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Abstract

Deep neural networks achieve strong performance in medical image classification, but their
lack of interpretability hinders clinical adoption. Concept Bottleneck Models (CBMs) ad-
dress this by predicting human-understandable intermediate concepts, yet prior work has
focused almost exclusively on single-label tasks and has not examined CBMs under the
multi-label conditions typical of medical imaging. Because multiple concepts may appear
in an image regardless of the final task, CBMs are highly sensitive to class imbalance,
co-occurring pathologies, and concept noise. We present the first systematic study of
label-free CBMs for multi-label chest X-ray classification, using LLMs to generate concepts
and VLMs to align them with images. We evaluate performance, robustness, and inter-
pretability under realistic clinical conditions, analyzing long-tail label distributions, label
co-occurrence, and the impact of VLM choice on concept alignment and downstream pre-
diction. Experiments show that label-free CBMs achieve competitive AUROC but reduced
precision on minority classes, with performance strongly influenced by backbone selection
and class imbalance. Medical-domain VLMs (e.g., BiomedCLIP, BioViL, RAD-DINO) pro-
vide consistent gains, and balanced losses improve minority-class sensitivity. Concept-level
analysis indicates that pseudo-concepts are reliable for common conditions but unstable
for rare ones, affecting multi-label prediction quality. Overall, this work offers the first
comprehensive evaluation of label-free CBMs in multi-label medical imaging and practical
guidelines for building interpretable, clinically meaningful models.

Keywords: Concept bottleneck models, Multi-label classification, vision-language models,
interpretability.

1. Introduction

Artificial intelligence (AI) has significantly advanced medical image analysis, improving di-
agnostic speed, accuracy, and consistency across modalities such as chest X-ray and CT
(Faiyazuddin et al., 2025). Despite strong performance, deep neural networks (DNNs) re-
main “black boxes,” limiting clinical trust and adoption in safety-critical settings (Kim
et al., 2023b; Yan et al., 2023b; Chowdhury et al., 2024). Concept Bottleneck Mod-
els (CBMs) (Koh et al., 2020) offer an interpretable alternative by predicting human-
understandable concepts before making a final decision. However, traditional CBMs require
expert-annotated concepts, which are costly and difficult to scale in medical imaging. Label-
free CBMs address this by generating concepts automatically using large language models
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(LLMs) and aligning them with images using vision–language models (VLMs) (Oikarinen
et al., 2023; Yang et al., 2023).

Despite this progress, current CBM research has notable limitations. (1) Prior work
focuses almost exclusively on single-label classification for natural images or isolated med-
ical tasks (Yang et al., 2023; Oikarinen et al., 2023; Yan et al., 2023b), leaving multi-label
medical imaging largely unexplored. (2) The influence of different VLMs—such as CLIP,
BiomedCLIP, BioViL, and RAD-DINO—on concept alignment and downstream CBM be-
havior remains poorly understood. (3) Existing evaluations rarely incorporate multi-label
metrics or account for severe class imbalance, making it unclear whether current CBM
findings extend to realistic clinical scenarios.

Importantly, CBMs are inherently multi-label systems, because multiple concepts may
be simultaneously present in an image—even when the downstream task is single-label. In
medical imaging, where pathologies frequently co-occur, this CBM-induced multi-labeledness
interacts with real-world factors such as long-tail distributions, correlated abnormalities,
and concept noise. This makes multi-label evaluation not only relevant but essential. In
this work, we conduct the first systematic study of label-free CBMs for multi-label chest
X-ray classification, exploring how pseudo-concepts behave under real-world conditions.
Using the NIH ChestX-ray14 dataset (Wang et al., 2017), we examine CBM performance,
imbalance robustness, and concept reliability across several medical-domain VLMs.

Specifically, we investigate: How well do label-free CBMs perform on multi-label medical
image classification? How does CBM performance change under extreme class imbalance
and long-tail prevalence? How reliable and clinically meaningful are the generated (pseudo-
) concepts? How strongly does VLM choice influence concept alignment and downstream
predictions?

This work makes the following contributions:

• We present the first comprehensive evaluation of label-free CBMs on a multi-label
medical imaging task.

• We analyze how class imbalance, label co-occurrence, and long-tail distributions affect
CBM performance and interperability, revealing that the often-used AUC metric is a
poor indicator of the multi-label prediction quality.

• We compare several medical-domain VLMs—including BiomedCLIP, BioViL, BioViL-
T, and RAD-DINO—and show their impact on multi-label CBM behavior.

