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Abstract. Subgroup annotations are central to medical AI applications
(e.g., for performance monitoring and robust training) but remain scarce
in most medical datasets. Subgroup discovery methods (SDMs) offer a
promising alternative by learning subgroup labels from data representa-
tions. However, current evaluation strategies limit their applicability by
relying on target ground-truth labels, mainly in toy setups with artifi-
cially induced groups. We propose an evaluation framework for SDMs
in medical imaging classification to benchmark state-of-the-art SDMs
across five medical imaging tasks: performance gap identification, defer-
ral, robustness to random seeds, metadata alignment, and domain adap-
tation. Our evaluation framework reveals that simple K-Means clustering
matches or outperforms sophisticated methods in most settings, and that
SDMs are highly sensitive to hyperparameters and random initialization,
requiring adaptation for real-world deployment. This work provides the
first practical benchmark for subgroup discovery in medical imaging, of-
fering evidence-based guidance for method selection while highlighting
critical gaps for future research.5

Keywords: subgroup discovery · trustworthy AI · post-market surveil-
lance.

1 Introduction

Subgroup annotations can enable a wide range of tasks in medical AI deployment.
Subgroup labels allow practitioners to audit models for performance dispari-
ties [2], guide targeted improvements through domain adaptation [1], monitor
distribution shifts across time [18], and implement selective prediction through
deferral mechanisms [23]. Metadata attributes, such as patient age or sex, are
typically used as subgroup annotations, but rich metadata are rarely available
and may not adequately capture meaningful variability in the data. On the other
5 Code: https://github.com/alceubissoto/divisions_benchmark

https://github.com/alceubissoto/divisions_benchmark
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Fig. 1. a) We propose a robust evaluation framework for subgroup discovery across five
downstream tasks. b) We evaluate SDMs in both supervised and unsupervised settings.
c) Our proposed tasks capture diverse subgroup characteristics.

hand, subgroup discovery methods (SDMs) [7,24,15,21,22] aim to reveal hidden
stratifications [14] by partitioning datasets into coherent groups based on model
representations and error patterns. However, existing methods have been eval-
uated primarily for a narrow application: identifying known failure modes in
controlled experimental settings.

This narrow focus creates significant limitations for practical deployment: i)
SDMs’ reliance on ground truth labels for bias analysis, and ii) their incom-
plete evaluation. First, most SDMs require access to task labels (e.g., disease
diagnoses) at test time to assign samples to discovered subgroups [7,24,15]. This
requirement restricts their use in critical post-deployment scenarios such as dis-
tribution shift monitoring or out-of-distribution detection, where test labels are
unavailable (Fig. 1b). Second, evaluations have centered on retrieving predefined
biases in synthetic settings with known ground-truth subgroups [7,21]. The stan-
dard metric, Precision-at-k [7], assesses only the top-k (usually 10) samples from
the best-performing subgroup, ignoring partition quality across the full dataset.

We propose a practical evaluation framework for subgroup discovery meth-
ods and use it to benchmark existing methods that utilize a variety of feature
extraction and clustering techniques (Fig. 1). We introduce minimal but neces-
sary adaptations to make existing SDMs deployable without ground truth task
labels, and benchmark them alongside their original formulation and a simple
baseline (K-Means) across two medical imaging datasets (CheXpertPlus [4] and
HAM10000 [20]) and five downstream tasks spanning performance monitoring,
selective prediction, robustness to random initialization, interpretability, and do-
main adaptation.

Along with our framework, we contribute to the field by (1) demonstrating
that a simple baseline can match state-of-the-art SDMs, and (2) identifying and
mitigating the overlooked issue of SDM instability across random initializations.
These contributions bridge the gap between subgroup discovery and medical
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imaging research, enabling developers to benchmark new methods and helping
practitioners select the best approach for their application context.

