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Abstract 

Machine learning (ML) systems ‌‌for medical imaging have demonstrated remarkable 

diagnostic capabilities. However, their susceptibility to learning spurious correlations 

with sensitive attributes poses significant risks to fairness and safety. In this paper, 

we introduce a novel statistical framework to evaluate the dependency of medical 

imaging ML models on sensitive attributes, such as demographics. Our method lever-

ages the concept of counterfactual invariance, measuring the extent to which a mod-

el’s predictions remain unchanged under hypothetical changes to sensitive attributes. 

We present a practical algorithm that combines conditional latent diffusion models 

with statistical hypothesis testing to identify and quantify such biases without requir-

ing direct access to counterfactual data. On synthetic benchmarks, our framework 

correctly identifies 96.1% of biased models while producing false alarms on 22.0% 

of fair models. On two real-world chest X-ray datasets, CheXpert and MIMIC-CXR, it 

detects bias at average rates 96.3%, 95.7% across all diagnostic tasks when models 

are strongly biased, and its average false alarm rate drops to 15.3%, 14.7%, respec-

tively, for the least biased models, consistently outperforming existing fairness base-

lines and demonstrating strong alignment with counterfactual fairness principles.

Author summary 

Machine learning (ML) systems are increasingly used in medical imaging for 
diagnostic purposes. However, these systems can learn biases from training 
data, leading to disparities in clinical outcomes, particularly across demographic 
groups. Our work addresses this critical issue by introducing a novel statistical 
framework that tests whether an ML model’s predictions change when sensitive 
attributes—such as self-reported race or gender—are altered. We achieve this 
by using latent conditional diffusion models to create realistic image variations. 
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These tools allow us to measure a model’s dependency on sensitive attributes 
and assess its fairness. We validate our method on synthetic and real-world 
medical imaging datasets, demonstrating its effectiveness and alignment with 
counterfactual fairness principles. This approach represents an important step 
towards building trustworthy and unbiased AI systems in healthcare.

Introduction

A major problem in using machine learning (ML) systems for healthcare is that these 
systems exhibit biases leading to disparities in performance for different groups of 
patients [1–4]. For instance, patients from certain demographic groups may face a 
higher likelihood of misdiagnosis, such as false positives or false negatives. One pos-
sible reason for this problem is that AI models inadvertently learn and amplify existing 
confounding effects from the training data [5].

With recent evidence that ML models can identify demographic factors such as 
age, sex, and racial identity from medical images [5]—a skill beyond human capa-
bilities—tracking confounding effects contained in medical imaging ML models is 
non-trivial [5–10]. Although the exact mechanisms of demographic group member-
ship prediction remain unclear [5], the observable capability suggests that AI models 
can learn to correctly correlate certain features from medical image data to real-world 
demographic attributes [11], relying on proxies or imaging-related surrogate covari-
ates that correlate with specific attributes. These learned correlations, which may 
represent unfair treatment and discrimination in the real world, can distort a model’s 
performance and induce harmful biases [12]. When applied in clinical practice, mod-
els entailing such undetected biases may result in underdiagnosis and, thus, under-
treatment [13].

In this paper, we present a new framework to assess the dependency of imaging 
AI models’ predictions on sensitive attributes, such as demographics. This framework 
allows us to evaluate whether a diagnostic model has learned to interpret certain 
visual features as indicators for sensitive attributes, and use these interpretations for 
its predictions, even if there is no causal relationship between these sensitive attri-
butes and the development of a disease. Our approach is grounded in the notion of 
counterfactual invariance [14–17]. Intuitively, counterfactual invariance measures the 
extent to which a model’s prediction remains unchanged when an attribute is altered. 
Counterfactual invariance explicitly removes the natural dependence between A and 
its causes, ensuring that the relationship between A and the model’s predictions is 
not confounded by factors upstream of A.

Our contribution lies in the design of a novel procedure that operationalizes coun-
terfactual invariance in practice. Specifically, we leverage conditional latent diffusion 
models with disentangled representations to generate high-quality counterfactual 
images that selectively alter sensitive features while preserving disease-relevant 
information. This enables the use of well-established statistical tests (e.g., the paired 
t-test for binary classification outputs, or the Kolmogorov–Smirnov test for continuous 
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outputs) to formally assess whether model predictions are invariant to interventions on sensitive attributes. Experimental 
results on both synthetic and real-world medical imaging datasets, i.e., CheXpert and MIMIC-CXR, demonstrate that this 
framework adheres closely to the counterfactual invariance principle and outperforms existing baselines.

Related work

Fairness in medical machine learning

In recent years, fairness has emerged as an area of focus within the machine learning community. One of the earliest 
fairness metrics in machine learning is fairness through unawareness, which ignores protected attributes like self-reported 
race and gender. However, this can be ineffective since protected attributes are often encoded in other features [18]. 
Demographic Parity (DP) refers to the statistical parity of outputs between demographic groups but has been criticized for 
practically not ensuring fairness [18,19], making it unsuitable for medical classification cases. Equality of opportunity (EO) 
aims for individual fairness but relies on similarities between cases, which are difficult to define in practice [19,20]. Coun-
terfactual fairness (CF) offers an alternative by ensuring decisions are the same in both real and counterfactual worlds 
where demographics differ [21,22].

Several works have broadly discussed the application of AI fairness on medical datasets. [23] offers a review on fair-
ness in medical imaging but does not propose a novel evaluation method, focusing only on association-based metrics like 
DP/EO. [24] investigates the role of demographic encodings and shares a similar fairness goal, but relies on EO, which 
this work critiques. [25] uses explainability tools to analyze predictions of protected attributes but lacks a quantitative bias 
measure. [26] explores encoding and performance disparities but introduces no new methodology, unlike the statistical 
testing framework proposed in this work. To summarize, existing methods either rely on non-causal metrics or lack a 
quantified test framework.

Counterfactual invariance

Counterfactual invariance broadly refers to the desirable property that a model’s predictions remain unchanged when irrel-
evant aspects of the input are hypothetically altered. Various notions of counterfactual invariance have been proposed in 
recent years. Almost sure counterfactual invariance means that a variable remains unchanged almost surely, with respect 
to changes to another variable [27]. [14,28] study functional counterfactual invariance. According to this definition, a func-
tion is considered counterfactually invariant if its output behaves in the same way as in almost sure counterfactual invari-
ance. Distributional counterfactual invariance [28], on the other hand, requires that the probability distribution of outcomes 
remains the same under different interventions, rather than the outcomes themselves. Finally, [29] studies a generalization 
of distributional counterfactual invariance, by considering conditional distributions instead.