Overall, this study provides the first thorough understanding of how label-free CBMs
operate under realistic multi-label clinical conditions and outlines practical directions for
building more reliable, interpretable, and clinically meaningful CBM-based systems.

2. Related work

2.1. Multi-Label Classification

Multi-label learning addresses problems where each instance can be associated with multiple
labels simultaneously, requiring models to account for correlations among labels rather than
assigning a single class (Ju et al., 2024; Wu et al., 2020; Huang et al., 2021; Zhang and Wu,
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2024). This makes multi-label classification (MLC) inherently more challenging than binary
or multi-class tasks. A major difficulty in MLC is the long-tailed distribution of labels: a few
classes dominate the dataset, while many others are rare (Ju et al., 2023; Holste et al., 2023;
Cao et al., 2019). This imbalance is especially pronounced in medical imaging, where some
diseases are rare and collecting large numbers of examples is difficult (Ju et al., 2023, 2024).
For example, chest radiographs often contain multiple abnormalities, yet most images reflect
only a few common conditions (Holste et al., 2024; Ridnik et al., 2021; Irtaza et al., 2024).

MLC has been widely explored in image, text, and biomedical domains (Li et al., 2017).
Classical approaches include binary relevance (BR) (Zhang et al., 2018), which treats labels
independently, and methods that model label dependencies, such as classifier chains (Read
et al., 2011) and RNN-based label modeling (Yao et al., 2017). To address class imbalance,
several strategies have been proposed. Data-based methods such as over- and under-
sampling can help but risk overfitting rare classes or increasing noise (Wu et al., 2020; Fang
et al., 2023). Loss-based methods modify the objective to emphasize minority labels,
including Focal Loss (Dong, 2020), Distribution-Balanced Loss (Wu et al., 2020), asymmet-
ric and two-way losses (Ridnik et al., 2021; Holste et al., 2024), contrastive-based formula-
tions (Zhang and Wu, 2024), hierarchical penalty losses (Asadi et al., 2025), and rank-based
losses targeting rare labels (Hanif et al., 2025). Modeling-based approaches such as bag
of multi-label descriptors (BoMD) (Chen et al., 2023) and multi-label boosting (Thach
et al., 2025) aim to better capture label co-occurrence and improve tail-class performance.
Despite extensive work, no single method fully resolves the combined challenges of label
correlation, rarity, and multi-pathology co-occurrence, particularly in medical data. These
limitations have motivated our evaluation of loss-based strategies within a label-free CBM
setting to better understand their effectiveness in multi-label medical imaging.

2.2. Multi-Label Classification in Medical Imaging

Multi-label classification is essential in medical imaging, where a single sample often con-
tains co-occurring abnormalities. Chest X-rays exemplify this setting, with common combi-
nations such as effusion, consolidation, and edema. This introduces three key challenges: (i)
severe long-tailed distributions, with a few common diseases dominating and many clinically
important ones remaining rare (Wang et al., 2017; Holste et al., 2024; Irtaza et al., 2024);
(ii) strong label dependencies that reflect meaningful clinical co-occurrence patterns (Asadi
et al., 2025; Kumar et al., 2018); and (iii) label noise and uncertainty, particularly in weakly
annotated datasets such as NIH ChestX-ray14 (Cid et al., 2024; Efimovich et al., 2024).

To address these difficulties, recent work has explored a range of architectures and
training strategies. CNN-based and transfer learning models—including ResNet, Efficient-
Net, DenseNet, and ConvNeXt—remain widely used for multi-label prediction (Pillai, 2022;
Kufel et al., 2023; Khan et al., 2024). Competitive results in recent benchmarks, such as
the CXR-LT Challenge (Holste et al., 2024), have relied on ImageNet-pretrained backbones
such as ConvNeXt, EfficientNetV2, ResNeXt101, combined with standard techniques such
as augmentation, class weighting, and model ensembling. A variety of methods have been
proposed to mitigate class imbalance and capture label relationships. Loss-based strate-
gies—such as focal loss, distribution-balanced loss, asymmetric variants, and ranking-based
objectives like FZLPR—aim to improve performance on rare classes (Wu et al., 2020; Hanif
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et al., 2025). Other approaches incorporate hierarchical or cascaded structures to explicitly
model label dependencies (Asadi et al., 2025; Kumar et al., 2018). Multimodal solutions
further reduce label noise by aligning visual features with text reports, including frame-
works such as X-RayDar (Cid et al., 2024) and vision–language models like BiomedCLIP-
PubMedBERT (Ganapathy et al., 2024).