2 Methods

We propose an evaluation framework for SDMs and benchmark existing state-
of-the-art methods. For each dataset, we train a disease classification model, fit
SDMs on the validation set, and predict subgroup assignments across train and
test. Because all SDMs have stochastic components, we repeat each assignment
across 50 random seeds and aggregate via consensus clustering [13] (Sec. 2.2),
substantially improving assignment stability. We evaluate the resulting partitions
on five downstream tasks that comprise our comprehensive evaluation framework
(Sec. 2.3). Finally, we aggregate rankings across tasks and datasets using the
Bradley-Terry [3], which has gained popularity for ranking language models on
the LMArena platform [5]. The Bradley-Terry model estimates a latent strength
parameter per method from pairwise comparisons, yielding a global ranking that
is more robust to inconsistencies than simple average rank aggregation.

2.1 Subgroup Discovery Methods

Most SDMs rely on three information sources: feature embeddings, model pre-
dictions, and ground truth labels. To extend SDMs to post-deployment monitor-
ing tasks, we introduce two deployment-oriented properties: (1) no reliance on
test-time labels for the classification task, and (2) complete assignment of every
sample to at least one subgroup. We introduce minimal changes to adapt each
evaluated SDM to meet the above criteria (“unsupervised” setting). Then, we
benchmark them against their original design (“supervised”, using ground-truth
task labels). Whenever applicable, we also contrast SDMs with confidence- and
metadata-based baselines.

For K-Means, we extract penultimate-layer embeddings from the target
classification model, apply PCA to reduce their dimensionality to 128, and ap-
ply K-Means clustering. DOMINO (DOM) [7] fits a Gaussian Mixture Model
(GMM) over a combined representation of external embeddings (e.g., CLIP [16],
BioMedCLIP [25]) and target model predictions, weighted by a hyperparameter
w that increases the relative influence of predictions over embeddings. Origi-
nally, DOM used ground-truth task labels to train the GMM, but we removed this
reliance as proposed in [2]. RaVL [21] operates at the patch level. Images are
first divided into a grid, and embeddings (using CLIP or the target model) are
computed for each patch. Then, they fit K-Medoids clustering to patch represen-
tations, yielding patch-level subgroup assignments per sample. To assign each
image to a single subgroup, we propose aggregating patch-level assignments us-
ing majority voting. CoSi [24] follows a similar structure to DOM, but trains
a bias-amplified classifier to provide predictions. STB [15] also follows DOM’s
structure, but adds a fully connected layer after the penultimate layer of the
target model for dimensionality reduction. Both CoSi and STB fit a separate
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GMM per class in their supervised versions, resulting in K groups per class. We
modify them to fit a single GMM instead in their unsupervised versions.

We exclude LLM-guided approaches [9,8] from our analysis as they rely on
domain-specific textual resources that are not consistently available in medical
imaging and cannot capture hidden stratifications absent from text corpora.

2.2 Consensus Clustering

All SDMs we benchmark are sensitive to random initialization. To address this,
we adopt consensus clustering [13]. Each SDM is run 50 times with different
random seeds; each run fits the model on 80% of the validation set and gener-
ates predictions for all splits. To derive robust consensus subgroup assignments,
we compute a normalized consensus matrix Mi,j whose entries record the fre-
quency of pairwise co-occurrence across runs, and apply agglomerative hierarchi-
cal clustering. We cut the resulting dendrogram at K clusters. Finally, subgroup
labels are propagated to the test set using a 1-Nearest Neighbor classifier with
the Hamming distance, mapping each new sample’s co-occurrence profile to the
most similar membership history in the validation set. This procedure stabilizes
subgroup assignments and provides a natural basis for stability evaluation, one
of our downstream tasks to evaluate SDMs (Sec. 2.3).

2.3 Evaluation Tasks

We propose evaluating SDMs using five downstream tasks that reflect distinct
practical needs.

Performance gap identification. A common use case of subgroup annota-
tions is to reveal systematic performance disparities of a classification model [19,12].
For each subgroup partition, we compute the classification accuracy within each
subgroup and report the difference between the top and bottom 20th percentile
groups. A larger gap indicates that the partition successfully separates high- and
low-performing regions of the data. As baselines, we contrast SDMs with purely
confidence-based and metadata-based divisions.

Selective prediction (deferral). In safety-critical applications, it may be
preferable to defer predictions on samples where the model is error-prone [11]. For
all SDMs, we defer samples from the lowest-validation-performance subgroups
first, breaking ties by individual prediction confidence, and report accuracy on
the retained 80% after deferring the bottom 20%. Similar to performance gaps,
we include confidence-based divisions as a baseline.

