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Abstract

Deep medical clustering aims to discover latent disease subgroups from unlabeled medical
data. However, most existing approaches produce deterministic cluster assignments and
provide limited mechanisms for calibrated uncertainty communication or clinical interpreta-
tion. This paper proposes CUPID-Med, a conformal uncertainty-aware prototype discovery
framework for clinically interpretable deep medical clustering. CUPID-Med integrates medi-
cal foundation encoders, distributional latent representation learning, prototype-based deep
clustering, conformal uncertainty calibration, and clinically interpretable outputs. Rather
than assigning every sample to a single hard cluster, CUPID-Med generates calibrated
set-valued cluster predictions and flags ambiguous cases for expert review. The framework
was evaluated on a 5,000-image frontal CheXpert subset using a no-label training protocol,
where disease labels were excluded from training and used only for post-hoc clinical inter-
pretation. Preliminary clustering baselines applied to DenseNet121 embeddings produced
weak separation, with the best baseline Silhouette score of 0.0510. In contrast, the primary
CUPID-Med run achieved a Silhouette score of 0.5175, a Davies–Bouldin index of 2.7809,
and a Calinski–Harabasz score of 29,733.16, while also producing prototype assignments,
confidence estimates, and latent uncertainty scores. These results suggest that distributional
prototype learning can produce more structured and interpretable medical image subgroups
than deterministic clustering of fixed deep embeddings.

Keywords: deep medical clustering; medical foundation models; conformal prediction; un-
certainty quantification; prototype learning; interpretable medical AI; self-supervised learning;
CheXpert.
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1 Introduction

The rapid expansion of medical imaging, electronic health records (EHRs), and multimodal clin-
ical repositories has created major opportunities for data-driven discovery of disease phenotypes,
patient subgroups, and latent clinical trajectories. Modern healthcare systems routinely generate
large volumes of radiological images, laboratory measurements, demographic variables, physio-
logical time series, medication records, and diagnostic reports. However, only a limited portion
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of these data is annotated at the level required for supervised deep learning. Expert annotation
remains expensive, time-consuming, institution-dependent, and susceptible to inter-observer
variability. This limitation is particularly important in medical imaging and clinical decision
support, where disease manifestations are often heterogeneous, overlapping, and continuous
rather than clearly separable into predefined diagnostic classes. Consequently, unsupervised and
self-supervised learning have become increasingly important for extracting clinically meaningful
structure from large-scale unlabeled medical data [5, 6, 7].

Deep clustering aims to jointly learn discriminative representations and cluster assignments
in a unified latent space. Unlike conventional clustering methods such as k-means, Gaus-
sian mixture models, or spectral clustering, which operate on fixed handcrafted or pretrained
features, deep clustering methods optimize representation learning and grouping objectives
simultaneously. Early methods such as Deep Embedded Clustering (DEC) demonstrated that
representation learning and clustering can be coupled through a self-training objective based on
target-distribution refinement [1]. Subsequent approaches have incorporated contrastive learning,
pseudo-labeling, graph structure, and prototype-based learning to improve clustering quality
and robustness [5, 8, 9]. Recent surveys emphasize that the central challenge in deep image
clustering is no longer merely the selection of a clustering algorithm, but rather the interaction
between representation learning, semantic grouping, assignment refinement, and stability under
perturbations [6, 7].

In the medical domain, deep clustering is particularly relevant because clinically meaningful
labels are often incomplete, noisy, delayed, or unavailable. Medical subgroups may correspond
to latent disease phenotypes, imaging patterns, risk profiles, treatment response groups, or
progression trajectories that are not explicitly encoded in standard diagnostic labels. Clustering-
based analyses have been used to stratify patient cohorts from EHR data and to reveal clinically
interpretable subtypes with distinct risk characteristics [10]. In medical imaging, clustering
can support cohort discovery, dataset organization, weak-label refinement, anomaly detection,
and exploratory phenotype analysis. Nevertheless, medical deep clustering remains challenging
due to high intra-class variability, subtle inter-class differences, acquisition heterogeneity, class
imbalance, missing modalities, and the frequent absence of reliable ground-truth cluster labels.

The emergence of medical foundation models provides a promising direction for addressing
some of these limitations. Foundation models pretrained on large-scale medical image collections
or multimodal radiology data can learn general-purpose representations that are transferable
across downstream tasks with limited supervision [12, 13]. In radiology, multimodal foundation
models have been developed to integrate imaging data with clinical text and other patient-level
information, enabling flexible representation learning across imaging modalities and clinical
contexts [14, 15]. However, despite their representational power, foundation models do not by
themselves solve clinically reliable unsupervised subgroup discovery. Their embeddings may
encode acquisition artifacts, demographic confounders, institution-specific biases, or non-clinical
variation. Therefore, a medical clustering framework must not only exploit strong pretrained
representations, but also impose clustering-specific structure, uncertainty awareness, and clinical
interpretability.

Uncertainty quantification is essential for trustworthy medical clustering. In clinical practice,
uncertainty is not a secondary property but a fundamental component of decision-making.
Ambiguous imaging findings, borderline laboratory values, overlapping disease phenotypes, and
incomplete clinical histories often require expert review rather than automatic hard assignment.
Standard deep clustering methods typically produce a single cluster label or a soft assignment
vector, but rarely provide calibrated uncertainty estimates or formal mechanisms for identifying
uncertain samples. Conformal prediction offers a principled framework for uncertainty-aware
prediction by constructing set-valued outputs with distribution-free coverage guarantees under
exchangeability assumptions [16, 17, 18]. Although conformal prediction has been widely studied
in supervised classification and regression, its integration with unsupervised deep medical
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clustering remains underexplored.
Another barrier to clinical adoption is interpretability. A clustering result is useful in medicine

only if the discovered groups can be inspected, summarized, and related to clinically meaningful
characteristics. Cluster identifiers alone are insufficient. Clinicians require representative
prototypes, clinical signatures, uncertainty profiles, and interpretable subgroup summaries that
explain why cases are grouped together. This motivates clustering systems that are not only
numerically effective, but also transparent, calibrated, and clinically meaningful.

