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Abstract

Lung diseases such as lung cancer are major contributors to global morbidity, requiring accurate di-
agnostic decisions for optimal patient outcomes. While deep learning has advanced medical imag-
ing, the lack of causal inference limits its clinical utility. This study proposes a causal generative
framework for counterfactual analysis of Chest X-rays, guided by expert model supervision to en-
sure clinical plausibility. To solve data imbalance and enhance robustness, we introduce a recurrent
active learning strategy that utilises “forgetting rates” to select informative samples. Experimental
results demonstrate effectiveness improvements of 9.25% on the MIMIC dataset and 13.40% on
ChestXray8. Furthermore, two-stage human expert evaluations confirm that the model generates
highly realistic synthetic data that maintains a clinical heavy-tailed distribution. These high-quality
counterfactuals not only improve diagnostic accuracy but also facilitate confidence calibration for
clinicians through interpretable evidence. Our findings demonstrate that integrating causal mod-
eling with expert supervision and active learning provides a robust, clinically meaningful tool for
pulmonary diagnostic decision-making.

Keywords: Counterfactual, structure causal model, medical imaging, active learning, expert model,
hierarchical variational autoencoder

1. Introduction

Breathlessness is common in hospitalised patients and is often a harbinger of serious and potentially
fatal pathology Rao and Gray (2003). Patients with undifferentiated respiratory distress require ur-
gent attention in the emergency department DeVos and Jacobson (2016). With lung diseases affect-
ing millions globally and lung cancer maintaining high incidence-mortality ratios Choi and Jung
(2023), accurate diagnosis and effective treatment planning are crucial for managing these diseases.
Recent advancements in artificial intelligence (Al), particularly in deep learning, have demonstrated
considerable promise in supporting the diagnosis of pulmonary diseases through medical imaging
modalities Cohen et al. (2022); Jasmine Pemeena Priyadarsini et al. (2023); Al-Sheikh et al. (2023);
Hage Chehade et al. (2025). A growing body of research has validated the efficacy of deep learning
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algorithms in the automated detection and classification of various lung conditions, such as pneu-
monia, tuberculosis, and lung cancer, by leveraging large-scale annotated imaging datasets Johnson
et al. (2019); rsn (2018); Wang et al. (2017b). Despite these technological advances, the integration
of deep learning algorithms into safety-critical domains like healthcare remains limited, primar-
ily due to persistent real-world challenges that limit their reliability and generalizability in clinical
settings D’ Amour et al. (2022).

A major limitation of current deep learning models lies in their inability to perform causal infer-
ence Bengio et al. (2013); Kusner et al. (2017); Peters et al. (2017); Ribeiro et al. (2023). Conven-
tional architectures, such as generative adversarial networks (GANs) and variational autoencoders
(VAESs), primarily capture statistical associations between variables and outcomes, thereby lacking
the capacity to answer counterfactual or “what-if” questions that are central to clinical decision-
making Scholkopf et al. (2021); Scholkopf (2022); Ribeiro et al. (2023). In contrast, integrating
a causal inference framework enables reasoning about the effects of hypothetical interventions,
offering the potential to uncover how specific changes in clinical variables may influence patient
outcomes Pearl (2009); Imbens and Rubin (2015). For example, estimating the impact of a particu-
lar treatment on disease progression could significantly enhance the quality and precision of clinical
decisions.

Currently, most causal models are mainly developed for low-dimensional data modalities, such
as tabular, numerical, or text inputs Li et al. (2022); Jensen and Andreassen (2008). However,
current models remain limited in their applicability to high-dimensional data, particularly medical
images. Extending these models to handle such high-dimensional data is essential, as the abil-
ity to generate counterfactual images, those showing alternative disease appearances under hypo-
thetical conditions could significantly enhance clinical understanding. The capability would allow
clinicians to observe how imaging features or pathologies might vary under different conditions,
offering deeper insights into disease mechanisms and potential treatment effects Pawlowski et al.
(2020); Castro et al. (2020); Glocker et al. (2023). Ribeiro et al.’s work Ribeiro et al. (2023) focuses
on image-level. However, it does not provide systematic assessment of the clinical plausibility or
relevance of the generated images, which raises concerns regarding their interpretability and utility
in medical decision-making contexts. Additionally, within the realm of generative models, partic-
ularly those used for medical image synthesis, there remains a critical limitation in ensuring that
the generated images are clinically meaningful Sun et al. (2024). Although metrics like the Fréchet
Inception Distance (FID) Heusel et al. (2017) are often used to assess image quality, they fall short
in validating the clinical relevance of the images. This shortfall arises not only because most cur-
rent models lacked prior knowledge (such as medical conditions) as a condition for generation,
but also they lack a mechanism to integrate posterior knowledge, including expert feedback, into
the learning loop. Incorporating such prior knowledge and feedback could help ensure that gen-
erated images not only appear realistic but also align with clinical expectations and contribute to
meaningful diagnostic or prognostic insights. We enhance the counterfactual generation model by
introducing a mechanism to assess the clinical relevance of the generated data, an essential aspect
for real-world medical applications Sun et al. (2024). Additionally, working with real clinical data
for counterfactual generation remains challenging due to the complexity and variability inherent in
medical imaging. To address these limitations, we incorporate an expert model supervision, which
leverages domain expertise to ensure that the generated counterfactuals are clinically meaningful.
Furthermore, we employ active learning to iteratively refine the data distribution by incorporating
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Figure 1: The proposed framework. The proposed model architecture with active learning and hu-
man in the loop. The framework begins with data input into the SCM for training, which
generates counterfactuals. Expert knowledge is integrated into the SCM training pipeline
to ensure the clinical validity of the generated counterfactuals. An active learning com-
ponent is employed for Core-set Selection, where samples with the highest uncertainty,
as generated by the SCM, are selected as the core set. This module identifies the most
informative counterfactual samples based on uncertainty, which are then fed back into the
SCM to enhance the data distribution as close as the real distribution.

