Appendix of Clinically-Grounded Counterfactual Reasoning for Medical Video
Diagnosis

A. Additional Details about Colposcopy
A.1. Task Description

Colposcopy is a standard procedure for cervical cancer
screening, where the cervix is inspected under sequen-
tial reagent applications—saline, acetic acid, alcohol, and
iodine—to reveal tissue responses indicative of underlying
pathology [6]. During the examination, gynecologists de-
termine biopsy sites, i.e., specific anatomical regions from
which tissue samples are taken for histopathological confir-
mation [9]. Clinically, the cervix is divided into 12 clock-
position regions, and each region may contain one or more
suspicious lesions [2]. Expert colposcopists assess reagent-
induced color and texture changes such as acetowhiten-
ing, mosaicism, punctation, and iodine-negative areas [4].
Among these stages, the transition from acetic-acid reac-
tion to iodine staining provides the most discriminative cues
for identifying pathological regions and is therefore the pri-
mary basis for biopsy-site localization, as shown in Fig. A1.
Accordingly, the task is formulated as a multi-label classifi-
cation problem that predicts biopsy-site locations from the
full multi-stage colposcopy video.

A.2. Training Details

Each examination contains a four-stage colposcopy video.
For temporal modeling, the full sequence is divided into
overlapping 16-frame clips using a temporal stride of 8. The
overlap preserves smooth temporal continuity across stages
and ensures that reagent-induced tissue changes are consis-
tently captured for representation learning.

B. Additional Experiment

To assess the generalization ability of MEDV CR beyond
video-based diagnosis, we evaluate it on a static imaging
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Figure Al. Illustration of colposcopic biopsy-site determina-
tion. By comparing tissue responses between the acetic-acid and
iodine stages, clinicians localize suspicious areas on the cervix (or-
ganized into clock-position regions) for targeted biopsy sampling.
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Table Al. Quantitative results of mammography image analy-
sis on INBreast [5]. Results are obtained through five-fold cross-
validation. See Sec. B.1 for details.

Category Methods AUC 1
General ResNet50icverio) [3] 69.0
enera CNN-baSCd\.\nu AT16] [1] 76.0
Zhu et al.puceany [10] - 86.0
Breast-specific ~ Wu et al.jmvo) [8] 86.3
Wang et al.itiv21) [7] 90.9
MEDVCR (Ours) 93.4

task, i.e., bilateral mammography classification.

B.1. Mammography Image Analysis

Task description Mammography is the primary imag-
ing technique for breast cancer screening and diagnosis [7].
This experiment is designed to verify the generalization ca-
pability of the proposed counterfactual reasoning frame-
work. The breasts exhibit natural bilateral symmetry, where
lesions on one side rarely appear in the corresponding re-
gion of the opposite breast [10]. Therefore, radiologists
identify potential malignancies by examining asymmetries
between paired views. This task involves detecting patho-
logical lesions based on paired mammograms.

Dataset Experiments are performed on the public IN-
Breast dataset [5], a high-quality benchmark for mam-
mogram analysis. The dataset encompasses diverse lesion
types, including masses, calcifications, and architectural
distortions, representing challenging clinical scenarios. It
contains 410 mammograms from 115 cases, each with
paired left-right views and image-level BI-RADS annota-
tions verified by pathological examination. Following stan-
dard practice [7], images are labeled as malignant if BI-
RADS > 3, and benign otherwise. For bilateral analysis, 91
valid left-right pairs are used for five-fold cross-validation.

Metrics Performance is evaluated using AUC, follow-
ing [7].

Compared methods Bilateral mammogram analysis
is formulated as a binary classification task. Evaluation in-
volves three categories of representative methods.

* General methods. General image classification back-
bones, i.e., ResNet50 [3] and CNN-based method [1], are
employed as standard discriminative baselines.
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Figure A2. Visualization of mammography counterfactuals.
Given a malignant input (left), the model generates a benign hy-
pothesis (middle), which closely aligns with the appearance of the
true contralateral breast (right). See Sec. B.1 for details.

* Breast-specific methods. These methods explicitly model
bilateral breast symmetry for classification, including Zhu
etal. [10], Wu et al. [8], and Wang et al. [7].

* Ours. The proposed framework is adapted for mammog-
raphy by removing F* and retaining only F¢, which in-
dependently processes each mammogram image.

Quantitative results Results on INBreast [5] are pre-
sented in Tab. Al. MEDVCR significantly surpasses the
previous best method, Wang et al. [7] (e.g., 90.9%—93.4%
in AUC). This demonstrates that our framework generalizes
effectively to medical image analysis, validating its versa-
tility across different clinical imaging modalities.

Qualitative results To further examine the behavior

of the CG on static imaging, Fig. A2 presents qualitative
results on malignant mammograms. For each malignant
input (left), the generator produces a benign counterfac-
tual hypothesis (middle). For reference, we also show the
true contralateral breast (right), which is typically benign.
The generated benign counterfactual suppresses malignant
high-density regions and restores coherent glandular and
parenchymal patterns. Its morphology resembles the true
contralateral breast, demonstrating that our generator pre-
serves global breast architecture while selectively removing
pathology-specific structural abnormalities.

C. Discussion

Limitations and future work (i) Scope of genera-
tive modeling. Our CG is trained only to model short-
range transitions between adjacent clinical stages. Its ability
to synthesize longer-term or cross-stage evolution has not
been evaluated and may limit applicability to procedures
with complex temporal dynamics. (ii) Coverage of clini-
cal knowledge. The clinical rules incorporated in MED-
VCR reflect key diagnostic principles but do not encom-
pass the full range of reasoning strategies used by expe-

rienced clinicians. Additional domain knowledge or adap-
tive rule learning may further improve representation fi-
delity. (iii) Generality across modalities and institutions.
Although the framework shows strong performance across
colposcopy, colonoscopy, and mammography, broader vali-
dation on multi-center datasets and diverse imaging modal-
ities is necessary to assess the robustness of MEDV CR.

Broader impact This work explores the potential
of counterfactual reasoning for medical video diagnosis.
By generating clinically plausible benign-malignant hy-
potheses and explicitly modeling temporal tissue transi-
tions, MEDV CR provides more transparent and clinically
aligned diagnostic cues than conventional end-to-end meth-
ods. We hope this work encourages further development
of clinically grounded, interpretable diagnostic systems for
medical video analysis.
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