A key approach to achieving a predictive model that is counterfactually invariant is learning counterfactual invariant 
representations [29,30]. [30] introduces a neural representation that satisfies certain conditional independence conditions. 
However, their method uses the Hilbert-Schmidt norm of the kernel covariance as penalty during training. This method is 
a training-time regularizer rather than a post hoc procedure for quantifying invariance in a fixed pretrained model. Hence, 
it does not apply to the present problem setting. Furthermore, this approach may suffer from high variance, and it may be 
inapplicable to high-dimensional settings. As for the paper by [29], its method targets counterfactual invariance during the 
training phase. In contrast, the proposed method quantifies counterfactual invariance in a pretrained model.

Related but methodologically distinct invariance-auditing work is also relevant. PreCOF [31] uses predictive counterfac-
tual explanations to detect explicit and implicit bias, but is primarily designed for tabular black-box models and does not 
provide a statistical test of invariance. Vision-based auditing approaches using generated counterfactual images include 
generative counterfactual face attribute augmentation [32], attribute-perturbed encoder-decoder network [33], and Deep-
SCM-based approach like [34]. However, these approaches remain distinct from the present setting: [33] uses ad hoc 
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slope-based sensitivity analysis and lacks a formal testing pipeline; [34] assumes a specified causal graph and structural 
equations, targets bias scoring and mitigation rather than hypothesis testing. By contrast, the proposed framework is 
tailored to pretrained medical imaging models and combines high-quality latent-diffusion counterfactuals with standard 
statistical tests to assess invariance under interventions on sensitive attributes.

Diffusion-based generative models

Diffusion-based generative models [35,37,54] have achieved notable success in recent years across a variety of appli-
cations. While a comprehensive review is beyond the scope of this work, this paper briefly highlights a few key works 
relevant to our setting. For a more detailed overview, the authors refer the interested reader to, e.g., [36]. [37] introduced 
diffusion models with a convolutional architecture. [38] extended this to discrete diffusion models, achieving competitive 
results. [39] improved the reverse diffusion process by estimating noise, while [40] introduced better noise scheduling 
for faster sampling. [41] replaced the Markov process with a non-Markovian one, leading to faster sampling. In condi-
tional generation, [42] introduces classifier guidance, while [43] proposes diffusion models that are conditioned on self-
supervised representations. [44,45] focus on generating images from low-density regions and using VAEs for controllable 
image generation, respectively. [46] introduces Cascaded Diffusion Models for high-resolution image generation.

Methods

Overview

Our approach evaluates whether a medical AI model relies on sensitive attributes, such as the self-reported race or 
sex, when making predictions. The central idea is to ask a simple question: Would the model’s prediction change if the 
same patient had a different demographic attribute, while everything else remained identical? Since such data cannot 
be observed in reality, we use a generative framework to simulate it. First, each medical image is mapped into a latent 
representation. Within this representation, we separate (disentangle) the information related to the sensitive attribute from 
the information that encodes clinical content such as anatomy or disease markers. This separation allows us to adjust 
the sensitive attribute while keeping all other medical factors unchanged. The generative model then reconstructs a new 
version of the image from the modified representation. If predictions differ, this indicates that the model is not invariant to 
the attribute, signaling potential bias. This overview captures the intuition behind our method, while the following sections 
provide the formal causal definition, model architecture, and statistical testing procedure.

The remainder of this section develops these ideas in detail: Sec. introduces the framework and the notion of invari-
ance that motivates our approach, while Sec. presents the disentangled conditional latent diffusion model that enables the 
generation of realistic alternative images. Finally, we describe how these components are combined into an algorithm for 
detecting model reliance on sensitive attributes (Sec.).

Background on counterfactual invariance

We aim to evaluate whether a predictive model relies on a sensitive attribute, such as the self-reported race, when making 
decisions. Conceptually, this means asking whether the model would give the same prediction for a patient if only their 
chosen sensitive attribute were different, while all other clinical information stayed the same. To formalize this idea, we 
adopt the notion of counterfactual invariance (CI), grounded in the framework of probabilistic causality and structural 
causal models (SCMs, see [47,48]). In this framework, each dataset is viewed as a collection of random variables (r.v.s) 
generated by a structural equation model, where directed edges represent functional dependencies among variables. The 
causal structure of the dataset is defined by direct causal effects, i.e., distributional changes induced by interventions on 
the data-generating process (DGP) [48]. An intervention amounts to actively manipulating the generative process of a fea-
ture in the dataset, without altering the remaining components of the DGP. In this work, we consider perfect interventions 
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A ← a, by which the values of a feature A are set to a constant A ≡ a. We use the standard notation do(A = a) to denote 
such an intervention.

We propose to test the robustness of a ML model using the notion of CI. In our setting, CI is a state in which an ML 
model’s predictions remain unchanged when, in a hypothetical scenario, a specific input variable is altered. As a  
property of an ML model, CI applies to specific features of the input. For instance, if an ML model is counterfactually 
invariant to the racial input variable, the prediction for a given input should remain the same regardless of whether the 
racial variable changes from, say, “Black” to “White.” It is important to note that race and racial identity can be difficult attri-
butes to define in practice [49]. In this work, we define self-reported race as a social, political, and legal construct, shaped 
by the interaction between how others perceive an individual and their own self-identification. For our experiments, we 
rely on patients’ self-reported race. Crucially, the do(A = a) operation represents a hypothetical and purely computational 
manipulation and thus does not imply or advocate altering any real individual’s racial identity. Following [21,29], a model 
f is said to be counterfactually invariant with respect to an attribute A if, for any input X with features Z = z, its predicted 
outcome ŷ satisfies:

	 E[ŷ | do(A = a),Z = z] = E[ŷ | do(A = a′),Z = z]	 (1)

for any possible value a′  of the attribute A.
Invariance via generative models.  The definition of invariance in Eq. (1) is theoretical, since post-interventional 

(counterfactual) distributions cannot be directly observed: we never see the same individual under two different 
demographic attributes. To approximate these unobservable quantities, we rely on causal generative models, which 
provide a principled mechanism for simulating interventions when real counterfactual data are unavailable [50,51]. 
To translate this theoretical notion of counterfactual invariance into a practical image-generation setting, we make the 
following assumptions:

1.	Data-generating process. We assume that each observed image x is produced by an underlying generative process 
that depends on two types of factors: a sensitive attribute a (e.g., self-reported race) and a set of other, independent 
factors z (e.g., anatomy, imaging conditions, or noise). Formally, x = g(a, z), where g is an unknown function describing 
how these factors combine to form an image. Changing a while keeping z fixed corresponds to a hypothetical interven-
tion on the attribute while holding all other aspects constant.