Conventional deep clustering pipelines typically map each patient to a single deterministic
cluster, even when the patient lies near the boundary between multiple latent phenotypes.
This creates a gap between the mathematical behavior of clustering algorithms and the clinical
reality of overlapping, uncertain, and heterogeneous disease patterns. CUPID-Med is designed
to address this gap by moving from deterministic clustering toward calibrated, interpretable,
uncertainty-aware medical subgroup discovery.

To address these limitations, we propose CUPID-Med: Conformal Uncertainty-aware
Prototype Discovery for Clinically Interpretable Deep Medical Clustering. CUPID-Med
integrates medical foundation encoders, distributional latent representation learning, prototype-
based clustering, conformal uncertainty calibration, and clinically interpretable output generation.
The central idea is that medical samples should not always be assigned to a single deterministic
cluster. Instead, ambiguous samples should receive calibrated set-valued cluster predictions or
be flagged for expert review.

The main contributions are as follows:

• We propose a conformal uncertainty-aware deep clustering framework for medical data that
combines medical foundation encoding, distributional latent representation learning, and
prototype-based subgroup discovery.

• We introduce a prototype discovery mechanism that yields representative cluster prototypes
and supports clinically interpretable subgroup summaries.

• We develop a conformal cluster assignment strategy that produces set-valued predictions and
supports expert-review flagging for uncertain or borderline cases.

• We define a CheXpert-based no-label training protocol in which disease labels are excluded
from training and used only for post-hoc clinical enrichment, uncertainty alignment, and
interpretability evaluation.

“‘
“‘latex

2 Related Work

Deep medical clustering sits at the intersection of representation learning, unsupervised grouping,
uncertainty estimation, interpretability, and clinical integration. To clarify the position of
CUPID-Med within this landscape, Fig. 1 summarizes the main methodological categories
relevant to this study. The taxonomy organizes prior work into five complementary dimensions:
representation learning, clustering strategy, uncertainty handling, interpretability, and clinical
integration. This organization also highlights the methodological gap addressed by CUPID-Med:
most existing methods improve one or two of these dimensions, whereas clinically useful medical
clustering requires all of them to be considered jointly.
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Figure 1: Taxonomy of related work in deep medical clustering. Existing studies can be organized
according to representation learning, clustering strategy, uncertainty handling, interpretability, and clinical
integration. CUPID-Med is positioned at the intersection of these categories by combining foundation
encoder-based representations, prototype discovery, conformal uncertainty calibration, and clinically
interpretable expert-in-the-loop outputs.

2.1 Representation learning for deep medical clustering

Deep clustering combines representation learning with unsupervised grouping. Classical clustering
methods such as k-means, Gaussian mixture models, spectral clustering, and hierarchical
clustering remain useful baselines, but their performance depends strongly on the quality of the
input representation. Deep clustering addresses this limitation by learning embeddings that
are optimized for grouping. Deep Embedded Clustering (DEC) introduced target-distribution
refinement to sharpen soft cluster assignments in a learned latent space [1]. IDEC extended
this idea by incorporating reconstruction constraints to preserve local structure [2]. VaDE
formulated clustering as variational inference under a Gaussian mixture prior [3]. DeepCluster
used cluster assignments as pseudo-labels for representation learning, while SwAV introduced
online clustering with swapped prediction between augmented views [4, 5].

Recent deep image clustering methods increasingly integrate contrastive learning, graph
structure, multi-view consistency, and prototype-based objectives [8, 9, 6, 7]. These approaches
improve cluster discriminability and robustness by shaping the latent space more explicitly than
conventional feature extraction. However, most of them are designed for generic image clustering
rather than safety-critical medical subgroup discovery. In particular, they typically return
deterministic cluster assignments and provide limited mechanisms for identifying ambiguous or
borderline samples.

2.2 Clustering strategies for medical data

Medical clustering is used to discover patient subgroups, imaging phenotypes, risk profiles, and
disease trajectories. In EHR analysis, deep clustering can reveal clinically meaningful patient
subtypes from structured tabular data [10]. In medical imaging, clustering can support cohort
discovery, dataset organization, weak-label refinement, anomaly detection, and exploratory
phenotype analysis. Prior work on deep medical image clustering has shown that transfer
learning can improve clustering quality when labeled data are scarce [11].

Despite these advances, medical clustering remains challenging because medical data are
heterogeneous, noisy, multi-label, and often ambiguous. A chest radiograph may contain multiple
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coexisting findings, and a patient may lie between several latent clinical phenotypes. Standard
clustering pipelines generally assume that each sample belongs to one discrete group, which
is poorly aligned with the continuous and overlapping nature of many clinical patterns. This
motivates clustering strategies that can represent uncertainty explicitly rather than forcing every
image into a single hard assignment.

2.3 Medical foundation models and multimodal encoders

Foundation models have become increasingly important in medical AI because they learn
transferable representations from large-scale medical image collections, radiology reports, or
multimodal clinical corpora [12, 13]. Generalist radiology foundation models and 3D vision-
language medical models aim to integrate images, reports, and clinical context across tasks and
modalities [14, 15]. These models can provide strong representations for downstream clustering
and subgroup discovery.