Robustness to random initialization. A subgroup partition is only use-
ful in practice if it is reproducible. We measure robustness via the consensus
matrix from 50 runs (see Sec. 2.2), which records how often each pair of sam-
ples is assigned to the same subgroup. We report the gap between within-group
and between-group average co-occurrence, where higher values indicate that the
method consistently groups the same samples across initializations.

Metadata alignment. Subgroups are more actionable if they align with
interpretable characteristics. We assess whether discovered subgroups align with
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clinical metadata by fitting logistic regression models of the form (metadata ∼ sub-
group + target). The coefficient associated with subgroup membership is the
log-odds ratio between subgroup assignment and metadata after adjusting for
the target label. The log-odds inform how much more likely the metadata is to
appear in the subgroup. We report a coverage metric, where we weight each meta-
data attribute by its associated risk and consider it captured by an SDM if the
odds ratio exceeds 2.0 and survives false discovery rate correction at α = 0.05.

Domain adaptation. Subgroup annotations can support domain adapta-
tion. We first assign subgroup labels to out-of-distribution (OOD) samples using
the fitted SDM, then compare the subgroup prevalence between in-distribution
and OOD data, and finally retrain the classifier with importance weights reflect-
ing the OOD subgroup distribution. We report the OOD AUC after reweighted
training, averaged over three runs. The aim of this downstream task is to rank
SDMs by their ability to capture distribution-relevant structure, rather than to
outperform state-of-the-art domain adaptation.

2.4 Datasets and classification tasks

We evaluate SDMs on two medical image classification tasks:
CheXpertPlus [4] is a chest X-ray dataset of 223,228 images (178,684 train-

ing, 22,263 validation, 22,281 test) with multi-label annotations for 14 radiolog-
ical findings. We focus on cardiomegaly detection as a classification task. The
dataset provides metadata, including patient demographics, comorbidities, and
support devices. For domain adaptation, we use a subset of BRAX [17].

HAM10000 [20] is a dermoscopic image dataset for skin lesion classifica-
tion across seven labels with 10,015 samples. Our task of choice is melanoma vs.
benign, thus we remove carcinomas from the dataset, resulting in 5,762 train-
ing, 1,499 validation, and 1,822 test images. The dataset provides limited meta-
data (lesion location, patient age, sex, and diagnostic method). To enable richer
metadata alignment evaluation, we construct and make available additional an-
notations by applying ground truth lesion segmentation masks and extracting
lesion colour and shape features inspired by the metadata of SLICE-3D [10]. For
domain adaptation, we use a subset of BCN20000 [6].

3 Results

3.1 Experimental setup

We set the number of subgroups to K = 15 for CheXpertPlus, and K = 10
for HAM10000 to account for its smaller size. Fixing K across all SDMs, rather
than allowing methods to tune it, ensures a fair comparison. We used a ResNet-
50 as our classification model. For DOM, we evaluated three weight settings
(w ∈ {1, 10, 100}) and two external embedding models (CLIP [16] and Biomed-
CLIP [25]), treating each combination as a separate variant (DOM and DOM-Bio,
respectively). For RaVL, we evaluated patches extracted in a 4× 4 grid and used
CLIP (RaVL-CLIP) and the target model (RaVL-RN) to provide embeddings. For
CoSi and STB, we used the original hyperparameter search and values.



6 Bissoto et al.

Table 1. Comparison of subgroup division methods across five tasks: Performance gap
identification (Gap), Deferral (Def), Metadata alignment (Met), Stability to random
initialization (Rob), domain adaptation (OOD). We use a Bradley–Terry (BT) model
to aggregate scores into a final ranking. We highlight best and second-best results.
Deferral is not available in the supervised setting (–).