high-uncertainty samples, thereby improving its alignment with the real data distribution and ensur-
ing that the generated counterfactuals are clinically relevant.

This work focuses on causal generative modelling applied to high-dimensional data (e.g. im-
age) for lung disease counterfactual analysis, with the goal of enhancing the understanding of lung
diseases using real-world clinical datasets. In particular, we aim to enhance the structured causal
model (SCM) by addressing key challenges related to data quality during training. Clinical datasets
often contain substantial noise, inconsistencies, and skewed data, leading to deviations between the
training set distribution and the true data distribution. To mitigate this issue, we employed active
learning to enhance the quality of the training data, incorporating uncertainty measurement of sam-
ples to better capture and reflect the clinical disease representations. Our main contributions can be
summarised as follows:

* We proposed a counterfactual generation model with expert model supervision, which ensures
the generation is clinically meaningful.

* We introduced a recurrent active learning framework using the forgetting rate to balance the
data distribution, which improves the robustness of the model.

* We evaluated counterfactual images using a conventional counterfactual evaluation metric,
including effectiveness, composition and reversibility.
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* We conducted a two-stage human expert evaluation: (1) single-image diagnosis comparing
with the real X-ray images, counterfactual X-ray generated by baseline model and the pro-
posed model; and (2) sequential diagnosis where experts first assess a real X-ray and then
reevaluate after viewing a counterfactual generation.

2. Methods

2.1. Preliminary Probabilistic Causal Model Framework

Our framework leverages Structural Causal Models (SCMs) instantiated via deep generative hier-
archies to enable robust counterfactual reasoning. Formally, an SCM M is defined by endogenous
variables X, exogenous noise U, and deterministic mechanisms F, satisfying the causal Markov
condition Pearl (2009); Ribeiro et al. (2023). Counterfactual inference within this framework fol-
lows a three-step procedure, abduction, action, and prediction, to estimate outcomes under hypo-
thetical interventions do(xy = c¢). The deep structural causal model is based on a conditional
Hierarchical Variational Autoencoder (HVAE) Kingma et al. (2016); Sgnderby et al. (2016), ex-
tended from standard VAEs Rezende et al. (2014). Unlike traditional architectures, our approach
treats the latent variables z;.;, as the exogenous noise U. Crucially, the causal parents pa, are
decoupled from the prior pg(z1.7,) to maintain independence, while injecting them into the genera-
tive path to parametrize the likelihood pg(x|z1.1, pa,) Ribeiro et al. (2023). To ensure generated
counterfactuals x exhibit semantically meaningful changes, a variational lower bound on the mutual
information between the intervention and the prediction is maximised Barber and Agakov (2004).
The training is formulated as a constrained optimization problem using the Lagrangian method:

ELG(G, ¢7 )‘) = £CT('/\/l; X, paa:) - A (C - ]:FE(Oa d)v X, paa:)) ’ (1)

where Lct represents the counterfactual loss derived from parent predictors (detailed definition is
presented in Appendix A), and Fgg is the observational free energy (negative ELBO), ensuring the
model preserves generative quality on observed data ¢ while optimizing for causal consistency. The
parameters of the model are denoted as 6 and ¢. The details of the baseline model can be found in
Appendix A.

2.2. Active Learning for Data Distribution Refinement

Overlapping pathological features in chest X-rays introduce dataset noise, complicating clinical dif-
ferentiation. Moreover, while the majority of samples exhibit similar visual characteristics, only a
minority display distinctive features. This imbalance results in a homogenisation effect in synthetic
image generation, hindering the model’s ability to capture rare yet clinically significant variations
in disease presentation. These limitations arise from discrepancies between training and real-world
distributions. To address this, we incorporate active learning via core-set selection to enhance data
representativeness. By prioritizing informative samples, this approach aligns the model with the
true clinical distribution. As illustrated in Figure 1, the module identifies challenging samples and
reintroduces them into the DSCM training loop to iteratively refine the synthetic distribution. For-
mally, Formally, given a labeled dataset D = {(x;, ;) | @ € [n]}, core-set selection seeks a subset
of m < n points that approximates the distribution of the complete dataset.