2.	Latent representation. We assume the existence of an approximate inverse mapping h that can recover the 
attribute-invariant factors z from an observed image x, i.e., z ≈ h(x). This representation z captures the information in 
the image that is independent of a, while discarding information specific to the sensitive attribute.

3.	Learnability via conditional diffusion. We assume that these mappings g and h can be jointly approximated by a 
conditional latent diffusion model. In particular, the model learns to encode images into attribute-invariant representa-
tions z and to generate counterfactual images x̂a′ = g(a′, z) corresponding to new attribute values a′ .

These assumptions naturally motivate the design of our generative model. In practice, we parameterize these functions 
using deep neural networks, as described in Sec..

Disentangled conditional latent diffusion models

Overview.  We introduce the Disentangled Conditional Latent Diffusion Model (DCLDM), a conditional latent 
diffusion framework designed to learn latent representations that separate (disentangle) sensitive attributes from 
other image factors. Intuitively, a DCLDM represents each image in a latent space where the attribute of interest can 
be modified independently of all other visual characteristics. Similar to latent diffusion models [52–55], DCLDMs are 
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generative models that perform diffusion processes in a lower-dimensional latent space, enabling efficient and scalable 
generation of high-quality images [56].

Model structure.  A DCLDM consists of an encoder–decoder pair (Eβ ,Dη) that maps images to and from the 
latent space, a diffusion process (qθ, pθ) that operates in this space, and a nonlinear transformation ϕλ,δ  that enforces 
disentanglement with respect to the conditioning attribute. The encoder maps an input image x to a latent representation 
z0 = Eβ(x), and the transformation z̃0 = ϕλ,δ(z0) produces an attribute-invariant code. The forward process qθ  
progressively adds noise to z̃0  over multiple steps, while the reverse process pθ  learns to denoise these samples 
conditioned on the attribute value A = a. The nonlinear transformation is defined as

	
ϕλ,δ(z0) = z0 + λ

mδ(z0)
∥mδ(z0)∥

,
	

where mδ  is a perturbation network with the same architecture as a U-shaped CNN. This transformation shifts z0  in a 
direction that reduces its dependence on the sensitive attribute.

Why can ϕλ, δ  enforce disentanglement? The perturbation network mδ  can be interpreted as a learned  
attribute-removal direction: for each latent representation z0 , it predicts the direction along which we should shift z0  to 
make it less informative about the sensitive attribute A. This is done by minimizing an approximated mutual information 
between the representation Z̃0  and A, namely I(Z̃0,A). The normalization in ϕλ,δ  ensures that λ controls the step size of 
this shift, so the transformation changes in a controlled way.

Architecture.  The encoder Eβ  and decoder Dη  consist of convolutional layers with downsampling and upsampling 
blocks, respectively, linked by skip connections to preserve spatial information. The diffusion model uses a U-Net 
architecture [57] for the noise estimator ϵθ(zt, t, a), augmented with cross-attention layers [54] to incorporate the 
conditioning attribute during denoising.

Training.  The training of DCLDM involves two phases. In the first phase, the encoder Eβ  and the decoder Dη  are 
trained to minimize the standard ELBO loss as in [58]. In the second phase, the weights of the encoder and decoder are 
frozen and the images are mapped into the latent vectors using the trained encoder. Then the diffusion model (pθ, qθ) is 
trained in the conditional latent space using the conditioned ELBO losses of the diffusion process [52–55].

After the model is trained, we train the nonlinear transformation ϕλ,δ : z0 → z̃0  to disentangle representations. Following 
[59], this transformation is learned by minimizing an estimate of the mutual information I(Z̃0;A) between the disentangled 
latent code Z̃0  and the sensitive attribute A. This encourages the transformed representation to be statistically indepen-
dent of the attribute it was conditioned on (see Sec. 4.2 in S1 Appendix for training details).

Generation.  Once the diffusion model is trained in the latent space, it can generate latent representations for a 
given class label a and an arbitrary random noise z̃T  as ẑ0 ∼ pθ(z | z̃T, a) using its reverse process. Then, DCLDM 
generates an image x̂ using the decoder Dη , by applying the decoder x̂a = Dη(ẑ0) to the latent sample ẑ0 . Since the 
denoised representation ẑ0  is from the conditional latent space specified by a, the reconstructed image also has class 
label a.

The proposed algorithm

We provide a practical algorithm to test counterfactual invariance from samples using latent representations of a DCLDM. 
This algorithm is based on the following theorem.

Theorem 1. Consider a classifier f, e.g., a diagnostic model, with {c1, . . . , cn} classes. Denote with {p1(x), . . . , pn(x)} the 
probability distribution over classes for an input image x. Following the notation introduced in Fig 1, denote with x̂a  the 
point generated by a DCLDM from a latent representation z, conditioned on an attribute A = a. Furthermore, denote with 
f(x̂a) the prediction of f on a generated image x̂a . Define the quantity
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Avg(z, a) :=

C∑
i=1

ci · pi(x̂a).
	

Then, the model f is counterfactually invariant with respect to an attribute A if and only if it holds

	

E[f(x̂a) · Avg(z, a)︸ ︷︷ ︸
LHSz,a

] = E
[∑
â∈A

f(x̂â) · Avg(z, â)

︸ ︷︷ ︸
RHSz

]
.

	 (2)

In this formula, the expected values are taken for varying a and z.
The proof of this theorem leverages the causal graph structure and the concept of a valid adjustment set to estab-

lish conditional independence, which, combined with the law of total expectation and properties of conditional variance, 
demonstrates the equivalence stated in the theorem (see Sec. 1 in S1 Appendix for a detailed proof).

Algorithm 1. CIT-LR: Conditional Independence Test via Latent Representations

1: Input: Training data Dtrain, test data Dtest, predictive model f
2: Output: p-value testing whether f is counterfactually invariant in A.