HAM10000 CheXpert Plus

Method Gap Def Met Rob OOD Gap Def Met Rob OOD BT
Unsupervised

K-Means 58.8 76.5 91.7 65.8 70.1 66.2 88.3 72.6 92.8 81.9 2.71
DOM(w100) 63.8 80.2 86.2 88.9 65.4 61.5 89.2 16.2 74.8 81.8 1.16
DOM(w10) 67.1 76.0 86.7 50.3 69.4 55.3 87.7 56.0 77.8 83.2 1.65
DOM(w1) 44.4 72.4 82.8 42.6 65.6 10.8 79.8 61.8 64.2 81.0 0.14
DOM-Bio(w100) 64.9 80.1 83.9 78.6 67.8 60.8 87.6 50.9 81.2 82.3 1.51
DOM-Bio(w10) 61.2 78.3 84.5 51.6 70.2 51.5 87.0 60.4 70.0 81.2 0.90
DOM-Bio(w1) 48.6 74.8 80.1 49.0 68.4 23.2 80.8 61.9 70.8 82.1 0.40
STB 50.8 73.7 86.9 72.1 66.6 58.6 86.5 62.0 64.3 84.5 0.94
CoSi 65.6 77.1 81.3 97.2 68.8 51.2 84.8 37.5 80.9 81.9 0.90
RaVL-CLIP 47.4 74.5 90.2 50.3 68.7 7.3 78.7 40.9 12.8 82.9 0.30
RaVL-RN 54.1 74.8 86.2 75.6 65.3 13.0 79.4 43.6 12.9 83.2 0.40

Supervised

K-Means (unsup.) 58.8 – 91.7 65.8 70.1 66.2 – 72.6 92.8 81.9 1.98
DOM(w100) 99.1 – 89.1 91.8 67.4 99.5 – 27.2 84.4 81.4 1.67
DOM(w10) 93.7 – 88.3 57.3 67.9 72.8 – 54.6 70.2 81.8 1.09
DOM(w1) 49.6 – 86.4 41.1 69.3 11.2 – 55.8 64.7 82.4 0.65
DOM-Bio(w100) 99.2 – 84.8 86.5 63.1 99.3 – 42.3 81.6 81.4 0.84
DOM-Bio(w10) 89.0 – 85.0 65.7 67.3 71.5 – 62.3 74.9 81.4 0.80
DOM-Bio(w1) 47.7 – 85.4 50.3 66.0 22.8 – 60.6 68.4 82.2 0.56
STB 75.1 – 83.0 70.4 56.4 78.6 – 63.9 63.5 82.1 0.69
CoSi 91.3 – 91.6 94.6 67.1 71.9 – 43.1 88.9 83.0 2.23
RaVL-CLIP 41.0 – 78.9 47.5 65.6 5.9 – 39.9 52.9 82.7 0.22
RaVL-RN 42.0 – 78.4 73.2 65.5 0.3 – 22.0 30.8 84.0 0.27

3.2 SDMs performance varies across downstream tasks

Target model guidance helps to identify high-performance gaps. The
models that revealed the highest accuracy gaps (above 55% in both datasets for
the unsupervised setting) were strongly influenced by the target model, e.g. DOM
variants that put higher weight (w >= 10) on predictions, or K-means, which
cluster target model features directly (Tab. 1, “Gap” columns). Unsurprisingly,
access to ground-truth labels improves results, as SDMs directly exploit model
errors. Yet, the gaps found in the unsupervised setting far exceeded disparities in
standard metadata (44.0% and 11.4% for HAM1000 and CheXpertPlus, respec-
tively) and in pure confidence-based subgroups (46.1% and 44.0%), confirming
that SDMs offer a meaningful advantage for performance monitoring [2].
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Fig. 2. Metadata matching results for the unsupervised setting. Heatmap cells repre-
sent log-odds ratios. Rows are sorted by the best methods for each dataset, and columns
are sorted by the metadata that cause the highest accuracy gaps.

SDMs with target model guidance outperform confidence-based
deferral. Similar SDMs also performed best in the deferral task (Tab. 1, “Def”
columns), with DOM variants (w ≥ 10), K-Means outperforming the baseline
(where samples were deferred based on confidence alone) and other SDMs on
both datasets. The deferral setting clarifies why confidence alone (73.3% and
82.7% for HAM1000 and CheXpertPlus, respectively) is insufficient: it cannot
distinguish high-confidence errors from low-confidence correct predictions. In-
corporating embeddings (as in DOM) encourages clustering samples according to
semantic concepts, providing context to defer problematic high-confidence cases.

