitting
and ensure optimal model selection, we implement early
stopping with a patience of 7 epochs based on validation
F1-score performance. The maximum training duration is
set to 50 epochs, though convergence typically occurs ear-
lier. Regularization is achieved through dropout with a rate
of 0.5 applied within the meta-networks during training.
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Figure 2: C2BM Architecture Overview. The framework processes chest CT scans through ResNet18 feature extraction, fuses
multimodal features, encodes concepts through dedicated networks, applies causal interventions, and generates final COVID-19
predictions while maintaining interpretability through the concept bottleneck.

Computational Complexity Analysis
The computational complexity of our implementation is:

Time Complexity: O(512 · 320 + 5 · 64 · 32) = O(174, 080)
(12)

Space Complexity: O(512 + 320 + 5 · 96) = O(1, 312)
(13)

The ResNet18 backbone dominates computation, while
the concept prediction adds minimal overhead, making the
approach practical for real-time clinical deployment.

Experimental Setup
Dataset
We evaluate on a COVID-19 detection dataset comprising
12,611 chest CT scans with associated clinical metadata af-
ter comprehensive data cleaning. The COVID distribution
includes 45.4% positive cases (5,718 images) and 54.6%
negative cases (6,893 images), providing balanced represen-
tation for diagnostic evaluation. Gender distribution shows
62.0% male patients (7,818 images) and 38.0% female pa-
tients (4,793 images), reflecting typical clinical demograph-
ics. Geographic representation is dominated by Iran (51.5%)
and Russia (46.5%) with minimal representation from other
countries (2.0%), creating substantial imbalances. Age dis-
tribution exhibits a mean of 52.05 years with a standard devi-
ation of 19.56 years, indicating broad coverage across adult
age groups. The dataset exhibits significant demographic
imbalances that create opportunities for biased predictions,
making it ideal for evaluating fairness interventions.

Implementation Details
Architecture: Our implementation employs a ResNet18
backbone for image encoding that extracts 512-dimensional
features, complemented by an MLP for tabular features that
produces 32-dimensional representations. The multimodal
information is processed through five concept encoders,

each generating 64-dimensional outputs corresponding to
our causal graph concepts.

Training: The training protocol utilizes the Adam opti-
mizer with a learning rate of 1e-3 and processes data in
batches of 32 samples. We implement early stopping with
a patience of 7 epochs based on validation performance to
prevent overfitting. Training typically converged within 20-
30 epochs across our experimental runs.

Data Split: We partition the dataset using a 70% training
split (8,827 samples), 15% validation split (1,892 samples),
and 15% test split (1,892 samples). All splits are stratified by
both demographics and outcomes to ensure representative
distribution across data partitions.

Fairness Metrics
We evaluate fairness using established metrics across pro-
tected attributes.

Demographic Parity Difference (DPD) measures the
maximum difference in positive prediction rates across de-
mographic groups:

DPD = max
g∈G

P (Ŷ = 1|S = g)−min
g∈G

P (Ŷ = 1|S = g)

(14)
Disparate Impact (DI) quantifies the ratio between min-

imum and maximum positive prediction rates across groups:

DI =
ming∈G P (Ŷ = 1|S = g)

maxg∈G P (Ŷ = 1|S = g)
(15)

FDRD = max
g∈G

P (Y = 0|Ŷ = 1, S = g) − min
g∈G

P (Y = 0|Ŷ = 1, S = g)

(16)

Higher DI values (closer to 1.0) indicate better fairness,
while lower DPD and FDRD values indicate reduced bias.

Results
Systematic Fairness Progression
Table 2 presents our comprehensive evaluation across four
model variants, demonstrating systematic improvements in
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Algorithm 1: C2BM Forward Pass with Intervention
Input: Image XI , intervention dictionary I
Output: Concept predictions V ∈
R5

h← ResNet18(XI)
U← reshape(Linear(h), [5, 64])
V← [ ] {Initialize concept list}
for i ∈ {0, 1, 2, 3, 4} do
{Topological order}
ui ← U[i]
if i ∈ {0, 1, 2} then
{Source concepts}
logit← MLPi(ui)

else if i = 3 then
{Institution}
θ3 ← MLP3(u3)
logit← θ3 ·V[2] {Country parent}

else if i = 4 then
{COVID}
θ4 ← MLP4(u4)
parents← [V[0],V[1],V[3]] {Age, Gender, Institu-
tion}
logit← θT

4 · parents
end if
vi ← σ(logit)
if i ∈ I then
{Apply intervention}
vi ← I[i]

end if
V.append(vi)

end for
return V

fairness metrics.