3: //Step 1: Learn latent representations
4: Train a DCLDM on Dtrain with disentangled representations;

5: //Step 2: Estimate test statistics
6: for each test sample x,a ∈ Dtest do
7:   Generate counterfactual images x̂â for all attributes â ∈ A;
8:   Compute the quantities LHSz,a = f(x̂a) · Avg(z,a) and RHSz =

∑
â∈A f(x̂â) · Avg(z, â)

9: end for

10: //Step 3: Perform statistical test
11: Apply a statistical test to determine if LHSz,a = RHSz;
12: return resulting p-value;

Theorem 1 provides a sample-based criterion for evaluating whether a model exhibits counterfactual invariance with 
respect to an attribute A, by linking the model’s outputs on generated counterfactuals to a measurable equality involving 

Fig 1.  Visualization of the disentangled conditional latent diffusion model used to generate images as in Algorithm 1.

https://doi.org/10.1371/journal.pdig.0001516.g001
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their expected values. The proposed algorithm is presented in Algorithm 1. We refer to this algorithm as Conditional Inde-
pendence Test via Latent Representations (CIT-LR). Our proposed approach can be summarized in the following steps, 
based on Theorem 1:

1.	The algorithm learns a disentangled DCLDM to generate images conditioned on a protected attribute of interest.

2.	 Images generated with the learned DCLDM in Step 1 are used to learn the inner left-hand side (LHSz,a) and right-hand 
side (RHSz) of Eq. 2.

3.	Use a statistical test to determine if Eq. 2 holds, by comparing LHSz,a  and RHSz .

Choice of the statistical test in algorithm 1.  In our setting, we consider diagnostic models f that have a binary 
output. For these models, the underlying distributions of LHSz,a  and RHSz  are fully determined by their expected values, 
which correspond to the probability of predicting the positive class. As a result, comparing means in this case is equivalent 
to comparing distributions. The paired t-test is therefore a natural choice.

We emphasize, however, that in scenarios where the outputs of f are continuous random variables, a full-distribution 
test such as the Kolmogorov–Smirnov (KS) test would be preferable. The reason is that, unlike in the binary case, the 
mean no longer uniquely characterizes the distribution. Two continuous distributions may share the same mean yet differ 
substantially in other aspects such as variance, skewness, or higher-order moments. The KS test is sensitive to any 
such discrepancy, as it compares the empirical cumulative distribution functions of the two samples and quantifies their 
maximum deviation. In this way, it is capable of detecting a broader range of distributional shifts, beyond simple mean 
differences.

Ethics statement

This study uses only publicly available and de-identified medical imaging datasets: CheXpert and MIMIC-CXR. The 
CheXpert dataset is provided by the Stanford Machine Learning Group under the Stanford University Dataset Research 
Use Agreement. The MIMIC-CXR dataset is available through PhysioNet and is released under the PhysioNet Creden-
tialed Health Data License 1.5.0 and PhysioNet Credentialed Health Data Use Agreement 1.5.0 by the MIT Laboratory 
for Computational Physiology. Both datasets are de-identified, and the use of these datasets does not require additional 
Institutional Review Board (IRB) approval. No direct interaction with human participants occurred. This work generates 
counterfactual images with altered self-reported racial attributes solely for the purpose of studying fairness and mitigating 
potential model bias, and not for the creation of new identities or raising concerns about individual identity.

Datasets and baselines

Datasets

Synthetic datasets.  We consider a synthetic dataset containing 6 diagnostic labels, each designed with a different 
activation mechanism: “linear”, “quadratic”, “exponential”, “interactive”, “log-scale”, and “sin”. The dataset consists of a 
sequence of features Z1, . . . ,Zn ∈ R32 , a protected attribute A, a variable X that is causally influenced by both A and Zn
, and binary diagnostic labels Y1, . . . ,Y6 . Here, features Z1, . . . ,Zn  are generated using an autoregressive process to 
create a sequential dependency among them. For reproducibility, we publish the synthetic data on Zenodo (link).

Medical datasets.  We use two large, publicly available datasets consisting of radiological images, namely the 
CheXpert dataset [60], and the MIMIC-CXR [61,62] dataset. The CheXpert dataset is publicly available at https://
stanfordaimi.azurewebsites.net/datasets/8cbd9ed4-2eb9-4565-affc-111cf4f7ebe2. The MIMIC-CXR dataset is publicly 
available at https://physionet.org/content/mimic-cxr/2.1.0/. Both datasets consist of chest X-rays paired with radiological 
reports and demographic attributes of the patients, including the self-reported race. In this work, we restrict the datasets 
to images with racial labels “asian”, “black”, and “white” to ensure balanced classes and stable training. In this study, we 

https://doi.org/10.5281/zenodo.18803863
https://stanfordaimi.azurewebsites.net/datasets/8cbd9ed4-2eb9-4565-affc-111cf4f7ebe2
https://stanfordaimi.azurewebsites.net/datasets/8cbd9ed4-2eb9-4565-affc-111cf4f7ebe2
https://physionet.org/content/mimic-cxr/2.1.0/
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conceptualize self-reported race as a social, political, and legal construct, influenced by both external perceptions and 
individual self-identification. For the purposes of our experiments, we use patients’ self-identified race. For both datasets, 
images are labeled for five common pathologies: cardiomegaly, edema, consolidation, atelectasis, and pleural effusion, 
which serve as the classification targets for the models we evaluate.

Baselines

First, we compare our proposed method against two most common bias-detection metrics: demographic parity (DP) and 
equality of opportunity (EO). DP is a fairness metric based on association. According to this metric, a model f is fair if and 
only if

	 P[f(X) = 1 | A = a] = P[f(X) = 1 | A = a′].	 (3)

DP requires that a model is free of bias if its predictions are statistically independent of the sensitive attribute A. In a 
diagnostic setting, this means the probability of a positive prediction should be the same across all demographic groups, 
regardless of the true disease status. To quantify the level of bias under this metric, we perform a paired t-test. This choice 
is well-suited for our setting because f produces binary outputs, where the mean uniquely characterizes the underlying 
distribution. For instance, when comparing two racial groups (e.g., ‘Black’ vs. ‘White’), we split the model’s predictions into 
two respective demographic subgroups and use the paired t-test to determine if their mean prediction rates are signifi-
cantly different. When multiple subgroups exist, we compute the geometric mean of the pairwise p-values.

Equality of opportunity stipulates equal performance for individuals who are actually positively labeled. This means the 
true positive rate (sensitivity) should be equal across all demographic groups. Formally, a model f satisfies EO w.r.t. the 
positive outcome iff.