However, fixed foundation-model embeddings do not automatically guarantee clinically mean-
ingful clusters. They may encode acquisition artifacts, device-related patterns, demographic
confounders, or institution-specific variation. Moreover, foundation encoders typically provide
deterministic feature vectors rather than calibrated uncertainty-aware subgroup assignments.
CUPID-Med uses medical foundation encoders as representation backbones, but adds distribu-
tional latent modeling, prototype discovery, and conformal calibration to make the resulting
clusters more structured, reliable, and clinically interpretable.

2.4 Uncertainty handling in medical clustering

Uncertainty quantification is central to trustworthy medical AI. In medical clustering, uncertainty
is especially important because the goal is not only to group similar cases, but also to identify when
a case should not be assigned confidently to a single subgroup. Conformal prediction provides a
distribution-free framework for constructing prediction sets with finite-sample coverage guarantees
under exchangeability assumptions [16, 17]. In clinical settings, conformal prediction has been
studied for uncertainty communication, reliability, and safer decision support [18, 19, 20, 21].
Recent work also highlights practical limitations, including distribution shift, calibration-set
mismatch, and class imbalance [22].

Most conformal prediction methods target supervised classification or regression. Their use
in unsupervised clustering remains much less explored. Existing clustering methods may report
soft assignments or distance-to-centroid scores, but these values are usually not calibrated into
interpretable decision sets. CUPID-Med adapts conformal reasoning to unsupervised medical
clustering by converting prototype assignment scores into set-valued cluster predictions. Singleton
sets indicate confident subgroup assignment, whereas multi-cluster sets identify ambiguous cases
that should be reviewed by an expert.

2.5 Interpretability and clinical integration

Interpretability is a core requirement for clinical clustering. A clustering result is useful only if the
discovered groups can be inspected, summarized, and related to clinically meaningful characteris-
tics. Cluster identifiers alone are insufficient for clinical adoption. Clinicians need representative
cases, prototype examples, subgroup summaries, confidence estimates, and interpretable outputs
that explain why similar cases are grouped together.

Prototype-based methods are particularly relevant in this context because they represent
groups using learnable or retrieved exemplars. In medicine, this is aligned with case-based
reasoning, where clinicians compare a new patient with representative prior cases. Prototype
retrieval, cluster cards, and subgroup-level summaries can help determine whether a cluster
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reflects a meaningful radiographic phenotype, a technical artifact, or a mixed subgroup. CUPID-
Med incorporates a learnable prototype memory bank and retrieves representative samples for
each discovered subgroup, enabling cluster-level clinical interpretation.

Clinical integration also requires mechanisms for expert-in-the-loop review. Medical AI
systems should not only return predictions, but also indicate when uncertainty is high and
human review is needed. CUPID-Med addresses this requirement by combining prototype-based
interpretability with conformal set-valued prediction, allowing uncertain or borderline cases to
be flagged for expert review rather than being forced into a single cluster.

2.6 Positioning of CUPID-Med

The taxonomy in Fig. 1 shows that existing work has advanced representation learning, clustering
objectives, uncertainty quantification, interpretability, and clinical subgroup discovery, but these
directions are often treated separately. CUPID-Med is positioned as an integrative framework
that combines these components within a single medical clustering pipeline. Specifically, it uses
foundation encoder-based representations, learns a distributional latent space, organizes samples
around interpretable prototypes, calibrates cluster assignments using conformal prediction, and
produces outputs suitable for expert review.

This positioning defines the methodological contribution of CUPID-Med. Rather than
treating clustering as a purely numerical grouping problem, CUPID-Med frames deep medical
clustering as a calibrated and interpretable decision-support workflow. The goal is not only
to improve internal clustering metrics, but also to separate confident subgroup assignments
from ambiguous cases, support prototype-based inspection, and provide clinically meaningful
summaries of discovered disease subgroups. “‘

3 Proposed Method

3.1 Overview

CUPID-Med is a conformal uncertainty-aware prototype discovery framework for clinically
interpretable deep medical clustering. The overall architecture is shown in Fig. 2, while the
detailed methodological modules are illustrated throughout the following subsections. The
framework consists of five core stages: (i) medical data input and preprocessing, (ii) medical
foundation encoding and multimodal fusion, (iii) distributional latent representation learning,
(iv) prototype-based deep clustering, and (v) conformal uncertainty calibration with clinically
interpretable outputs. The method is designed for unsupervised subgroup discovery: diagnostic
labels are not required during training.
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Figure 2: Overall architecture of CUPID-Med. Medical data are encoded using image/health and clinical
encoders, mapped to a distributional latent space, organized around learnable prototypes, calibrated
using conformal uncertainty, and converted into clinically interpretable outputs.

Given an unlabeled multimodal dataset

D =
{(

x
img
i ,xclin

i

)}N

i=1
, (1)

where x
img
i is the image and xclin

i is the optional clinical vector, CUPID-Med learns K latent
disease subgroups. In the CheXpert image-only setting, xclin

i is omitted and the framework
reduces to an image-based clustering model.

3.2 Medical data inputs

The framework can ingest heterogeneous medical inputs, including diagnostic images and
structured clinical/EHR variables. In the general multimodal setting, image inputs may include
chest radiographs, CT, MRI, or other modality-specific scans, whereas structured inputs may
contain demographics, vital signs, comorbidities, laboratory measurements, medications, or
outcome-related metadata. Figure 3 summarizes the input formulation used by CUPID-Med. In
this study, the main experimental analysis focuses on the image-only CheXpert setting, but the
full formulation is retained because CUPID-Med is designed to scale naturally to multimodal
medical subgroup discovery.
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Figure 3: Medical data inputs considered by CUPID-Med. The framework supports both imaging inputs
and structured clinical/EHR variables, enabling unimodal or multimodal disease subgroup discovery
depending on dataset availability.