Key Findings
Both C2BM (Institution) and C2BM (Country + Institu-
tion) achieve identical optimal performance, demonstrat-
ing substantial age and gender bias reduction by decreas-
ing DPD from 51.15% to 18.50% (64% improvement) while
maintaining F1-score at 98.45%. These interventions per-
form identically because Institution completely mediates the
Country → COVID pathway in our causal graph. When we
intervene on Institution (setting it to 0.5), this blocks all
country-level influence on COVID predictions, making ad-
ditional country intervention redundant. The identical per-
formance between institution-only and combined country-
institution interventions confirms that institution interven-
tion effectively captures country-level effects due to the di-
rect Country → Institution causal relationship. This vali-
dates our causal model design and confirms both approaches
as optimal solutions for bias mitigation. Gender fairness
achieves significant results with disparate impact improv-
ing from 0.6475 to 0.9812, representing a 51% improvement
and approaching the fairness threshold. While country bias
remains challenging due to fundamental data imbalances,
we achieve meaningful improvements with DI increasing

from 0.1246 to 0.1968, representing a 58% improvement de-
spite geographic data skew. The diagnostic F1-score remains
at 98.42%, demonstrating that fairness improvements do not
compromise clinical utility and that accuracy-fairness trade-
offs can be effectively managed with only a 0.06 percentage
point reduction.

Statistical Significance and Robustness
Chi-squared tests confirm the statistical significance of our
fairness improvements across all demographic groups. Gen-
der fairness achieved near-statistical independence with p-
value approaching 0.8, indicating that prediction outcomes
are largely independent of gender after our intervention.
Age bias shows substantial reduction in demographic de-
pendence, with statistical tests confirming meaningful im-
provement in prediction parity across age groups. Country
bias demonstrates meaningful improvement, though some
dependence remains due to inherent data imbalances be-
tween Iran and Russia in our dataset. The consistency of
our results across the 15% held-out test set (1,892 samples)
demonstrates the robustness of our approach and suggests
good generalization to unseen data.

Ablation Studies
Table 3 demonstrates the progressive contribution of indi-
vidual components in our C2BM framework. The baseline
Concept Bottleneck Model without any fairness interven-
tions exhibits substantial bias with both gender and age DPD
at 0.5115, indicating significant demographic disparities in
prediction outcomes. The addition of institution interven-
tion provides the most dramatic improvement, reducing both
metrics to 0.1850. This represents a 64% reduction in bias
and demonstrates the effectiveness of targeting the institu-
tional pathway for fairness enhancement.

The inclusion of explicit causal graph structure further re-
fines the fairness metrics, achieving slight improvements to
0.1779 for both age and gender DPD by ensuring proper
topological ordering and parent-child relationships in con-
cept prediction. The implementation of mixed loss func-
tions, utilizing BCE for binary concepts and MSE for con-
tinuous concepts, provides additional stability with gender
DPD at 0.1823 and age DPD at 0.1834, showing that appro-
priate loss function selection contributes to consistent fair-
ness outcomes.

Dropout regularization with a rate of 0.5 in the meta-
networks offers modest but meaningful improvements, re-
ducing overfitting and enhancing generalization with gen-
der DPD at 0.1812 and age DPD at 0.1821. The final
country-institution combined intervention achieves our opti-
mal results at 0.1850 for both metrics, representing the best
balance between fairness improvement and model stability
across multiple experimental runs.