Selection via proxy (SVP) Coleman et al. (2020) is applied to core-set selection. A small deep
learning model can serve as an inexpensive proxy for data selection in deep learning Coleman
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et al. (2020). This proxy model, A,f , is created by scaling down deep learning models through
layer reduction and smaller architectures. Although Af achieves significantly lower accuracy than
the target model, A7, it still provides useful representations for point selection. We applied the
forgetting events Toneva et al. (2019) for core-set selection. An sample z; undergoes a forgetting
event when its accuracy drops between two consecutive updates, accumcyf s accuracy!, where
accumcyf ~land accuracy! are a binary variable indicating whether z; is correctly classified at step
t — 1 and ¢ respectively. In simpler terms, if z; is correctly classified at step ¢ — 1 but incorrectly
classified at step t, it is considered as a forgetting event. Conversely, a learning event is identified
when the classification accuracy of x; improves between two consecutive updates. Formally, this is
represented as accumcyf‘1 < accuracy!.This signifies that x; transitions from being misclassified
at time step ¢t — 1 to correctly classified at time step ¢, indicating a successful learning occurrence.
Therefore, each input sample has a forgetting rate, and we select N samples with highest forgetting
rate to form the core set. The samples with high forgetting rates are located on the classification
boundaries, which indicate that the uncertainty is high. In the case of the counterfactual, we have
clear labels for the core set, since we perform interventions to obtain the counterfactual. Adding
the core set to the training set helps the DSCM to learn the features of lung diseases and reduce
uncertainty within the model.

2.3. Expert Model Integration

In contrast to conventional generative modelling applications that emphasise visual realism or artis-
tic expression, medical image generation must be grounded in clinical and biological validity Sun
et al. (2024). The primary purpose of synthetic medical images is to support downstream tasks such
as disease classification, segmentation, or diagnostic decision-making. Therefore, these images
must accurately reflect diverse clinical attributes, including disease types and patient demographics,
especially in the context of pulmonary imaging. As described in Section Preliminaries, the base-
line DSCM model may have limited capacity to generate clinically meaningful features, potentially
compromising the plausibility of synthesised chest radiographs without further adaption. To address
this limitation, we develop an extended model that incorporates domain knowledge from medical
experts, following the approach introduced by Ouyang et al. Ouyang et al. (2022).

An expert model, TorchXrayVision Cohen et al. (2022), is incorporated into the DSCM. As
shown in Figure 1 (a), the expert model is integrated into the SCM training pipeline to ensure
the clinical validity of the generated counterfactuals. This expert model Ribeiro et al. (2023) is
pre-trained on a large chest X-ray dataset annotated by medical professionals and outputs disease
probabilities based on the input images. Therefore, we can obtain the observational, p(x), and coun-
terfactual disease probabilities, p(X), and the goal is to maximizing the difference of probabilities
between them. To align the generated counterfactuals with expert knowledge, we introduce a con-
straint of the form log(1 + B|p(x) — p(X)|) > d, enforcing that the predicted disease probabilities
under counterfactuals differ from those of the factual inputs by at least a threshold. Scaling fac-
tors are denoted as « and /3, and d is a constant. The new Lagrangian optimisation problem of the
DSCM, therefore, becomes:

['LG(07 ¢’7 >‘;X7 pax) = ﬁCT(M;X7 paa:) —A (C - FFE<07 d);xv pax))

+ alog(1 + BIp(x) — p(x)]), @
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In this work, we selected the logarithm. The logarithmic structure provides a smooth and gradual
penalty for deviations, especially when differences are small, which helps mitigate the impact of
outliers. The parameter (3 allows for tuning the sensitivity to these differences, offering flexibility in
adjusting the model’s response to variations between counterfactual generations and observations.

2.4. Evaluation Matrix

The necessary constraints of counterfactual inference model are defined as: composition, reversibil-
ity and effectiveness Monteiro et al. (2023). Effectiveness is defined as that intervening on a set of
variables to a specific value directly causes it to take on that valueMonteiro et al. (2023). Therefore,
the equality holds as: Pa(DSCM (x, pay, pay)) = pay, where Pa(-) is an oracle function that
outputs the parent variables. Composition is defined as that intervening on a variable but keeping its
value the same as it will not change other variables in the system. Therefore, the equality holds as:
DSCM(x, pay, pay) = x since if pa, = pa,, then x is not affected. Reversibility If the causal
mechanism is invertible, the mapping between the observation and counterfactual is deterministic,
which follows that if x: = DSCM (x, pay, pay), and then x: = DSCM (%, pay,pay). The
Composition and reversibility are evaluated by using FID = || — po |2+ Tr(X1+ 82— 2(X1 %) /?),
where Tr(-) is the trace of a matrix. The mean and covariance, capturing the location and shape of
feature distributions for real and generated images, are denoted as y; and 3J;, respectively. The ef-
fectiveness of the model is quantified using anti-causal parent predictors Ribeiro et al. (2023), while
composition and reversibility is quantified using FID and Structural Similarity Index (SSIM). FID
evaluates global feature-level consistency and SSIM measures pixel-level structural preservation.