Despite this progress, multi-label medical imaging remains challenging due to rare dis-
ease classification, correlated abnormalities, and noisy or incomplete labels. These issues
are particularly impactful for concept-based models, where intermediate concept quality
directly shapes final predictions. In label-free CBMs, concepts generated via large language
models and aligned through vision–language models add an additional layer of sensitivity
to imbalance and noise. Motivated by these challenges, we evaluate four imbalance-aware
loss functions from the multi-label literature to assess their effect on CBM performance in
a medical multi-label task.

2.3. Vision-Language Models (VLMs)

Foundation models—large neural networks pretrained on massive multimodal datasets—have
transformed machine learning by enabling broad generalization and flexible adaptation
across downstream tasks (Minaee et al., 2024). VLMs extend this capability by aligning
visual and textual representations, making them especially useful for interpretable visual
reasoning and zero-shot recognition. CLIP (Radford et al., 2021), a prototypical VLM,
uses paired image–text encoders to project both modalities into a shared semantic space,
enabling strong generalization and serving as the basis for many adaptation methods such
as prompt learning (Khattak et al., 2025).

In the medical domain, general-purpose VLMs often struggle because clinical images
exhibit subtle pathologies that differ from natural images. To address this mismatch, sev-
eral domain-adapted VLMs have emerged. BiomedCLIP (Zhang et al., 2023) leverages
large-scale biomedical image–text pairs to improve semantic grounding in clinical terminol-
ogy, while BioViL (Boecking et al., 2022) and BioViL-T (Bannur et al., 2023) incorporate
radiology reports during pretraining to strengthen alignment between chest X-rays and ra-
diological concepts. These medical VLMs have demonstrated superior performance in tasks
such as zero-shot classification, report retrieval, and disease localization, making them par-
ticularly suitable for concept-based modeling in medical imaging.

2.4. Concept Bottleneck Models (CBMs)

Concept Bottleneck Models (CBMs) (Koh et al., 2020) replace black-box prediction with
a two-step process: first predicting human-interpretable concepts, then using them to infer
the final label. This modular structure offers transparency, supports test-time interventions,
and improves error analysis, making CBMs particularly attractive in high-stakes domains
such as medical imaging (Oikarinen et al., 2023; Yang et al., 2023). CBMs require tuples
(x, c, y) during training, where a concept encoder predicts ĉ = g(x) and a label predictor
maps these concepts to ŷ = f(ĉ). Different training regimes (sequential, independent, joint)
achieve comparable accuracy (Koh et al., 2020), though independently trained CBMs better
support human correction of predicted concepts (Gupta and Narayanan, 2024).
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Figure 1: Pipeline Overview for Multi-Label Label-Free CBM Training.

CBMs can be trained in concept-supervised or label-free settings. Concept-supervised
CBMs rely on predefined, annotated concepts and provide strong interpretability and con-
trollability. Extensions include probabilistic CBMs (Kim et al., 2023a), graph-structured
concept reasoning (Xu et al., 2025), and prototype-based visual grounding for spatial inter-
pretability (Huy et al., 2025). Semi-supervised variants further reduce annotation demands
by aligning unlabeled data with concept predictions (Hu et al., 2025).

Label-free CBMs remove the need for manual concept annotation by generating concepts
automatically—typically with LLMs—and aligning them with images using vision–language
models (Oikarinen et al., 2023). Later work improves concept selection and noise reduction
through submodular optimization (Yang et al., 2023), visual activation scoring (Kim et al.,
2023b), and object-centric grounding (Steinmann et al., 2025). These methods achieve
performance competitive with supervised CBMs while remaining scalable.

CBMs have been applied to natural image datasets such as CUB, CIFAR, and Ima-
geNet, and increasingly to medical imaging tasks including chest X-rays, histopathology,
and dermatology (Sun et al., 2025; Yan et al., 2023b). While concept-supervised CBMs offer
precise, faithful explanations, label-free CBMs provide broader scalability. Key remaining
challenges include reducing concept noise, ensuring faithful reasoning, and extending CBMs
to complex multi-label medical settings—motivating the evaluation conducted in this work.