SDMs capture high-risk attributes. K-Means identified subgroups most
aligned with high-risk attributes, capturing 91.7% and 72.6% of the risk asso-
ciated with metadata for HAM10000 and CheXpertPlus, respectively (Tab. 1,
“Met” columns), surpassing all SDMs even in the supervised setting. Most other
SDMs also demonstrated strong alignment with high-disparity metadata (Fig. 2),
with log-odds ratios typically above 1 across both datasets (i.e., attribute was at
least 2.7 times more likely to appear in the identified subgroup). The inclusion of
ground-truth labels (supervised setting) does not seem to affect this task much.
Results were consistently stronger on HAM10000, where metadata focused on
more easily encoded color and shape features, than on CheXpertPlus, where
complex comorbidities and patient characteristics posed a harder challenge.

SDMs are sensitive to random seeds. All compared SDMs were sensitive
to random seeds, so samples were often not consistently assigned together across
runs in both settings. Robustness varied significantly between SDMs (Fig. 3 and
Tab. 1, “Rob” columns). While some configurations led to robust partitions (e.g.
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Fig. 3. Consensus matrices showing the co-occurrence of samples across SDM runs in
the unsupervised setting. Panels a-d show SDMs with increasing robustness to random
seeds on CheXpertPlus (SDMs at {0, 33, 66, 100} percentiles). Rows and columns are
ordered by the final consensus labels. Robust methods exhibit strong within-group
co-occurrence (bright diagonal blocks) and low between-group co-occurrence (darker
off-diagonal regions).

K-Means on CheXpertPlus, Fig. 3d), the overall results underscore the need for
consensus clustering in any practical subgroup discovery pipeline.

Domain adaptation demands differ from those of other tasks. SDMs
that best combined target model guidance and external features performed best
at domain adaptation (Tab. 1, “OOD” columns). On HAM10000 to BCN20000,
the baseline OOD performance (without retraining) was 69.0 AUC, and the up-
per bound (when training on OOD directly) was 79.3 AUC. Here, DOM-Bio(w10)
led with 70.2, followed by K-Means at 70.1. On CheXpert to BRAX, the baseline
OOD performance was 82.2 AUC with an upper bound of 91.4 AUC (held-out
BRAX split) with STB reaching 84.5 AUC, followed by DOM(w10). Access to task
labels did not translate to improvements in OOD performance.

3.3 Overall ranking: the simple baseline is surprisingly competitive

We aggregated pairwise comparisons across all tasks and datasets using Bradley-
Terry ratings (Tab. 1, column “BT”). K-Means achieved the highest overall rating
(2.71) in the unsupervised setting, followed by DOM(w10). Under the BT model,
K-Means had an average win probability of 85% against all other methods, and
a 74% win probability against its closest competitor. Even more surprisingly,
K-Means was also competitive in the supervised setting despite not having access
to ground-truth labels and being much simpler to run than its SDM counterparts.

4 Discussion

Using our proposed framework for comprehensive evaluation of SDMs, we bench-
marked five state-of-the-art methods on practical downstream tasks in medical
imaging and assessed their robustness to random initialization. Our findings
challenge conventional assumptions about subgroup discovery. No single method
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dominated across all tasks, suggesting that different downstream applications
impose different requirements on the discovered subgroup structure. When the
target task is known in advance, practitioners may consult our per-task rankings
to select an appropriate method. We find that simple K-Means is a surprisingly
strong default, achieving the highest overall Bradley-Terry rating in unsuper-
vised settings and the second-highest in supervised ones.

A recurring challenge we identify is the sensitivity of SDMs to random seeds.
We propose a consensus clustering procedure that stabilizes subgroup assign-
ments across runs. We recommend this as a default post-processing step when
deploying SDMs in practice.

Our results show that SDMs provide meaningful benefits across all investi-
gated tasks, demonstrating their utility beyond the typical setting of identifying
spurious correlations, even without access to ground-truth target labels. Looking
ahead, we anticipate that our comprehensive evaluation framework will acceler-
ate the development of new SDMs by providing a clinically relevant benchmark.
We plan to release a live leaderboard to support continued benchmarking as new
methods and tasks emerge.
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