2.5. Clinician Evaluation of Generated Images

To assess the usability of the counterfactual images, we carried out a thorough evaluation using
participants sourced from medical students and doctors. We particularly wanted to establish the ef-
fectiveness of counterfactual images for improving diagnostic accuracy and confidence calibration.
The primary objectives of this evaluation were to examine whether the generated counterfactual im-
ages exhibit clinically meaningful features, and to determine the extent to which these images can
contribute to improved clinical decision-making.

The study sample consisted of 42 participants, aged between 20 and 67 years (1 = 26.1, 0 =
7.37, 24 Female, 18 Male). Participants were recruited via the online platform Prolific and were
directed to the online experiment platform Gorilla (https://app.gorilla.sc/). All participants were
either medical students (26) or medical doctors (16), with a combined average of 6.20 years medical
experience (including study time).

The task consisted of two blocks. Block 1: was designed to assess diagnostic capability and
directly compare performance between the baseline DSCM proposed in Ribeiro et al. (2023) and
the proposed counterfactual model. Participants were shown a series of 36 chest x-ray images, in
a randomised order. These images were derived from 12 patients, with each patient image appear-
ing three times; once as the original observation, once as a synthetic image generated using the
baseline model and once as a synthetic image generated using our proposed counterfactual model.
Importantly, the synthetic images showed the same condition (healthy or suffering from pneumonia
or a pleural effusion) to allow for direct comparison. After selecting a diagnosis from the 3 op-
tions, participants were asked to rate the realness of the image on a scale from 1 — (definitely Al
generated) to 100 (definitely real). They then had the option to select as many reasons they think
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Figure 2: Comparison of Baseline with our proposed counterfactual generated models by adding
both expert model, and different percentage of synthetic data via active learning. The red
color in the direct effect represents the pixel value increases, and blue color represents the
pixel value decreases. The DAG of the structure causal model for MIMIC dataset: age
(A), disease (D), race (R), sex (S) and white cell count (WCC).

the image may be synthetic from this list: 1. The lungs or other organs appear too symmetrical;
2. The anatomical structures appear slightly distorted or unnatural; 3. The image feels synthetic
or computer-generated; 4. The pathology does not match typical clinical presentation; 5. There
are subtle inconsistencies in shading or lighting; 6. The image looks too smooth or lacks natural
texture; 7. The image looks overly clean or noise-free.

Block 2: Block 2 consisted of 12 cases, in which participants were shown a real chest-ray
image depicting either pneumonia or pleural effusion. Participants were asked to make a diagnostic
decision and rate their confidence on a scale from 1 (not confident at all) to 6 (very confident). On
the next screen, participants were then shown the same image again alongside a synthetic image
showing what the chest x-ray would look like if the patient were healthy (generated using either the
base line or our model). They were then asked to make a final diagnostic decision on the real X-ray
and rate their confidence.

3. Results

3.1. Dataset and Preprocessing

We evaluated the proposed approach with the MIMIC-CXR dataset Johnson et al. (2019) and
ChestX-ray8 Wang et al. (2017a). MIMIC: The generative model assumed the following observed
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Figure 3: Comparison of Baseline with our proposed counterfactual generated models by adding
both expert model, and different percentage of synthetic data via active learning. The red
color in the direct effect represents the pixel value increases, and blue color represents the
pixel value decreases. The DAG of the structure causal model for ChestXray8 dataset:
age (A), disease (D), and sex (S).
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variables: age (A), sex (S), race (R), disease (D), white cell count (WCC) and X-ray images. The
corresponding directed acyclic graph (DAG) is shown in Figure (1) b. The MIMIC-CXR dataset
comprises 227,835 imaging studies from 65,379 patients treated at the Beth Israel Deaconess Med-
ical Center Emergency Department between 2011 and 2016 Johnson et al. (2019). Each imaging
study is accompanied by a semi-structured, free-text radiology report describing the findings. The
disease labels were provided by the CheXpert system Irvin et al. (2019), which automatically in-
terprets the presence of 14 disease observations from the reports. ChestX-ray8: The generative
model assumed the following observed variables: age (A), sex (S), disease (D) and X-ray images.
The ChestX-ray8 dataset comprises 112,120 X-ray images with disease labels form 30,805 unique
patients. The disease labels were classified by using natural language processing to text-mine from
the associated radiological reports. We resized the chest X-ray images to 192 x 192 resolution. For
this study, we focused on two diseases: pneumonia and pleural effusion. Accordingly, the disease
(D) node takes on three discrete values: 0 (no finding), 1 (pleural effusion), and 2 (pneumonia).
The training dataset consisted of 60,000 samples, with 20,000 for each scenario. Experiment setup
and implementation is listed in Appendix B, and the participants information is introduced in Ap-
pendix C.
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Dataset Effectiveness Composition Reversibility
MIMIC DISEASE (d) SSIM FID SSIM FID
Base-line 0.8487 0.9496  0.5439  0.9450 0.6425
Ours+10% 0.9056 09715 0.1451 0.9670 0.2361
Ours+20% 0.9193 09783  0.1387 0.9768  0.2357
Ours+30% 0.9272 0.9879  0.0608 0.9761 0.2942
CXR-8

Base-line 0.8155 0.9999 4.5e-10 09862 0.1242
Ours+10% 0.8687 0.9999 4.4e-10 0.9901 0.1410
Ours+20% 0.9088 0.9999 4.4e-10 09855 0.2784
Ours+30% 0.9248 0.9999 4.3e-10 09813 0.3511

Table 1: The counterfactual evaluation of the proposed model.