3. Methodology

In this section, we present an automated pipeline for training a label-free CBM for multi-
label chest X-ray classification. The approach integrates four components: (i) clinically
meaningful concepts automatically generated using an LLM and filtered, (ii) concept em-
beddings obtained via a pretrained text encoder, (iii) concept–image alignment scores com-
puted by pretrained VLMs, and (iv) a downstream multi-label classifier operating on the
resulting concept bottleneck representation. The complete pipeline is illustrated in Figure 1.
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3.1. Problem Setting

Let the training dataset be D = {(xi, yi)}Ni=1, where xi ∈ RH×W×C is an input image
of height H, width W , and C channels, and yi ∈ {0, 1}M is a binary vector indicating
the presence or absence of M possible labels. Let C = {c1, c2, . . . , cT } denote the set of
visual concepts obtained from LLMs or expert-defined sources. We use a vision encoder
EI : RH×W×C → Rd and a text encoder ET : C → RT×d, both initialized with pretrained
parameters from large-scale image or image-text datasets. The concept scores Si for an
image xi are computed as:

Si = EI(xi) · ET (C)⊤. (1)

The concept score Si ∈ RT represents the similarity between the image and each concept,
and · denotes the dot product or cosine similarity. Then, an interpretable multi-label
classifier f : S = Si → Y predicts labels based on the concept activations.

3.2. Concept Generation via LLMs

Given a class label yi, we query a large language model (GPT-4) to generate a candidate
set of concepts Craw

i . Following prior work (Oikarinen et al., 2023; Yan et al., 2023b), the
queries were formulated as:

"What are the useful radiology descriptors to distinguish {class_name}?"

"Which concepts distinguish {class_name_A} from {class_name_B}?"

where class name refers to pathologies such as Atelectasis or Pneumonia. To ensure
clinical relevance, the raw concepts are filtered automatically by: (i) removing excessively
long phrases, (ii) eliminating redundant or overlapping entries, and (iii) discarding concepts
too similar to the original pathology name. The filtered set Craw

j is then used as Ci =
Filter(Craw

i ).
After filtering, the final concept set contains 56 distinct concepts. For example, a list of

concepts generated for the pathology ”Mass” and ”Cardiomegaly” includes:

Mass:

- "pulmonary mass",

- "space occupying lesion",

- "well defined opacity",

- "lobulated density".

Cardiomegaly:

- "enlarged cardiac silhouette",

- "increased cardiothoracic ratio",

- "prominent heart size".

These concepts are subsequently encoded via a pretrained text encoder ET to obtain
embeddings. The resulting concept embeddings serve as the intermediate, interpretable bot-
tleneck for our label-free CBM, enabling multi-label classification without requiring manual
concept annotations.

3.3. Concept-Image Alignment

To align the image features with the generated concepts, we computed the cosine similarity
between their embeddings.

Si,j =
EI(xi) · ET (cj)

∥EI(xi)∥ ∥ET (cj)∥
, Si = [Si,1, Si,2, . . . , Si,|Ci|], (2)
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where EI(xi) ∈ Rd is the image embedding, ET (cj) ∈ Rd is the concept embeddings, ·
denotes the dot product, and ∥·∥ is the ℓ2 norm. Si contains the similarity scores between the
image embedding and each concept embedding. Higher values indicate a strong correlation.
We assume EI and ET are initialized with pretrained parameters from large-scale image
or image-text datasets, such as ImageNet or medical imaging datasets, providing strong
multi-modal embeddings for computing meaningful concept scores.

We selected a variety of backbones and VLMs such as ResNet-50 (baseline) and CLIP (Rad-
ford et al., 2021), trained on ImageNet, as well as specialized VLMs for the medical domain,
including BioViL (Boecking et al., 2022), BioViL-T (Bannur et al., 2023), and BioMed-
CLIP (Zhang et al., 2023). Additionally, we use RAD-DINO (Perez-Garcia et al., 2025),
a vision transformer trained to encode chest X-rays via the self-supervised method DI-
NOv2 (Oquab et al., 2023). These VLMs were selected based on their reported perfor-
mance in chest X-ray classification and segmentation tasks (Yan et al., 2023b; Ganapathy
et al., 2024; Srivastava et al., 2024; Li et al., 2025) and because several have been explicitly
tuned for radiology imaging. Table 3 shows more details about their image and text en-
coders. Since RAD-DINO is an image-only encoder, we adopt the approach from (Barsellotti
et al., 2025) and use the BioMedCLIP text encoder to obtain concept embeddings. These
embeddings are then aligned with RAD-DINO’s patch-level image features via similarity
computation, resulting in concept activation vectors.