3.3 Medical foundation encoder

The medical foundation encoder maps raw medical inputs to a unified representation. Figure 4
provides the detailed architecture. The image/health encoder extracts visual representations, the
clinical encoder processes structured variables when available, and the fusion module integrates
modality tokens using Transformer blocks.
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Figure 4: Detailed Medical Foundation Encoder. The image/health branch uses patch embedding or
convolutional feature extraction followed by backbone layers, pooling/tokenization, and projection. The
clinical branch encodes structured EHR variables through feature embeddings and MLP/Transformer
blocks. The fusion module concatenates modality tokens, adds positional or modality encodings, and
applies cross-modal Transformer blocks to obtain the fused representation hi.

The image/health encoder fθ(·) produces

h
img
i = fθ

(
x
img
i

)
, h

img
i ∈ R

dimg . (2)
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For a ViT-style implementation, the image is partitioned into M patches, each embedded as

e
img
i,m = Wp vec

(
x
img
i,m

)
+ bp, m = 1, . . . ,M. (3)

A positional encoding p
img
m is added before the sequence is processed by attention blocks:

t
img
i,m = e

img
i,m + pimg

m . (4)

For a CNN implementation, convolutional features are pooled and projected to obtain h
img
i .

When structured clinical variables are available, they are standardized as

x̃clin
i =

xclin
i − µclin

σclin + ϵ
, (5)

and encoded by gϕ(·):

hclin
i = gϕ

(
x̃clin
i

)
, hclin

i ∈ R
dclin . (6)

A residual clinical block can be written as

u
(ℓ+1)
i = u

(ℓ)
i +Dropout

(
W

(ℓ)
2 GELU

(
LN

(
W

(ℓ)
1 u

(ℓ)
i

)))
. (7)

The multimodal token sequence is formed as

Tmulti
i =

[
T

img
i ;Tclin

i

]
+Pmulti, (8)

where Pmulti denotes positional/modality encodings. A Transformer fusion block is defined by

A(ℓ) = MHA
(
LN

(
T(ℓ)

))
+T(ℓ), (9)

T(ℓ+1) = FFN
(
LN

(
A(ℓ)

))
+A(ℓ). (10)

The fused representation is obtained by CLS or mean pooling:

hi = Pool
(
T

(Lf )
i

)
, hi ∈ R

d. (11)

3.4 Distributional latent representation learning

Medical data are often ambiguous, noisy, and heterogeneous. Therefore, CUPID-Med represents
each sample as a distribution rather than a deterministic point. A projection head rω(·) outputs
Gaussian parameters: [

µi, logσ
2
i

]
= rω(hi), (12)

where µi ∈ R
dz and σ

2
i ∈ R

dz . The latent distribution is

qi(z) = N
(
µi, diag(σ

2
i )
)
. (13)

Sampling uses the reparameterization trick:

zi = µi + σi ⊙ ϵi, ϵi ∼ N (0, I). (14)

The scalar uncertainty score is defined as

ui =
1

dz

dz∑

j=1

log
(
1 + σ2

ij

)
. (15)
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Figure 5: Distributional latent representation learning. Each sample is mapped to a Gaussian latent
distribution parameterized by a mean vector and uncertainty, while self-supervised and contrastive
objectives encourage invariance across views and discrimination across samples.

For self-supervised learning, two clinically plausible augmented views produce distributions

q
(a)
i and q

(b)
i . The self-supervised consistency loss is

Lssl =
1

N

N∑

i=1

[
DKL

(
q
(a)
i ∥ q

(b)
i

)
+DKL

(
q
(b)
i ∥ q

(a)
i

)]
. (16)

The contrastive objective is applied to normalized latent means:

Lcontrast = −
1

N

N∑

i=1

log
exp

(
sim(µ̄

(a)
i , µ̄

(b)
i )/τc

)

∑N
j=1 exp

(
sim(µ̄

(a)
i , µ̄

(b)
j )/τc

) , (17)

where τc is the contrastive temperature.

3.5 Prototype discovery and deep clustering

CUPID-Med maintains a learnable prototype memory bank

P = {p1, . . . ,pK} , pk ∈ R
dz , (18)
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where each prototype represents a latent disease subgroup. Prototypes are initialized using
k-means centroids in the pretrained latent space and then refined jointly with the network.

For a latent embedding zi, the prototype similarity is

sik =
sim(zi,pk)

τp
, (19)

and the soft assignment is

qik =
exp(sik)∑K
j=1 exp(sij)

. (20)

A refined target distribution is defined as

tik =
q2ik/

∑
i′ qi′k∑K

j=1

(
q2ij/

∑
i′ qi′j

) . (21)

The soft centroid of cluster k is

ck =

∑N
i=1 qikzi∑N
i=1 qik

, (22)

and the prototype refinement loss is

Lproto =
K∑

k=1

∥pk − ck∥
2
2 + λsep

∑

a ̸=b

max
(
0,msep − ∥pa − pb∥

2
2

)
. (23)

The clustering objective combines target alignment, compactness, and balance:

LKL =

N∑

i=1

K∑

k=1

tik log
tik
qik

, (24)

Lcomp =
1

N

N∑

i=1

K∑

k=1

qik ∥zi − pk∥
2
2 , (25)

q̄k =
1

N

N∑

i=1

qik, (26)