Positive Prediction Rate Transparency Analysis
Our comprehensive PPR analysis demonstrates that the
C2BM model achieves exceptional fairness by reducing
real-world demographic disparities while maintaining diag-
nostic sensitivity across all patient populations. The model
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Model Variant Age Fairness Gender Fairness Country Fairness F1-Score
DPD DI FDRD DPD DI FDRD DPD DI FDRD

Original Multimodal 0.5115 0.6475 0.30 0.5115 0.6475 0.30 0.8754 0.1246 0.40 98.48%
C2BM (Institution) 0.1850 0.7277 0.10 0.1850 0.9812 0.05 0.5726 0.1968 0.25 98.45%
Manual Graph 0.1879 0.8262 0.09 0.1879 0.9911 0.045 0.5821 0.2199 0.29 98.49%
C2BM (Country + Inst.) 0.1850 0.7277 0.10 0.1850 0.9812 0.05 0.5726 0.1968 0.25 98.45%

Table 2: Comprehensive fairness evaluation across model variants. Both C2BM with institution and combination Country +
Institution interventions achieves optimal stable fairness with minimal accuracy loss. Bold indicates best performance.

Component Gender DPD Age DPD
Baseline CBM 0.5115 0.5115
+ Institution Intervention 0.1850 0.1850
+ Causal Graph Structure 0.1779 0.1779
+ Mixed Loss Function 0.1823 0.1834
+ Dropout Regularization 0.1812 0.1821
+ Country-Institution Combined 0.1850 0.1850

Table 3: Detailed ablation study showing the progressive contribution of each component in the C2BM framework. Each
addition contributes to the overall fairness improvement, with the combined country-institution intervention providing optimal
stable performance.

transforms ground truth disparities into more equitable pre-
dictions: reducing age-related disparities by 52% (from
13.0% to 6.3% DPD), achieving near-perfect gender parity
(0.6% DPD compared to 1.0% in ground truth).

Discussion
Clinical Implications and Healthcare Impact
Our results demonstrate that significant bias reduction is
achievable while maintaining diagnostic accuracy, which
has profound implications for clinical deployment and
healthcare equity. The 64% reduction in age and gender bias
while preserving 98.45% diagnostic F1-score represents a
meaningful advancement toward equitable COVID-19 sys-
tems that can be trusted across diverse patient populations.

Reduced demographic bias helps ensure consistent diag-
nostic quality across patient populations, potentially reduc-
ing health disparities that have long plagued healthcare sys-
tems. Our intervention particularly addresses the concern-
ing pattern where elderly patients were receiving dispropor-
tionately fewer positive COVID-19 diagnoses compared to
younger patients, potentially leading to underdiagnosis and
delayed treatment. The post-intervention balance represents
a clinically meaningful improvement that could translate to
more appropriate care for vulnerable populations.

Our framework directly addresses emerging regulatory re-
quirements for fair AI in healthcare, including recent FDA
guidance on algorithmic bias assessment and the European
Union’s AI Act provisions for high-risk medical applica-
tions. The quantifiable bias metrics (DPD, DI, FDRD) pro-
vide concrete evidence of fairness improvements that can
satisfy regulatory scrutiny, while the reproducible results
demonstrate the reliability needed for regulatory approval
processes. The minimal computational overhead (approxi-
mately 14% increase in training time) makes our approach

practical for real-world clinical deployment without signifi-
cant infrastructure changes.

Fair AI systems may achieve greater acceptance among
clinicians and patients from underrepresented groups, facili-
tating broader deployment and improving trust in automated
diagnostic tools across diverse patient populations. Our sta-
tistical analysis showing near-independence between gender
and prediction outcomes provides empirical evidence that
can be communicated to stakeholders to build confidence in
system fairness.

Technical Insights and Methodological
Contributions
The Country → Institution → COVID pathway proved
highly effective for bias mitigation, providing empirical
validation for institutional mediation theories in COVID-
19 bias. Our intervention specifically targets the system-
atic differences in imaging protocols, patient populations,
and diagnostic patterns across institutions that can intro-
duce geographic bias. The 58% improvement in country-
level disparate impact demonstrates that even fundamental
data imbalances can be partially addressed through princi-
pled causal intervention.

Gender bias responded more dramatically to our interven-
tions, with DI improving from 0.6475 to 0.9812, compared
to country bias improvement from 0.1246 to 0.1968, reveal-
ing important insights about underlying causal mechanisms.
Gender bias appears to be primarily mediated through in-
stitutional pathways, making it highly responsive to our in-
tervention strategy. Country bias, while improved, remains
more challenging due to fundamental differences in dis-
ease prevalence, healthcare systems, and imaging equipment
across geographic regions.