	 P[f(X) = 1|Y = y,A = a] = P[f(X) = 1|Y = y,A = a′]	 (4)

Likewise, we transform the criteria into a statistical test, by conducting a pairedt-test to determine if (4) holds. This ensures 
that DP and EO are both evaluated using the same statistical test, and differences in performance reflect the fairness 
definitions themselves rather than properties of different tests.

Both DP and EO have been criticized, for either not ensuring fairness [18,19], or relying on “similarity” attributes that 
are difficult to define in practice. We remark that DP and EO are purely based on statistical associations, and they do 
not rely on counterfactuals, as opposed to the notion of counterfactual invariance. In a clinical context, the prevalence 
of a disease may differ between demographic groups due to socio-economic factors. An accurate, well-calibrated model 
reflecting these real-world differences could be flagged as “biased” by DP or EO. Furthermore, these metrics can fail to 
identify subtle, hidden biases that are not reflected in simple statistics.

The baselines DP and EO discussed above are association-based baselines. We further include two counterfactual- 
generation baselines, which we refer to as CIT-LR (non-disentangled) and ImageCFGen. CIT-LR (non-disentangled) uses 
the standard CLDM trained identically to Sec. but without the disentangling transformation ϕλ,δ . Counterfactual images 
are generated by conditioning the CLDM on each attribute value â ∈ A, and Algorithm 1 is applied unchanged. This base-
line serves as an ablation that isolates the effect of disentanglement.

ImageCFGen consists of an adaption of [34] to our setting. For each input pair (x,a) consisting of an image x and an 
attribute of interest a, ImageCFGen produces a reconstructed image xri  and a counterfactual image xcfi , which corre-
sponds to a modificaton of the protected attribute. To convert this into a counterfactual invariance test, we replace their 
original descriptive bias score with the paired difference Di := f(xri ) – f(x

cf
i ), and test the null hypothesis H0 : E[Di] = 0 using 

a paired t-test for binary outputs. This adaptation is natural because [34] already evaluates a pretrained classifier on 
matched reconstructed/counterfactual pairs.
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Experiments

We conduct experiments on both synthetic and real-world datasets to compare our framework against DP and EO. The 
synthetic datasets provide a controlled environment where the ground-truth counterfactual invariance is known, which is 
essential for validating our method since counterfactual outcomes are unobservable in real-world datasets. In all experi-
ments, Algorithm 1 employs a paired t-test, since the outputs of f are binary and the mean fully characterizes their distri-
bution. To avoid directly comparing p-values, we will use the rejection rate (statistical power) to represent the ability to test 
model invariance. Formally, Rejection rate measures the probability of a test to reject the null hypothesis. High rejection 
rates on biased models (low Expected Counterfactual Accuracy) and low rejection rates on unbiased models indicate a 
high-quality invariance test.

Implementation

All the code is implemented using Python. For synthetic datasets, the algorithms are built on the statistical learning algo-
rithms in the scikit-learn package. Since these experiments do not require much computational resources, they run on the 
CPU alone on an Intel Core i7 16GB RAM. For the two real-world medical image datasets, the experiments are run on a 
single 48GB Nvidia A100 GPU. The code is available at: https://github.com/Neferpitou3871/AI-Alignment-Medical-Imaging.

Alignment on synthetic datasets

In this section, we evaluate our CIT-LR on the synthetic datasets introduced. By using synthetic data, we can compute 
ground-truth counterfactual labels, which enables a principled and quantitative evaluation of counterfactual invariance.

Experimental setup.  We construct a pool of 1000 base classifiers that act as diagnostic AI models. Each classifier 
takes as input a data point x ∼ X and predicts the corresponding label ŷ. For each classifier, we run Algorithm 1 to 
determine whether it is counterfactually invariant with respect to the attribute A. For the data generating process, we 
consider a scenario where the data X is a mixed interaction of the latent variable Z and protected attribute A while the final 
label only depends on the latent Z. This design allows us to test the ability of the model to disentangle A from input X and 
thus to assess the counterfactual invariance. Base models, as tested objects, are created from 10 different types of ML 
models, such as SVM and decision tree. For each model type, we further diversify the hyperparameter configuration and 
initialize with different random seed to finally create a pool of 1000 base models (see Sec. 3.1 in S1 Appendix for details). 
These models are trained on the synthetic dataset to predict the label ŷ based on the input x. Once the models’ training is 
completed, we test their CI result using our CIT-LR and the baselines.

Evaluation metric.  We use the expected counterfactual accuracy (ECA) as our evaluation metric. ECA provides a 
continuous index measuring the extent to which a model satisfies counterfactual invariance. To define ECA, consider the 
indicator function:

	
ι(a, z) :=

{
1 if E[Ŷ | do(A = a),Z = z] = E[Ŷ | Z = z]
0 otherwise 	

Then, the ECA is given by ECA := E
[
ι(A,Z)

]
. An ECA of 1 indicates that the intervention has no causal effect beyond 

what is captured by Z, and thus the model f is counterfactually invariant.
Results.  Fig 2 reports the rejection rates of all methods across models grouped by their ECA values, with whiskers 

indicating variability across repetitions and significance level fixed at α = 0.05. Overall, CIT-LR exhibits the clearest 
alignment with the target notion of counterfactual invariance: for biased models (ECA < 0.8), it achieves rejection 
rates close to 100% in nearly all tasks, while DP and EO show significantly weaker and often non-monotone behavior, 
especially in the exponential, interactive, and log-exp settings. Averaged across all six synthetic tasks, CIT-LR achieves 
a mean rejection rate of 96.1% on biased models and a mean false-alarm rate of 22.0% on near-invariant models 

https://github.com/Neferpitou3871/AI-Alignment-Medical-Imaging
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(ECA ≥ 0.8). The two counterfactual-generation baselines, CIT-LR (Non-disentangled) and ImageCFGen, are consistently 
stronger than DP and EO, confirming that paired evaluation on generated counterfactuals is more informative than 
association-based fairness criteria. However, both underperform CIT-LR: when ECA enters the near-invariant regime, 
CIT-LR reduces its rejection rate much more sharply, reaching the Type I error level with α = 0.05 in the linear setting 
and remaining clearly below the other baselines in the quadratic and interactive tasks, whereas the non-disentangled 
and ImageCFGen variants still reject at least 25% of the invariant models. This gap is consistent: removing the 
disentangling leaves sensitive-attribute information in the latent code, while ImageCFGen relies on a specified attribute 
SCM and ALI-based reconstructed pairs, both of which can reduce counterfactual fidelity and hence weaken the validity 
of the downstream test. Therefore, the improvement of CIT-LR is not only due to using generated counterfactuals, but 
specifically due to combining paired hypothesis testing with disentangled latent counterfactuals that isolate the sensitive 
attribute more faithfully.