Lbal =

K∑

k=1

q̄k log q̄k, (27)

Lcluster = LKL + λcompLcomp + λbalLbal. (28)

3.6 Conformal uncertainty calibration

The conformal module converts soft cluster assignments into set-valued cluster predictions. For
a calibration sample, the pseudo-cluster label is

ỹi = argmax
k

tik. (29)

The nonconformity score combines low assignment confidence and latent uncertainty:

ai = 1− qiỹi + λuui. (30)

Given calibration set Dcal of size ncal, the threshold is

τα = Quantile⌈(ncal+1)(1−α)⌉/ncal
({ai}i∈Dcal

) . (31)
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For a test sample x, the cluster-wise nonconformity score is

ak(x) = 1− qk(x) + λuu(x), (32)

and the prediction set is

Γα(x) = {k ∈ {1, . . . ,K} : ak(x) ≤ τα} . (33)

If u(x) > δu or |Γα(x)| > M , the sample is flagged for expert review.

3.7 Clinically interpretable outputs

For each cluster k, CUPID-Med generates a cluster card summarizing representative images,
clinical enrichment when labels or metadata are available, uncertainty distribution, and prototype
retrieval. The set of samples assigned to cluster k is

Ck = {i : argmax
j

qij = k}. (34)

Representative cases are retrieved using

Rk = TopR (sim(zi,pk)) . (35)

For image interpretation, Grad-CAM or a similar attribution method is applied to the cluster-
prototype similarity score:

M
(k)
i = GradCAM

(
x
img
i , sim(zi,pk); fθ

)
. (36)

3.8 Overall objective and algorithms

The final training objective is

Ltotal = λ1Lssl + λ2Lcontrast + λ3Lproto + λ4Lcluster + λ5Lconf , (37)

where Lconf is a calibration-inspired regularizer that encourages empirical coverage near 1− α
while discouraging unnecessarily large prediction sets:

Lconf =
∣∣∣Ĉ − (1− α)

∣∣∣+ λsize
1

ncal

∑

i∈Dcal

|Γα(xi)|. (38)

Algorithm 1: End-to-end training of CUPID-Med.

1. Initialize encoder parameters, latent projection head, and clustering head.

2. Pretrain the representation using augmented views and optimize Lssl + Lcontrast.

3. Extract latent means {µi}
N
i=1 and initialize prototypes using k-means.

4. Jointly optimize the network and prototypes using Ltotal.

5. Estimate conformal threshold τα on the held-out calibration set.

Algorithm 2: Confidence-aware inference.

1. Encode a test sample and compute µ, σ, z, and u(x).

2. Compute prototype similarities and soft assignments qk(x).

3. Construct Γα(x) using Eq. (33).

4. Return the most probable cluster, the conformal cluster set, retrieved prototypes, cluster
card, and visual explanation.

5. Flag the sample for expert review if the uncertainty or prediction-set size exceeds the
predefined threshold.
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4 Experimental Design

This section presents the experimental protocol designed to evaluate CUPID-Med on the CheX-
pert chest radiography dataset. The protocol assesses four complementary aspects: clustering
quality, clinical relevance of discovered subgroups, uncertainty calibration, and prototype-based
interpretability. Disease labels are not used during training. They are used only after training
for post-hoc evaluation.

4.1 Dataset

CheXpert is a large-scale public chest radiography dataset consisting of 224,316 chest radiographs
from 65,240 patients collected at Stanford Health Care. It provides labels for 14 thoracic
observations extracted from radiology reports: No Finding, Enlarged Cardiomediastinum,
Cardiomegaly, Lung Opacity, Lung Lesion, Edema, Consolidation, Pneumonia, Atelectasis,
Pneumothorax, Pleural Effusion, Pleural Other, Fracture, and Support Devices [23]. Each
observation may be positive, negative, uncertain, or unmentioned. CheXpert is suitable for
CUPID-Med because it contains heterogeneous chest radiographic findings and explicit uncertain
labels, enabling evaluation of whether model uncertainty aligns with clinically ambiguous
radiological cases.

“‘latex

4.2 Protocol overview

The experimental protocol was designed to evaluate CUPID-Med under a no-label clustering
setting. The primary analysis used frontal chest radiographs from CheXpert. Lateral views were
excluded from the main setting to reduce view-dependent variability and to make the discovered
subgroups more comparable across samples. Images were resized, normalized, and processed
using clinically plausible augmentations. Patient-level splitting was used to avoid information
leakage, ensuring that all images from the same patient were assigned to the same split.

The filtered image dataset is defined as

D = {xi}
N
i=1, (39)

where xi denotes the i-th frontal chest radiograph. The corresponding CheXpert label vector is

yi = [yi1, . . . , yiC ], C = 14. (40)

These labels were excluded from representation learning, prototype initialization, clustering
optimization, and conformal calibration. They were used only after training for post-hoc clinical
enrichment, uncertainty alignment, and interpretability analysis. This design ensures that
CUPID-Med is evaluated as an unsupervised medical clustering framework rather than as a
weakly supervised classifier.

The dataset was divided at the patient level into training, calibration, and test subsets.
The training subset was used to learn the distributional latent representation and prototype
structure. The calibration subset was used only to estimate conformal thresholds for set-valued
cluster prediction. The test subset was used for final evaluation of clustering quality, conformal
behavior, clinical enrichment, and interpretability. “‘

4.3 Data selection and preprocessing

The primary experiments use frontal radiographs only. Images are resized to 224 × 224 for
CNN encoders and may be resized to 384× 384 or 512× 512 for ViT or high-resolution medical
foundation encoders. Grayscale images are converted to three channels when required by
pretrained backbones. Training augmentations include mild cropping, small-angle rotation,
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contrast perturbation, brightness jitter, and weak Gaussian noise. Strong transformations that
may alter pathological structures are avoided.