The minimal accuracy cost, with only a 0.06 percentage
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Demographic Group Size Ground Truth PPR Model PPR

Age
Young (10-41) 4,570 42.6% 46.9%

Middle-aged (42-60) 3,986 53.5% 40.5%
Older (61-96) 4,055 40.5% 43.0%

Gender Female 4,793 44.7% 46.0%
Male 7,818 45.7% 45.1%

Country Iran 6,493 72.1% 72.1%
Russia 5,865 13.4% 14.6%

Table 4: Positive Prediction Rate analysis showing model performance compared to ground truth demographic distributions.
Values represent actual experimental results.

point F1-score reduction, demonstrates that targeted causal
interventions can achieve substantial fairness improvements
without significant clinical utility loss. This finding chal-
lenges the common assumption that fairness necessarily
comes at the cost of accuracy in COVID-19 systems. Our fo-
cused country-institution intervention strategy proves more
practical for deployment than complex multi-pathway ap-
proaches while still achieving meaningful bias reduction
across multiple demographic dimensions.

The meta-network architecture with 64-dimensional con-
cept encodings and mixed loss function approach (BCE for
binary concepts, MSE for continuous concepts) enables ef-
fective handling of heterogeneous concept types while main-
taining training stability. The intervention value of 0.5 repre-
sents an optimal balance point that neutralizes institutional
bias without overcorrecting or introducing new forms of dis-
crimination.

Broader Implications for COVID-19 Fairness
Our framework’s success in COVID-19 detection suggests
broader applicability to other medical imaging tasks where
demographic bias is a concern. The causal intervention
principle can be adapted to address bias in mammogra-
phy screening, dermatology AI, and cardiology applications.
The concept bottleneck approach provides a general frame-
work for incorporating domain-specific causal knowledge
into COVID-19 systems.

The effectiveness of institutional intervention suggests
that multi-site COVID-19 deployments may require site-
specific fairness calibration. Our approach provides a tem-
plate for addressing institutional heterogeneity while main-
taining system-wide fairness standards. Healthcare networks
could implement institution-specific intervention parameters
while sharing common model architectures.

Our results highlight the critical importance of demo-
graphic balance in training data. The persistent country-level
bias despite intervention suggests that certain fairness goals
may require fundamental changes to data collection strate-
gies rather than algorithmic solutions alone. Future COVID-
19 datasets should prioritize demographic representative-
ness as a core quality metric alongside traditional accuracy
measures.

The concept bottleneck approach enhances model in-
terpretability by routing predictions through human-
understandable concepts. Clinicians can examine individual

concept activations to understand model reasoning and iden-
tify potential bias sources. This transparency is crucial for
clinical trust and regulatory compliance in high-stakes med-
ical decisions.

Conclusion
We presented a focused Causal Concept Bottleneck Model
framework for achieving fairness in multimodal COVID-19
through targeted country-institution interventions. Our ap-
proach demonstrates that strategic causal interventions can
achieve substantial and reproducible bias reduction, with
64% improvement in age and gender fairness metrics and
58% improvement in country-level fairness, while maintain-
ing clinical utility with a 98.45% F1-score. The minimal ac-
curacy cost of only 0.06 percentage points demonstrates that
fairness and diagnostic performance are not mutually exclu-
sive when proper causal reasoning is applied.

Key contributions include the identification of effective
and stable causal pathways for bias mitigation, specifically
targeting the Country→Institution→COVID pathway that
mediates geographic bias in COVID-19 systems. Our sys-
tematic evaluation across multiple fairness metrics provides
practical insights for deploying fair AI systems in healthcare
settings, with clear evidence that institutional interventions
can address demographic disparities without compromising
clinical decision-making quality. The framework provides
a balanced approach to fairness that maintains diagnostic
accuracy while addressing critical demographic disparities
through principled causal intervention.

Our work establishes that focused causal reasoning can
enable practical and reproducible fairness-accuracy trade-
offs in clinical AI systems, contributing to more equitable
healthcare AI deployment across diverse patient popula-
tions. The systematic evaluation methodology and clear in-
tervention strategy facilitate adoption in real-world clini-
cal settings by providing quantifiable metrics and evidence-
based approaches to bias mitigation. The reproducibility of
our results across multiple experimental runs demonstrates
the stability and reliability of the proposed approach for
practical implementation.
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