3.2. Counterfactual Image Generation with Active Learning

In our experiments, we first trained a baseline model proposed in Ribeiro et al. (2023) with the DAG
shown in Figure (2) and (3) using only data from the MIMIC dataset or ChestXray8 dataset. The
counterfactuals generated by this baseline model showed limited variation and minimal degrees of
change, as shown in Figure (2) and (3). We used the forgetting rate as a score function to quantify
the uncertainty of the dataset. We incrementally introduced synthetic data generated from the SCM
with the highest forgetting rates, adding an amount equivalent to 10% of the training set size in
each iteration. Figure (2) and (3) present the impact of incrementally incorporating synthetic data
into the training process, where each column represents an increasing proportion of synthetic data
(10%-30%). As the proportion of synthetic data increased, the causal model learnt more effectively,
leading to counterfactual generations that better capture clinically relevant patterns. Figure (3) and
(3) demonstrate that with more synthetic data, the model produced clearer and more meaningful
counterfactual effects, enhancing its ability to reflect underlying causal mechanisms in medical
imaging. To evaluate our model, we evaluated effectiveness, composition and reversibility, which
are fundamental properties of counterfactuals that are universally valid across all causal models
Monteiro et al. (2023). Table (1) illustrates the evaluation matrix and the evaluation curve shown in
Figure (4) (b). The source code and pre-trained models are publicly available at !

3.3. Clinician-assisted Evaluation

This section focusses on the evaluation of our results conducted by clinicians. The clinicians eval-
uate our results by completing the tasks described in Section Expert Evaluation. The goal of these
experiments is to evaluate whether the generated counterfactual X-rays are clinically meaningful
and practically useful in supporting clinical decision-making.

The results of Block 1 shows that participants achieved higher accuracy when assessing images
generated by our proposed model (36.9%) compared with the base line model (34.6%), reflecting
a numeric improvement of A = 2.3%. Specifically, the within-patient comparisons demonstrated
that our proposed model facilitated better diagnostic judgments for pleural effusion (A = 2.94%)
and healthy cases (A = 4.41%) compare to the baseline. Regarding visual fidelity, a paired-samples

1. https://github.com/YeefeiZZZ%/causal-gen—-lung
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Figure 4: a) Uncertainty Distribution of the datasets, where the x-axis is forgetting rate representing
a quantification of uncertainty and the y-axis is the percentage of the data. b) X-axis
represents the percentage of synthetic data added into the training set, and the y-axis
represents the Receiver Operating Characteristic Area Under the Curve (ROCAUC).

t-test demonstrated that images grenerated by our proposed model were rated as significantly more
realistic than the baseline model (¢(33) = —3.29,p = .002, A = 7.02, A = 7.02). Notably, realism
rating across all conditions hovered near the scale’s midpoint ( 50%), suggesting that participants
generally found it difficult to definitively distinguish between real and synthesised images. Exam-
ining the number of reasons provided by participants for these judgments, participants selected an
average of 15.65 reasons for images generated by our proposed model, compared to 14.29 for real
images. The difference between the counterfactuals generated by our model and real images was
not significant, further supporting the indistinguishability of the generated images.

The results of Block 2 shows that participants’ first decision accuracy was again relatively low,
with a mean of 51%, indicating a high level of difficulty or uncertainty during initial judgments.
To evaluate how effectively each counterfactual model supported diagnostic revision, we analysed
only those cases where the participant’s initial decision was incorrect. Figure (5) (a) in Appendix D
visualises these differences and highlights that regardless of model, having a counterfactual image
was always helpful as average performance always improved.This focused the analysis on instances
where correction was possible. Our model showed the greatest improvement, with participants
correcting their decisions on 27.91% of these cases, compared to 26.32% for the base line model.
Importantly, when excluding the highest improvement patients for each counterfactual model, the
difference in accuracy change increases from 1.59% to 3.87%, suggesting that the baseline model’s
performance was disproportionately elevated by outliers, while the our model showed more consis-
tent, robust improvements across participants.

Beyond accuracy, we examined whether counterfactual images helped participants align their
confidence with their actual diagnostic performance. Both models showed negligible correlations
between confidence and accuracy (r ~ 0) at initial diagnose. Results are visualised in Figure (5) (b)
in Appendix D. However, a critical divergence emerged upon the presentation of the counterfactual
images. For our proposed model, the correlation between confidence and accuracy improved sub-
stantially during the second decision(r(32) = 0.11,p = 0.106), indicating that our counterfactual
images helped participants better assess the correctness of their judgments. Conversely, the baseline

10
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model’s calibration declined (r(32) = —0.5, p = 0.46), implying that the counterfactuals generated
by baseline model were not beneficial and may have introduced confusion. The improvement was
particularly notable for specific pathologies. While the baseline model showed consistently poor
calibration across conditions, our proposed model drove significant improvements in pneumonia
cases. Calibration for pneumonia improved from a non-significant baseline to a statistically sig-
nificant positive correlation at the second decision (r(32) = 0.20,p = 0.046). This indicates that
our counterfactuals successfully bridge the gap between clinical judgment and diagnostic reality,
allowing clinicians to form more justified and accurate confidence assessments.