4.4 Training, calibration, and test splits

The dataset is divided into training, calibration, and test subsets:

D = Dtrain ∪ Dcal ∪ Dtest, Dtrain ∩ Dcal ∩ Dtest = ∅. (41)

Unless otherwise stated, an 80%-10%-10% split is used. Patient-level splitting is applied whenever
patient identifiers are available. The calibration split is used only to estimate conformal thresholds
and is not used for supervised learning.

4.5 Baselines

CUPID-Med is compared with classical clustering, deep clustering, and encoder-based baselines.
Classical baselines include k-means, Gaussian mixture models, spectral clustering, agglomerative
clustering, DBSCAN, and HDBSCAN. Deep clustering baselines include DEC, IDEC, VaDE,
DeepCluster, and SwAV-style prototype clustering [1, 2, 3, 4, 5]. Encoder-based variants
apply clustering to fixed embeddings extracted from ImageNet-pretrained CNNs, DenseNet-121,
ResNet-50, ViT, or medical foundation encoders.

4.6 Evaluation metrics

Because CheXpert is multi-label, cluster-label association is emphasized rather than assuming
a strict one-to-one mapping between clusters and labels. When a single reference label is
required, analyses are performed on subsets with a dominant single positive observation or
using a predefined dominant-pathology hierarchy. External clustering metrics include accuracy
after Hungarian matching, normalized mutual information (NMI), adjusted Rand index (ARI),
macro-F1, and purity. NMI is

NMI(Y,C) =
2I(Y ;C)

H(Y ) +H(C)
. (42)

Internal metrics include silhouette score, Davies–Bouldin index, Calinski–Harabasz index, com-
pactness, and separation. Prototype compactness is

Comp =
1

N

N∑

i=1

∥zi − pĉi∥
2
2 , (43)

and inter-prototype separation is

Sep =
2

K(K − 1)

K∑

a=1

K∑

b=a+1

∥pa − pb∥
2
2 . (44)

4.7 Clinical label enrichment

For each cluster k, the positive prevalence of observation c is

π+
k,c =

1

|Ck|

∑

i∈Ck

I[yi,c = 1], (45)

and the uncertain-label prevalence is

πu
k,c =

1

|Ck|

∑

i∈Ck

I[yi,c = −1]. (46)

These values form cluster-level clinical profiles. Statistical significance of label enrichment across
clusters is assessed using chi-square tests or Fisher’s exact tests where appropriate.
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4.8 Uncertainty alignment and conformal evaluation

For sample i, the CheXpert uncertainty count is

mu
i =

C∑

c=1

I[yi,c = −1]. (47)

The association between model uncertainty and CheXpert uncertainty is evaluated using Spear-
man correlation:

ρu = Spearman (ui,m
u
i ) . (48)

For conformal prediction, empirical coverage and average prediction-set size are

Ĉ =
1

n

n∑

i=1

I [ỹi ∈ Γα(xi)] , (49)

Ŝ =
1

n

n∑

i=1

|Γα(xi)|. (50)

The singleton rate and expert-review rate are also reported.

4.9 Ablation study

The ablation study evaluates CUPID-Med without distributional embeddings, without contrastive
learning, without prototype refinement, without target-distribution refinement, without conformal
calibration, without the latent uncertainty term, and without interpretability outputs. Each
variant is assessed using the same clustering, uncertainty, and clinical enrichment metrics.

4.10 Implementation details

Experiments are implemented in PyTorch. Images are resized to 224 × 224 unless otherwise
specified. The number of clusters is evaluated over K ∈ {5, 8, 10, 14, 20}. The conformal
confidence level is evaluated at 1 − α ∈ {0.80, 0.90, 0.95}, with 0.90 as the default. Models
are trained with AdamW and cosine learning-rate scheduling. Experiments are repeated with
multiple random seeds, and results are reported as mean and standard deviation.

5 Results

5.1 Experimental cohort and label characteristics

The experimental analysis was conducted on a 5,000-image frontal subset of CheXpert. The
original training metadata contained 223,414 radiographs, of which 191,027 were frontal acquisi-
tions. The working subset preserved the 14 CheXpert observations used for post-hoc clinical
interpretation. The mean patient age in the training metadata was 60.43 years with a standard
deviation of 17.82 years. Table 1 summarizes the experimental cohort.
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Table 1: Summary of the CheXpert experimental subset.

Statistic Value

Total training radiographs 223,414
Total frontal radiographs 191,027
Working subset size 5,000
Number of CheXpert labels 14
Mean age 60.43
Age standard deviation 17.82
Minimum age 0
Maximum age 90

Representative images from the working subset are shown in Fig. 6. The samples illustrate
the imaging heterogeneity present in the no-label training data, including differences in view
position, patient age, image contrast, support devices, and visible thoracic abnormalities.

Figure 6: Representative frontal chest radiographs from the CheXpert working subset. These examples
were used only to illustrate the data distribution; diagnostic labels were not used during CUPID-Med
training.

The label distribution was markedly imbalanced, as expected for real-world chest radiography
data. Support Devices, Lung Opacity, and Pleural Effusion were the most frequent positive ob-
servations in the working subset, with positive rates of 54.80%, 48.76%, and 39.84%, respectively.
In contrast, Pneumonia and Pleural Other were rare, with positive rates of 2.04% and 1.40%.
This imbalance motivates unsupervised subgroup discovery, because clinically relevant structure
may not be adequately represented by balanced class assumptions. The observation distribution
is reported in Table 2 and visualized in Fig. 7.
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Table 2: CheXpert observation distribution in the 5,000-image working subset.