Alignment on real-world datasets

In this section, we evaluate our CIT-LR on the real-world datasets.
Experimental setup.  We evaluate our method on the CheXpert and MIMIC-CXR datasets, using the same 

five pathologies and three racial groups (Asian, Black, White) as described in Sec.. For each of the real-world 
datasets, we create 100 disease classifiers as our tested object for the CIT-LR and the baselines. To create the 
base classifiers, we train 10 different CNN-based architectures (e.g., DenseNet 121 [63] or VGG [64]) on each of the 
image datasets. These base classifiers take as input the image x ∼ X and predict the aforementioned five disease 
labels ŷ. We sample 10 different checkpoints from each architecture after the validation performance becomes stable 
(See Sec. 3.2 in S1 Appendix for more details), creating a pool of 100 diagnostic classifiers. For each base classifier, 
we apply Algorithm 1 to assess whether it is counterfactually invariant with respect to the attribute A. Furthermore, 
we evaluate DP and EO.

Evaluation metric.  In this case, we cannot compute CI directly, due to the lack of a ground truth. Instead, we compute 
the expected counterfactual accuracy (ECA). To define this metric, consider the indicator function:

	
ζ(a, z) :=

{
1 if E[Ŷ | A = a,Z = z] = E[Ŷ | Z = z]
0 otherwise 	

Fig 2.  Performance comparison of ctf-invariance tests across six tasks on synthetic datasets. Diagnostic models are grouped into ECA intervals, 
and for each interval the rejection rates of different methods are displayed. The dot indicates the sample mean rejection rate within the group, while the 
whiskers represent the sample variance. The number of models within each interval is reported below the corresponding bar.

https://doi.org/10.1371/journal.pdig.0001516.g002
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Then, the CI is measured by ECA := E
[
ζ(A,Z)

]
. We remark that it can be proven that if Z is a disentangled representation 

of a DCLDM, it then holds E[Ŷ | A = a,Z = z] = E[Ŷ | do(A = a),Z = z], for any classifier f (See Lemma 3 in S1 Appendix). 
Hence, our evaluation strategy offers a reasonable and transparent approximation under current methodological and data 
availability constraints.

Results.  Figs 3 and 4 illustrate the rejection rates of various statistical tests across models grouped by their ECA 
values, for CheXpert and MIMIC-CXR respectively. Each plot shows the average rejection rate, with whiskers representing 
variability across repetitions. For all experiments, the significance level is fixed at α = 0.05. In both datasets, CIT-LR 
shows the strongest alignment with ECA: for low-ECA models (ECA < 0.8) it rejects at high rates close to 100% for 
Cardiomegaly, Edema, Consolidation, and Atelectasis; then decreases substantially once the models move into higher-
ECA bins (ECA ∈ [0.8, 1.0)). This drop is particularly clear on MIMIC, where for Cardiomegaly, Edema, Consolidation, and 
Atelectasis the CIT-LR rejection rate falls to about 0% – 15% in the highest available ECA bins; on CheXpert the same 

Fig 3.  Rejection rates of statistical tests on the CheXpert dataset. Diagnostic models are organized by ECA intervals, and the rejection rates of dif-
ferent methods are shown for each group. The dot represents the sample mean rejection rate within the interval, while the whiskers capture the sample 
variance. The count of models in each interval is provided below the corresponding bar.

https://doi.org/10.1371/journal.pdig.0001516.g003

Fig 4.  Rejection rates of statistical tests on the MIMIC-CXR dataset. Diagnostic models are organized by ECA intervals, and the rejection rates of 
different methods are shown for each group. The dot represents the sample mean rejection rate within the interval, while the whiskers capture the sam-
ple variance. The count of models in each interval is provided below the corresponding bar.

https://doi.org/10.1371/journal.pdig.0001516.g004
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downward trend is visible, although some tasks such as Cardiomegaly and Atelectasis remain slightly above zero in the 
last bin. Averaged across all five diagnostic tasks, CIT-LR achieves a mean rejection rate of 96.3% on biased models for 
CheXpert and 95.7% for MIMIC-CXR, while the mean false-alarm rate drops to 15.3% and 14.7%, respectively, for the 
least biased models (ECA ≥ 0.8). In contrast, DP and EO are more irregular across bins: both often have much lower 
rejection rates on clearly biased models (ECA ∈ [0.5, 0.6)) and several non-monotone increases in higher-ECA bins, as 
seen for example in Edema, Consolidation, and Atelectasis. The two counterfactual-generation baselines, CIT-LR (Non-
disentangled) and ImageCFGen, are generally closer to CIT-LR than DP and EO in the low-ECA regime, but in the higher-
ECA bins they usually remain above CIT-LR, with visibly slower declines for tasks such as Cardiomegaly and Edema and, 
in MIMIC Consolidation, rejection rates still around 10% – 20% when CIT-LR is already near zero. For Pleural Effusion, 
the figure contains only lower-ECA models in both datasets, and all counterfactual-based methods stay at comparatively 
high rejection rates, with our CIT-LR achieving the highest rejection rates consistently.

Generative performance of DCLDM

The analysis on real-world imaging datasets relies on images generated with our DCLDM (see Fig 5). Therefore, we 
conduct an additional set of experiments to validate its generative performance. We focus on two key aspects: (1) The 
reconstructed image preserves the essential anatomical and pathological features of the original image; (2) the detected 
racial attribute of the reconstructed image is consistent with the counterfactual label.

Fig 5.  Generated images using our DCLDM. The first and third rows show original and counterfactual images from CheXpert and MIMIC, respectively. 
The second and fourth rows show the corresponding pixel-wise differences between the original and generated images.

https://doi.org/10.1371/journal.pdig.0001516.g005
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Experimental setup.  We take two steps to build the DCLDM: Step 1: We train a standard CLDM, which consists of 
an encoder, a decoder and an inner latent diffusion model, on the two image datasets. Step 2: We train the disentangling 
transformation that creates the counterfactual latent representation (See Sec. 4.1, 4.2 in S1 Appendix for implementation 
details).