4. Discussion

Model accuracy alone does not ensure that the clinical observations represented in the counterfac-
tuals are reliable or clinically meaningful. To address this, we incorporated an expert model (eg.
TorchXrayVison Cohen et al. (2022)) into the training loop, selecting TorchXrayVision due to its
training on several large chest X-ray datasets and its high accuracy in disease classification tasks.
The results indicate that the inclusion of expert input significantly enhance the clinical relevance of
the generated images. For MIMIC dataset, when expert knowledge supervision was integrated, the
probability values for pneumonia (P(Pneumonia)) showed a marked improvement in alignment with
clinical expectations, increasing from 0.6640 to 0.8858 when applying do operation on pneumonia
and adjusting more realistically from 0.6315 to 0.4248 when applying do operation on no disease.
For ChestXray8 dataset, when expert knowledge supervision was integrated, the probability values
for effusion (P(Effusion)) showed a marked improvement in alignment with clinical expectations,
increasing from 0.5865 to 0.7183 when applying do operation on effusion and adjusting more real-
istically from 0.2153 to 0.0889 when applying do operation on no disease. This suggests that expert
model supervised counterfactuals provided a more accurate and clinically meaningful representa-
tion, which is crucial for reliable diagnostic decision-making. The visualisation of incorporating
expert knowledge into the generation can be found in Figures 6 and 7 in the appendix.

As shown in table 1, with the incorporation of synthetic data selected through active learning, the
model’s performance improves as additional synthetic data were introduced. Figure (4 a) presents
the forgetting rate distributions across various data configurations, including raw data alone and with
incremental additions of synthetic data (10%-30%). All distributions exhibited a pronounced peak
in the low forgetting rate range, indicating that most samples were relatively less challenging. As
the proportion of synthetic data increased, the peak decreased while the distribution broadened, sug-
gesting enhanced sample diversity and the introduction of more challenging instances. The resulting
heavy-tailed distribution, closely resembling the real data distribution, contributed to the improved
performance of the SCM. The results in Table (1) demonstrate that the expert model not only en-
hanced the effectiveness but also composition and reversibility. MIMIC dataset: For composition,
SSIM increases from 0.9715 to 0.9879 while FID decreased from 0.1451 to 0.0608 as the proportion
of synthetic data increased, indicating enhanced structural consistency. Similarly, for reversibility,
SSIM remained high, 0.9761, and FID decreased from 0.6425 to 0.2942, suggesting better recon-
struction fidelity. ChestXray8 dataset: For composition, SSIM remians from 0.9999 while FID
decreased from 4.5e — 10 to 4.3e — 10 as the proportion of synthetic data increased, indicating
enhanced structural consistency. Similarly, for reversibility, SSIM remained high, 0.9813, and FID
increased from 0.1242 to 0.3511, suggesting that reconstruction fidelity, while structurally robust,
experiences a slight distributional divergence. The observed increase in FID indicates that the in-
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clusion of synthetic data introduces subtle statistical discrepancies. While the pixel-wise structural
fidelity remains intact, as evidenced by the sustained SSIM, the feature distribution of the recon-
structed images diverges slightly from the original real-world manifold, thereby adversely affecting
perceptual quality metrics.

Expert evaluation aims to evaluate the clinical utility of counterfactual X-rays generated by our
proposed model, focussing on their impact on diagnostic accuracy among medical professionals.
The results indicate that our model offers distinct advantages in medical decision-making processes
compared to baseline approaches. In Block 1, while overall diagnostic performance reflected the
difficulty of the task, participants achieved higher accuracy using the proposed model compared
to the baseline, particularly for pleural effusion and healthy cases. The consistent numerical trend
suggests the proposed model better support clinical judgments. Additionally, X-rays generated by
the proposed model were rated as significantly more realistic than those generated by the baseline
model, indicating higher visual plausibility. Notably, participants found it difficult to distinguish
our synthetic images from real X-rays, as evidenced by the realism rating. This confirms that the
proposed model produces synthetic data with a high degree of fidelity, effectively mimicking au-
thentic medical imaging. In Block 2, the provision of counterfactual X-rays successfully facilitated
diagnostic revision following initial errors. Our proposed model demonstrated robust and consistent
improvements across participants, outperforming the baseline model, particularly when controlling
for outlier cases. Crucially, our proposed model imporved confidence-accuracy calibration, whereas
the baseline model did not, especially in pneumonia cases, where the correlation between confidence
and correctness reached statistical significance. Collectively, these findings demonstrate that high-
quality counterfactuals generated by our model effectively support clinical reasoning, aiding both
diagnostic correction and the alignment of clinician confidence with accuracy.