Observation Positive Negative Uncertain Missing Positive rate

Support Devices 2,740 150 27 2,083 0.5480
Lung Opacity 2,438 123 115 2,324 0.4876
Pleural Effusion 1,992 688 227 2,093 0.3984
Edema 1,237 422 302 3,039 0.2474
Atelectasis 739 37 775 3,449 0.1478
Cardiomegaly 570 192 177 4,061 0.1140
Pneumothorax 468 1,327 68 3,137 0.0936
No Finding 461 0 0 4,539 0.0922
Consolidation 342 554 641 3,463 0.0684
Enlarged Cardiomediastinum 240 412 290 4,058 0.0480
Fracture 203 56 15 4,726 0.0406
Lung Lesion 199 24 27 4,750 0.0398
Pneumonia 102 47 424 4,427 0.0204
Pleural Other 70 8 36 4,886 0.0140

Figure 7: Positive-label distribution in the 5,000-image CheXpert working subset. The distribution is
strongly imbalanced, with support devices and lung opacity dominating the positive observations.

5.2 Preliminary baseline clustering on DenseNet121 embeddings

We first evaluated conventional clustering baselines on fixed DenseNet121 image embeddings. K-
means, diagonal-covariance Gaussian mixture models, and Ward-linkage agglomerative clustering
were applied across multiple values of K. These baselines provide a reference for the subsequent
CUPID-Med model and quantify the extent to which deterministic clustering of fixed deep
features can recover meaningful structure.

Among the preliminary baselines, K-means with K = 5 achieved the strongest internal
clustering metrics, with a Silhouette score of 0.0510, a Davies–Bouldin index of 3.6950, and a
Calinski–Harabasz score of 198.65. For the clinically motivated setting of K = 14, corresponding
to the 14 CheXpert observations, K-means yielded a Silhouette score of 0.0286 and a Davies–
Bouldin index of 4.0652. GMM and agglomerative clustering produced similar or weaker internal
separation. The baseline trends across K are shown in Fig. 8, and the compact quantitative
summary is given in Table 3.
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Figure 8: Baseline Silhouette scores across cluster numbers. Direct clustering of deterministic
DenseNet121 embeddings produced weak separation across all tested baseline methods.

5.3 CUPID-Med proposed method

CUPID-Med was trained as a distributional, prototype-driven clustering model on the same
DenseNet121 embeddings. The proposed model mapped each image to a 128-dimensional
distributional latent representation and learned 14 trainable prototypes. The primary saved run
was trained for 80 epochs and produced the complete set of output artifacts, including latent
means, log-variances, soft assignment probabilities, prototype vectors, confidence scores, and
uncertainty scores.

The primary CUPID-Med run achieved a Silhouette score of 0.5175, a Davies–Bouldin index
of 2.7809, and a Calinski–Harabasz score of 29,733.16. The mean assignment confidence was
0.4593 and the mean latent uncertainty score was 0.3565. The training loss decreased from 0.4825
at epoch 1 to 0.1353 at epoch 80, showing stable optimization of the prototype-based objective
(Fig. 9). A secondary 50-epoch run achieved a higher Silhouette score of 0.6216 and a lower
Davies–Bouldin index of 1.3220, but the prototype visualization step reported an empty-cluster
warning. Therefore, the primary 80-epoch run is treated as the official reproducible result, while
the 50-epoch run is reported as a sensitivity run requiring additional cluster-balance inspection.

19



Figure 9: CUPID-Med training loss. The prototype-learning objective decreased rapidly during early
epochs and stabilized by the end of training, indicating convergence of the proposed image-only CUPID-
Med implementation.

Prototype-nearest samples from the K = 14 CUPID-Med solution are shown in Figs. 10–11.
These visual outputs are included because they are central to the interpretability goal of the
proposed framework: each cluster can be inspected using representative chest radiographs rather
than being reported only as an abstract cluster index.
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Figure 10: Prototype-nearest samples for the CUPID-Med K = 14 solution, clusters 1–7. The split
layout prevents page overflow and keeps the representative radiographs readable for visual audit.
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Figure 11: Prototype-nearest samples for the CUPID-Med K = 14 solution, clusters 8–14. The retrieved
prototypes support case-based interpretation of the learned cluster structure.

Visual explanation status. The current experimental package reports representative input
radiographs and prototype-nearest samples as the primary visual interpretation outputs. We did
not include highlighted chest-region heatmaps in the quantitative results because the reported
CUPID-Med implementation was trained on precomputed DenseNet121 embeddings rather
than as an end-to-end image-to-cluster network. Producing Grad-CAM or similar anatomical
attribution maps would therefore require an additional end-to-end cluster-score backpropagation
experiment. To avoid unsupported visual claims, highlighted saliency maps are left for the next
experimental extension, while the present manuscript focuses on validated prototype retrieval,
cluster metrics, confidence scores, and latent uncertainty.

5.4 Comparison between preliminary baselines and CUPID-Med

Compared with the strongest preliminary baseline, CUPID-Med substantially improved latent
cluster separation. Relative to K-means with K = 5, the primary CUPID-Med run increased
the Silhouette score from 0.0510 to 0.5175 and improved the Davies–Bouldin index from 3.6950
to 2.7809. Compared with the clinically matched K-means baseline at K = 14, CUPID-Med
increased the Silhouette score from 0.0286 to 0.5175 and increased the Calinski–Harabasz score
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from 94.40 to 29,733.16. These improvements suggest that the proposed distributional prototype-
learning head produced a much more structured latent space than deterministic clustering of
the foundation-model embeddings.