Evaluation metric.  We evaluate our model and baselines using two complementary metrics. First, Effectiveness 
Accuracy measures how well the model achieves the desired counterfactual attribute. Specifically, it is defined as the 
proportion of generated images whose predicted racial label matches the conditioning label provided during generation. 
For this evaluation, we employ a high-performance ResNet-101 (See Sec. 4.3 in S1 Appendix) classifier pre-trained to 
detect racial attributes from images [5]. Second, the Fréchet Inception Distance (FID) assesses the overall quality of the 
generated images by comparing the statistical properties of their features to those of real images, with lower FID scores 
indicating higher realism. Fig 5 illustrates representative samples generated by our DCLDM alongside their original 
counterparts.

Results.  The quantitative results of our validation experiments are displayed in Table 1. Across both the CheXpert and 
MIMIC-CXR datasets, our DCLDM demonstrates good performance. It achieves high Effectiveness Accuracy, indicating 
that the desired conditional attribute is embedded correctly. Furthermore, our DCLDM obtains low FID scores, indicating 
the generation of high-quality and realistic images.

Validating the absence of artifacts in image generation

A central requirement for validating our generative framework is to ensure that the synthesis process does not introduce 
spurious artifacts or detectable digital fingerprints. If such irregularities were present, they could bias downstream diag-
nostic models toward exploiting unintended visual cues rather than clinically meaningful content. To address this concern, 
we design experiments that explicitly evaluate whether generated images are visually indistinguishable from authentic 
ones, thereby testing the fidelity of the generative process.

Experimental set-up.  For each pair of source and target attributes in the dataset, where attributes correspond to 
self-reported race {Black, White, Asian}, we define a balanced binary classification task. A ResNet-101 model (pre-trained 
on ImageNet) is fine-tuned to distinguish real target-attribute images from synthetic target-attribute images generated by 
converting from the source attribute. Real images are assigned label 0, and synthetic images label 1. To avoid disease-
related confounding, we restrict the analysis to healthy patients only. Each task uses 2500 real and 2500 synthetic 
images, which are randomly partitioned into training (80%), validation (10%), and test (10%) sets.

Evaluation metric.  We assess the presence of artifacts using an adversarial evaluation strategy. For the ResNet-101 
models trained as above, we measure performance using the AUC-ROC metric. Chance-level AUC-ROC scores indicate 
that the classifier cannot distinguish between the two sets of images, providing strong evidence that the generative 
process does not introduce detectable artifacts.

Results.  The pairwise AUC-ROC scores on the held-out test set are summarized in Table 2. Across diagonal entries, 
where source and target attributes coincide, the AUC values are consistently near 0.51–0.52, confirming chance-level 
performance and indicating that synthetic images are indistinguishable from real ones. Off-diagonal entries show only 
modest increases in AUC, which we attribute to residual features from attribute conversion rather than artifact introduction. 

Table 1.  Effectiveness accuracy and FID on the CheXpert and MIMIC-CXR test datasets.

Dataset Effectiveness Accuracy (%) ↑ FID ↓
A = Black A = Asian A = White

CheXpert 88.7 91.8 93.3 21.79

MIMIC-CXR 89.2 92.0 93.7 25.89

https://doi.org/10.1371/journal.pdig.0001516.t001
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Fig 6 further supports these findings, showing stable training and validation loss curves with no evidence of overfitting. 
Consistent with the near-random test performance, the classifiers fail to generalize, reinforcing the conclusion that the 
generative model does not introduce systematic artifacts.

Effectiveness of signal removal for the sensitive attribute

In addition to verifying that our method does not introduce artifacts, we conduct a further experiment to evaluate an 
equally important property: the removal of signals associated with self-reported race during the generative process. The 
motivation behind this experiment is to determine whether our counterfactual generator can effectively eliminate identi-
fiable demographic information from images, thereby reducing the ability of downstream models to distinguish between 
self-identified racial groups after conversion.

Experimental set-up.  The experiment is carried out in two steps. (1) We first train a ResNet-101 classifier to 
distinguish between pairs of self-identified racial groups in real images. For each pair of groups, we construct a balanced 
dataset of 5000 images, with 2500 images from each group, and split it into training, validation, and test subsets in an 
80%, 10%, 10% ratio. We then fine-tune a ResNet-101 classifier (pre-trained on ImageNet) on this dataset to separate 
the two groups. (2) Next, we apply our counterfactual generator to transform images from one group so that their 
demographic label matches that of the other group. The trained classifier is then evaluated, without retraining, on a 
combined test set containing real images from the other group and the transformed images. This procedure allows us 
to measure how much the classifier’s performance degrades once demographic signals tied to self-reported race are 
reduced.

Evaluation metrics.  To quantify the extent of signal removal, we use the area under the ROC curve (AUC) as the 
primary evaluation metric of the ResNet-101 model trained as described above. A high baseline AUC indicates that real 
images from different self-identified racial groups are easily separable by the classifier. After applying the counterfactual 
conversion, a substantial reduction in AUC would suggest that demographic cues linked to self-reported race have been 
effectively reduced, since the classifier is no longer able to distinguish between groups.

Results.  The outcomes of this experiment are summarized in Table 3. The “Baseline AUC” column shows consistently 
high values (above 0.96), confirming that real images contain strong demographic signals related to self-reported race, 
which the trained classifier can reliably detect. By contrast, the “Post-Conversion AUC” column demonstrates a significant 
performance drop when the classifier is evaluated on counterfactual images, providing strong evidence that our generator 
successfully reduces identifiable signals of self-reported race.

Disentanglement on latent space

In Section, we show that the racial signal is reduced in the image space. Here, we conduct an additional experiment to 
assess this assumption directly in the latent space, which is central to our method. The motivation is to test whether the 
proposed nonlinear transformation ϕλ,δ  reduces the recoverability of self-reported race from the latent representation 
itself.

Table 2.  Artifact detection results (AUC-ROC). Diagonal entries correspond to identity transformations, while off-diagonal entries represent 
cross-race conversions. Each cell reports the performance of a ResNet-101 classifier trained to distinguish real target-race images (columns) 
from synthetic images generated from a source race (rows). AUC values near 0.5 indicate that real and synthetic images are indistinguishable.