5. Conclusion

In this paper, we proposed a clinically meaningful counterfactual generation model capable of ef-
fectively intervening across various lung diseases. By introducing active learning with uncertainty
measurement, we refined the distribution of training samples, demonstrating that a heavy-tailed
data distribution, maintained through the selection of core sample sets, can significantly enhance
the structural causal model. Additionally we incorporated expert model into the framework to en-
sure that generated counterfactual images retain clinical relevance. Our evaluation method not only
assesses the effectiveness, composition and reversibility, but also leverages the expert model to
calculate disease probabilities for the generated counterfactual images, providing a more compre-
hensive assessment by comparing these probabilities to those derived from the original data. Our
model yielded effectiveness improvement of 9.25% for MIMIC Dataset and 13.40% for ChestXray8
dataset, respectively. Finally, the results were evaluated by human experts. We demonstrated that the
proposed counterfactual model generates realistic and clinically meaningful synthetic chest X-ray
images. Crucially, the use of these high-quality counterfactuals successfully aids in diagnostic error
correction and enhances confidence-accuracy calibration, thereby offering a reliable mechanism to
support and refine clinical judgments.
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Appendix A. Preliminary Probabilistic Causal Model Framework

A SCM, denoted as M, consists of two variable sets, the endogenous variables X = x1,x2, - , TN
and the exogenous variables U = wuq,ug, - ,uy, along with a set of causal mechanisms F =
f1, fo, -+, fn Pearl (2009). In an SCM, each endogenous variable x;, € X is defined by a func-
tion fj, depending on its direct causes pa,;, and an exogenous noise term u; € U, expressed as
xp: = fr(pay,uy). Graphically represented as a directed acyclic graph (DAG), an SCM satis-
fies the causal Markov condition, meaning each variable is conditionally independent of its non-
descendants given its direct causes Ribeiro et al. (2023). SCMs also enable counterfactual reason-
ing, allowing questions about hypothetical outcomes under alternative conditions. Counterfactuals
are calculated through a three-step process Pearl (2009): 1) Abduction—updating the exogenous
variable distribution P(U) based on observed evidence to infer P(U|X); 2) Action—applying an
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intervention do(z}, := c) to generate the submodel M, and 3) Prediction—estimating the counter-
factual distribution using < M., P(U|X) >. This structured approach enables SCMs to model and
answer complex causal and counterfactual questions effectively.

The deep structural causal model is based on a hierarchical variational autoencoder (HVAE)
Kingma et al. (2016); Sgnderby et al. (2016), and the HVAE is extended from a standard Variational
Autoencoder (VAE) Rezende et al. (2014) by applying hierarchical latent variable model (HLVM).
A HVAE model for data z is defined by a hierarchical latent mediator model using a prior over L

layers of hierarchical latent variables z;, where ¢ = 1, - - - | L, and it can be factorizing as:
L—1
p(x,21.) = p(x|z1.1)p(z1) [ ] p(2ilz>0). 3)
i=1

HVAE:s train the hierarchical generative model pg(x, z1.7,), where @ is the parameters of the model,
by demonstrating variational inference model g¢ (217, |x) and maximizing the evidence lower bound
(ELBO) on the marginal log-likelihood:

log po(x) > Egy (5., x) 108 Pg (x|21.1)] “4)
— Dxr(q¢(2z1:01%) || po(z1:1)), (5)

where Dy, is Kullback-Leibler Divergence. By optimizing the ELBO via trainable parameters
and ¢, the marginal pg(x) is close to a given data distribution pgu¢,(x). In Ribeiro et al. (2023),
the deep structure causal models (DSCMs) treat z as part of x’s exogenous noise, requiring an
unconditional prior p(z). Using a conditional HVAE framework decouples the conditioning on pa,
in the prior while enabling conditional sampling, the generative model is:

L—1
po(x,z1:0|pay) = po(x|z1., Pa,)pe(zL) [ [ pe(zilz>1), (6)

i=1
where z; and pa, are introduced into each layer of the top-down hierarchy as:h; = h;y1 +

(2, pay), z; ~ pe(z;|z>;), where h; is the hierarchy latent parameter. With this conditioning ar-
chitecture, the prior pg(z1.1,) becomes independent of pa,, but the likelihood is: pg(x|z1.1,, pay) =
N (x|ug(hy),09(hy)), where hy is the initial hierarchy mechanism, and ug and og are mean and
variance respectively. Here, N (x|, -)denotes a Gaussian distribution over x.