Table 3: Comparison between preliminary baselines and CUPID-Med. NMI, ARI, and purity are
reported only for the post-hoc dominant-label baseline analysis. The primary CUPID-Med result is the
official saved 80-epoch run.

Method K Silhouette DBI CH NMI ARI Purity

K-means (best internal) 5 0.0510 3.6950 198.65 0.0242 0.0129 0.4280
K-means (clinical K) 14 0.0286 4.0652 94.40 0.0338 0.0080 0.4311
GMM-diag (clinical K) 14 0.0255 4.0447 92.90 0.0321 0.0087 0.4343
Agglomerative-ward (clinical K) 14 0.0088 5.0976 73.53 0.0306 0.0114 0.4284
CUPID-Med (primary) 14 0.5175 2.7809 29,733.16 – – –
CUPID-Med (secondary) 14 0.6216 1.3220 21,184.39 – – –

Figure 12: Silhouette comparison between preliminary baselines and CUPID-Med. The proposed method
produced substantially stronger latent separation than deterministic clustering of fixed DenseNet121
embeddings.
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Figure 13: Davies–Bouldin comparison between preliminary baselines and CUPID-Med. Lower values
indicate better compactness and separation.

The comparison also highlights an important limitation. The primary CUPID-Med run
produced strong internal separation but an imbalanced cluster-size distribution, with the smallest
cluster containing 2 samples and the largest cluster containing 1,132 samples. This behavior
suggests that the current prototype-balance regularization is not yet sufficient to guarantee
uniform prototype utilization. In this manuscript, this is reported transparently as a clinically
relevant finding: CUPID-Med discovers highly separated subgroups, but further tuning of balance
and conformal calibration is required before deploying the cluster assignments as stable clinical
phenotypes.

5.5 Implications for clinical interpretability

The baseline results show that simple clustering methods provide weak separation and limited
clinical structure. In contrast, CUPID-Med provides not only hard cluster assignments but also
soft prototype assignments, confidence scores, and latent uncertainty estimates. This makes the
method more suitable for medical subgroup discovery because ambiguous radiographs can be
identified rather than forced into a single cluster. The prototype retrieval outputs further allow
each discovered cluster to be inspected visually by representative chest radiographs.

Taken together, the results support the central hypothesis of CUPID-Med: uncertainty-aware
prototype learning can produce more interpretable and better-separated medical image subgroups
than standard clustering applied directly to deterministic deep embeddings.

6 Discussion

The central objective of this study was to test whether a conformal uncertainty-aware, prototype-
driven clustering head can transform fixed medical image embeddings into more clinically
inspectable and uncertainty-aware subgroups than conventional deterministic clustering. The
empirical results are aligned with this objective: baseline clustering on DenseNet121 embeddings
produced weak internal separation, whereas CUPID-Med produced substantially stronger latent
separation and additionally generated soft prototype assignments, confidence estimates, uncer-
tainty estimates, and prototype-nearest radiographs for visual inspection. The results therefore
support the methodological goal of moving from opaque hard clusters toward interpretable and
uncertainty-aware subgroup discovery. At the same time, the observed cluster-size imbalance
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shows that prototype utilization and conformal calibration require further refinement before the
method can be considered clinically deployable.

CUPID-Med is designed to address three limitations of existing deep medical clustering
pipelines: deterministic assignment, weak uncertainty communication, and limited clinical
interpretability. By using distributional latent embeddings, the model represents ambiguous
samples with increased uncertainty. By using learnable prototypes, it supports case-based cluster
interpretation. By applying conformal calibration, it produces set-valued cluster predictions and
identifies cases that require expert review. These properties are clinically important because
real medical data often contain overlapping phenotypes, uncertain radiological impressions, and
multi-label disease patterns.

The proposed CheXpert protocol is particularly suitable for evaluating CUPID-Med because
CheXpert provides uncertain labels and multi-label thoracic findings. The current results show a
substantial improvement in internal clustering separation over deterministic baselines and provide
visually inspectable prototype outputs. However, cluster-size imbalance remains a limitation
of the primary run and motivates stronger balance regularization and additional conformal
calibration analysis in future experiments.

7 Limitations and Future Work

Several limitations should be considered. First, CheXpert labels are automatically extracted
from radiology reports and may contain noise. Second, frontal-only experiments reduce view
variability but do not exploit lateral images. Third, conformal guarantees depend on calibration-
set representativeness and may be affected by distribution shift. Fourth, the current protocol
focuses primarily on image-only clustering, while the full multimodal potential of CUPID-Med
requires datasets containing images, structured clinical variables, and reports. Future work will
extend the framework to CheXpert Plus, MIMIC-CXR, and multimodal EHR-imaging datasets,
and will include expert radiologist assessment of cluster cards and prototype retrieval.

8 Conclusion

This paper presents CUPID-Med, a conformal uncertainty-aware prototype discovery framework
for clinically interpretable deep medical clustering. The method combines medical foundation
encoders, distributional latent representation learning, prototype-based clustering, conformal
uncertainty calibration, and interpretable output generation. The CheXpert experiments used
diagnostic labels only for post-hoc assessment and demonstrated that CUPID-Med can produce
substantially stronger latent cluster separation than direct clustering of fixed DenseNet121
embeddings. The results also highlight the need for additional cluster-balance regularization
and conformal calibration analysis. CUPID-Med aims to move deep medical clustering from
deterministic grouping toward calibrated, interpretable, and clinically meaningful subgroup
discovery.
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