3.4. Multi-Label Classification

Finally, we train a classifier fθ on the fixed concept scores Si to predict the multi-label
vector ŷi:

ŷi = fθ(Si), ŷi ∈ [0, 1]M . (3)

where a sigmoid activation is applied to each output dimension to handle multi-label pre-
dictions independently. The model is trained using the binary cross-entropy (BCE) loss
over all labels:

LBCE(yi, ŷi) = − 1

M

M∑
j=1

[
yij · log ŷij + (1 − yij) · log(1 − ŷij)

]
. (4)

The CBM uses the VLM-derived concept scores Si as a fixed, interpretable bottleneck
representation. Since concepts are inferred directly through VLM image–text similarity,
the concept predictor contains no trainable parameters. This design fully decouples concept
extraction from classifier training and guarantees that all downstream predictions must pass
through the concept space, thereby preserving interpretability as shown in Steps 3 and 4 of
the pipeline in Figure 1.

For multi-label classification, we train a multilayer perceptron (MLP) that maps the
concept vector to the 14 disease labels. The MLP takes Si ∈ Rk as input and outputs a
probability vector in [0, 1]14 using sigmoid activations to predict the final pathologies.

To address label imbalance, we use loss functions that take into account the long-tailed
distribution such as weighted binary cross-entropy (BCE), focal loss (Ross and Dollár, 2017),
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Figure 2: Label distribution of pathologies in the NHI ChestX-ray dataset.

and two-way multi-label loss (Kobayashi, 2023):

LWBCE(yi, ŷi) = − 1

M

M∑
j=1

[
wj · yij · log ŷij + (1 − yij) · log(1 − ŷij)

]
, (5)

LFocal(yi, ŷi) = α · (1 − pt)
γ · LBCE(yi, ŷi), (6)

LTwo-way(yi, ŷi) =
1

M

M∑
i=1

li · ({xic, yic}Cc=1;T ) +
1

C

C∑
c=1

lc · ({xic, yic}Mi=1;T ), (7)

where wj are the class weights, α balances the classes, pt is the predicted probability for
the true label, γ ≥ 0 is the focusing parameter, and T is the temperature. li and lc denote
the sample-wise and class-wise components of the two-way loss, respectively.

4. Experiments and Results

4.1. Dataset

To evaluate and validate multi-label CBM models, we conduct experiments on the NIH
ChestX-ray14 dataset (Wang et al., 2017), one of the largest publicly available chest X-ray
collections. The dataset contains 112,120 frontal-view radiographs from 30,805 unique pa-
tients collected between 1992 and 2015 at the National Institutes of Health Clinical Center,
MD, USA. Each image is annotated with up to 14 thoracic pathologies, extracted from
associated radiological reports using natural language processing (NLP) techniques (Wang
et al., 2017). The 14 thoracic pathologies are: Atelectasis, Cardiomegaly, Effusion, Infil-
tration, Mass, Nodule, Pneumonia, Pneumothorax, Consolidation, Edema, Emphysema,
Fibrosis, Pleural Thickening, and Hernia. The dataset exhibits a highly imbalanced label
distribution, reflecting the unequal prevalence of different conditions. For example, Her-
nia and Pneumonia appear in only 0.2% and 1.2% of the images, respectively as shown
in Figure 2. We use the official patient-wise split provided by (Wang et al., 2017): 70%
training, 10% validation, and 20% testing. This split has been widely used in previous work
for classical multi-label classification (Huang et al., 2024; Yao et al., 2017; Rajpurkar, 2017;
Guendel et al., 2019; Yao et al., 2018).
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4.2. Training Procedure

We train only the label-prediction multi-layer perceptron, as the concept activation vectors
are static. The model is initially optimized by binary cross-entropy (BCE), as commonly
used for multi-label classification. Given the strong class imbalance in ChestX-ray14, several
strategies are applied to stabilize training and improve calibration, such as data augmenta-
tion and optimal thresholding per label. To mitigate class imbalance, we apply losses such
as WBCE loss, focal loss and two-way multi-label loss. We employ Adam optimizer with a
learning rate of 1× e− 3 and a batch size of 256 for 100 epochs. To prevent overfitting, we
incorporate dropout, weight decay, and early-stopping based on validation loss.

4.3. Evaluation Metrics

We evaluate model performance using a set of complementary metrics suited for multi-label
medical image classification. Although AUC-ROC is traditionally the dominant metric in
chest X-ray benchmarks (Wang et al., 2017; Yao et al., 2017; Hanif et al., 2025), it can
be overly optimistic for unbalanced datasets such as ChestX-ray14. Therefore, we report
AUC along with threshold-dependent metrics, i.e. precision, recall, F1 score, and per-class
confusion matrices to better reflect clinically meaningful behavior.