The counterfactual x should adhere to counterfactual conditioning on pa,, by exhibiting seman-
tically meaningful changes from x. As the mutual information (MI) term is intractable, a variational
technique Barber and Agakov (2004) is applied to define the lower bound of the MI,

o p(pPay|X) qy(pay/x)
1(pay; 7) =Ep(pa, ) [bg ( o(par) 90 (5ay %)
where ¢, (pay,|X) is the approximated variational distribution for p(pay,|x). In practice the random
interventions on pa, are performed by independently sampling each parent from its marginal dis-
tribution, and maximise the log-likelihood of the predictors with a given x sampled from the coun-
terfactual distribution Ribeiro et al. (2023), maxp,, 4, By, (x,pa,) [~ LcT(M; X, pa, )], where the
counterfactual loss is, Lot (M; x, pa,) =

)} > By llog g (P %)] + H(pay) (7)

K
- E [log gy, (Pa|x)] , ®)

k=1 ;fakfp(palg),
X~ Pp(x|do(pay,),x)
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Algorithm 1: Forgetting Events (Toneva et al., 2019; Coleman et al., 2020)
Initialize: accgtfl) « 0, Vie [n] Initialize: forget; <— 0, Vi € [n]
while training is not done do
Sample mini-batch B from dataset D for each example © € B do

Compute current accuracy accgt) if accgt_l) > accgt) then
| forget; < forget; + 1
end

accgtfl) — accgt)
end

Perform gradient update on classifier using B

end
return {forget; }” ;

and g, are parent predictors. The constraint of counterfactual training, denoted as ¢, negative ELBO
(free energy Jrp) of the pre-trained HVAE over the observational data, ensuring it does not increase
during counterfactual training. In Lagrangain form, the optimisation problem is reformulated as
minimising £; (0, ¢, \; x, pa,,)

= 'CCT(M;Xa pax) —)\(C—fFE(ead);Xapam))’ (9)

where ¢ is the trainable parameter.

Appendix B. Setup and Implementation Details

The stochastic latent variables in our HVAE spanned 5 resolution scales, reaching up to half the input
resolution: 12, 62,122, 242, 482,962. Each resolution scale incorporated the following number of
residual blocks: 2,4, 8,12, 8, 4. Each latent variable had 16 channels, and the feature map widths at
each resolution scale were 512, 192, 160, 128, 96, 64, 32, where 32 represented the width of the final
(deterministic) 192 x 192 upsampling residual block. We trained our HVAEs 200 epoches with batch
size of 32 and the AdamW optimizer. The initial learning rate was 5e~° with 100 iterations of linear
warm-up, [31, f2] = [0.9,0.9] in Equation 2 and 0.1 weight decay. The gradient clipping was set to
350 and gradient update skipping threshold was 500 based on the L2 norm of the gradients. The final
model was an exponential moving average of the parameters with a rate of 0.999. In the aspect of
data augmentation, zero-padding of 9 to all borders was applied and the random horizontal flips with
probability 0.5 was performed. The pixel intensities were normalised to a range of [—1,1]. Since
node D (disease) was not a continuous variable, normalizing flows can not be directly invertible. To
address this problem, the Gumbel-max parametrisation was applied Pawlowski et al. (2020). The
Gumbel-max trick was a method to draw a sample for discrete distribution, given its probabilities
over categories Ribeiro et al. (2023).

All experiments were performed on a Linux machine with 19-14900K, NVIDIA RTX 4090 and
128 GB memory. We implemented HVAEs based on Pytorch Ansel et al. (2024) and Pyro Bingham
et al. (2019), a universal probabilistic programming language supported by Pytorch.
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Appendix C. Participants

The study sample consisted of 42 participants, aged between 20 and 67 years (¢ = 26.1, 0 = 7.37,
24 Female, 18 Male). Participants were recruited via the online platform Prolific and were directed
to the online experiment platform Gorilla (https://app.gorilla.sc/). The recruitment period was the
2nd - 5th June 2025 (02/06/2025 - 05/06/2025). All participants were either medical students (26)
or medical doctors (16), with a combined average of 6.20 years medical experience (including
study time). The study was approved by the University College London Institutional Review Board
(IRB): 0487. They were provided with an information sheet outlining the study, including the
nature of the task, consent procedures, and data usage. Formal informed consent was obtained
before participation. All participants had the opportunity to ask questions or seek clarification via
the email address provided on the participant information sheet or via the researcher-participant chat
on Prolific (the online platform used to recruit). All consent records were automatically logged and
timestamped by the Gorilla platform, ensuring secure documentation. The study did not involve
minors; all participants confirmed they were 18 years of age or older before proceeding. Therefore,
parental or guardian consent was not required.

Appendix D. Extended Results
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Figure 5: a) Mean accuracy change between first and second decision by Patient and Model. b)
Pearson correlation of accuracy and confidence for first and second decision for each
counterfactual model.
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do(d=Pneumonia) do(d=No Disease)

With Expert With Expert
Observation Baseline Supervision Observation Baseline Supervision

Direct Effect

Uncertainty

P(Pneumonia)=0.0531 0.6640 0.8858 P(Pneumonia)=0.6839 0.6315 0.4248

Figure 6: Examples of counterfactual for MIMIC dataset. The probabilities of disease generated by
both baseline model, and our model are presented. The uncertainty is standard deviation
at each pixel.
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do(d=Pneumonia) do(d=No Disease)

With Expert With Expert
Observation Baseline Supervision Observation Baseline Supervision

-

i f@, !

Direct Effect

Uncertainty

P(Effusion)=0.2059 0.7183 P(Effusion)=0.7797 0.2153

Figure 7: Examples of counterfactual for ChestXray8 dataset. The probabilities of disease gener-
ated by both baseline model, and our model are presented. The uncertainty is standard
deviation at each pixel.
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