Source Race Target Race

White Black Asian

White 0.51 ± 0.02 0.56 ± 0.04 0.55 ± 0.03

Black 0.54 ± 0.03 0.52 ± 0.02 0.57 ± 0.02

Asian 0.55 ± 0.02 0.58 ± 0.03 0.51 ± 0.03

https://doi.org/10.1371/journal.pdig.0001516.t002
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Experimental setup.  For each image x, we obtain both the original latent representation z0 = Eβ(x) and the 
transformed latent representation z̃0 = ϕλ,δ(z0). Then, we freeze the encoder Eβ  and ϕλ,δ , and train probes to predict the 
self-reported race label from original and transformed latent vectors respectively. We use two kinds of probes: (i) a linear 
probe, instantiated with a logistic classifier, and (ii) a small nonlinear probe, instantiated with a two-layer MLP with ReLU 
activations and early stopping. This yields four probe settings in total: linear probe on z

0
, linear probe on z̃0 , MLP probe on 

z
0
, and MLP probe on z̃0 . The experiment is conducted separately on CheXpert and MIMIC-CXR. From each dataset, we 

randomly sample 3000 images, including 1000 white, 1000 Asian, and 1000 black images. We split the data into training, 
validation, and test subsets in an 80%, 10%, 10% ratio. The results are averaged across multiple random seeds.

Fig 6.  Training and validation loss curves for pairwise real-vs-synthetic classification. The curves show stable convergence with no evidence of 
overfitting.

https://doi.org/10.1371/journal.pdig.0001516.g006
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Evaluation metrics.  We report the one-vs-rest AUC on the held-out test set. Lower AUC on z̃0  indicates that racial 
information is less recoverable after the transformation.

Results.  The AUC results are reported in Table 4. For both datasets and both probe instantiations, the pre-
transformation AUC shows that the latent z0  contains rich information about race, with mean AUC above 0.79. In contrast, 
the AUC scores drop to near chance levels on the transformed representations. For example, on CheXpert, the MLP 
probe macro-AUC decreases from 0.89 on z

0
 to 0.52 on z̃0 , while the linear probe decreases from 0.83 to 0.50. This 

confirms that the racial signal exists in the original latent vector but is removed after the transformation.

Discussion

The proposed counterfactual invariance test via latent representations has significant implications for fairness in medi-
cal AI. The method explores the deep causal mechanism of the diagnostic models, revealing dependencies, which are 
overlooked by traditional association-based metrics. Through quantifying the biases linked to the sensitive attribute, our 
method identifies the diagnostic models’ undesirable dependencies across demographic groups, reducing the risk of mis-
diagnosis. Overall, this work advances responsible AI in healthcare, encouraging further improvement of AI fairness.

However, challenges are also present. For instance, the hard-to-control variance and complexity of diffusion models 
make the generative model hard to train. In addition to model complexity, computational efficiency is another practical con-
sideration. Although our experiments were conducted on accessible hardware—a single CPU (Intel Core i7, 16 GB RAM) 
and one NVIDIA A100 GPU (48 GB)—future work could explore more lightweight architectures or apply model-distillation 
techniques to further reduce computational demands and enhance accessibility across institutions.

In the experiment, we rely on this proxy measure ECA to assess alignment of the test framework, which, while infor-
mative, is inherently limited in its ability to fully capture true causal effects. We acknowledge that this introduces a degree 
of uncertainty in our evaluation. However, this approach reflects a broader constraint in the field, where ethical, logistical, 
and practical considerations prevent direct observation of counterfactuals.

The validity of the CIT-LR relies on the DCLDM’s ability to satisfy the causal disentanglement assumption. Failure 
modes might occur if 1) the sensitive information is not fully disentangled, or 2) the decoder introduces anatomical arti-
facts which get perceived as disease markers by the diagnostic model. In such cases, the test might reject a fair model 
or accept an unfair model. For this reason, diagnostics on the DCLDM (e.g., real-vs-synthetic AUC near 0.5, stable FID 
across groups, and qualitative inspection by domain experts) should be conducted to ensure the correct functioning of the 
method.

The present study focuses on auditing a single sensitive attribute. In principle, the framework can be extended easily 
to joint attributes A = (A1, . . . ,Ak) by conditioning the generator on multi-attribute labels. However, users should be careful 
about interactions within attributes. For example, race and sex might jointly bias the diagnostic, even if single-attribute 

Table 3.  Performance of classifiers before and after conversion. High Baseline AUC values indicate 
that real images contain identifiable signals of self-reported race, while Post-Conversion AUC val-
ues near 0.5 demonstrate that these signals are substantially reduced by our method.

Classifier Task Baseline AUC Post-Conversion AUC

(Real vs. Real) (Real vs. Synthetic)

White vs. Black 0.98 ± 0.01 0.56 ± 0.03

White vs. Asian 0.97 ± 0.02 0.59 ± 0.04

Black vs. Asian 0.97 ± 0.02 0.58 ± 0.03

Black vs. White 0.98 ± 0.03 0.55 ± 0.03

Asian vs. White 0.96 ± 0.04 0.57 ± 0.05

Asian vs. Black 0.97 ± 0.03 0.56 ± 0.04

https://doi.org/10.1371/journal.pdig.0001516.t003
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tests appear insignificant. Furthermore, the assumption that certain attributes should be considered “protected” requires 
careful consideration. Consultation with medical professionals is advised to build an accurate causal understanding. 
Moreover, we advise practical validation by clinical experts, such as radiologists, to examine the generated counterfactual 
images to further confirm the anatomical correctness.

Future work should aim to refine these representations and address unobserved confounding and expand the method-
ology to cover a broader range of problems. Although our study focused on self-reported race, it is interesting to extend 
this framework to other factors such as hospital location or imaging site. Because imaging devices and acquisition pro-
tocols vary across institutions, exploring these sources of variation represents an important next step. Doing so could 
enable fairness evaluation across diverse clinical environments and lead to models that generalize more effectively across 
healthcare systems. More broadly, the framework is modality-agnostic: any setting where a conditional generator can 
approximate counterfactual image generation admits the use of our CIT-LR. Extending beyond chest X-rays to CT/MRI/
ultrasound or dermoscopy would primarily require a modality-specific CLDM, e.g., a 3D CLDM for brain imaging. This 
highlights the broader applicability of our approach and opens a clear pathway for future work across diverse medical 
imaging settings.

Supporting information

S1 Appendix. This appendix provides technical background and formal proofs supporting the main theoretical 
contributions, including a detailed derivation of Theorem 1 using structural causal models. It also describes the 
synthetic data generation process, the architecture and training details of all machine learning models used in the exper-
iments (including diagnostic classifiers and diffusion models), and the methodology for learning disentangled representa-
tions for counterfactual image generation. Complete implementation details are provided.
(PDF)
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