AUC and ROC Analysis: For each disease label, we compute the ROC curve and its
Area Under the Curve (AUC), which measures the model’s ability to rank positive samples
higher than negative ones across all thresholds. We report per-class AUC for each pathology,
macro AUC, averaging all classes equally and micro AUC, pooling predictions across labels,
which is dominated by majority diseases. Although AUC is threshold-independent, it can
mask poor precision or recall for rare classes, motivating the use of additional metrics.

Precision, Recall, and F1 Score: To assess threshold-sensitive performance, which
is particularly important in imbalanced settings, we report precision, recall, and the F1
score for each label. We compute the macro average for F1, precision and recall, across
diseases in order to reflect the performance on rare diseases. Similarly, we compute the
micro F1, precision and recall, aggregated across all predictions. These metrics highlight
trade-offs between false positives and false negatives that AUC alone cannot capture. They
also reveal the impact of dominating diseases in the final prediction.

Confusion Matrix Analysis: We analyze the per-class confusion matrices, summa-
rizing the counts of true positives (TP), false positives (FP), true negatives (TN), and false
negatives (FN) for each pathology. This analysis allows us to identify systematic under-
detection of rare diseases (high false negatives), false positives driven by visually similar con-
ditions, and class-specific precision–recall trade-offs. Such error-level insights are essential
for understanding the failure modes of multi-label classification in clinical decision-making.

4.4. Results and Analysis

4.4.1. Multi-Label Classification Performance comparison

We conduct a comprehensive comparison of multi-label classification performance using the
selected VLMs, including ResNet50, CLIP, BioMedCLIP, BioViL, BioViL-T, and RAD-
DINO, for image and concept embedding extraction. Performance is evaluated using eight
metrics: macro/micro AUC, macro/micro F1, macro/micro precision, and macro/micro
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Table 1: Comparisons of different backbones in CBMs. The best scores are highlighted in
bold and the second-best is underlined.

Backbone AUC-mi AUC-ma F1-mi F1-ma Pr-mi Pr-ma Re-mi Re-ma

ResNet50 0.7304 0.5067 0.3556 0.1105 0.2564 0.0869 0.5801 0.2543
CLIP 0.7836 0.6256 0.3125 0.2210 0.2005 0.1462 0.7074 0.5353

BiomedCLIP 0.8296 0.7375 0.4163 0.3014 0.3178 0.2437 0.6031 0.4483
BioViL 0.7883 0.6436 0.3430 0.2131 0.2345 0.1513 0.6384 0.4120

BioViL-T 0.7838 0.6297 0.3430 0.2041 0.2382 0.1651 0.6127 0.3762
RAD-DINO 0.8823 0.8220 0.5054 0.4076 0.4345 0.3643 0.6079 0.4908

Table 2: Comparisons of CBMs with different embedding types (global, patch, combined).
Backbone Type AUC-mi AUC-ma F1-mi F1-ma Pr-mi Pr-ma Re-mi Re-ma

BioViL
Global 0.7883 0.6436 0.3430 0.2131 0.2345 0.1513 0.6384 0.4120
Patch 0.7743 0.6045 0.3171 0.2003 0.2115 0.1399 0.6326 0.4092
Comb. 0.7828 0.6277 0.3337 0.2082 0.2280 0.159 0.6222 0.4075

ResNet50
Global 0.7304 0.5067 0.3556 0.1105 0.2564 0.0869 0.5801 0.2543
Patch 0.7263 0.5000 0.2971 0.1405 0.1890 0.0883 0.6945 0.4029
Comb. 0.7378 0.5017 0.3371 0.0996 0.2648 0.0760 0.4638 0.1959

BioViL-T
Global 0.7838 0.6297 0.3430 0.2041 0.2382 0.1651 0.6127 0.3762
Patch 0.7783 0.6115 0.3274 0.2071 0.2159 0.1414 0.6768 0.4350
Comb. 0.7820 0.6196 0.3401 0.2076 0.2363 0.1476 0.6064 0.3751

recall. To ensure a fair comparison, all models are trained under the same settings, and all
image and text encoders used for feature extraction are frozen.

Table 1 summarizes performance on the test set. Across all backbones, AUC values
are high, consistent with previous literature on ChestX-ray14. In contrast, metrics such
as F1, precision, and recall reveal larger differences between VLMs, reflecting the chal-
lenges posed by class imbalance in test data. Domain-specific VLMs, including BioMed-
CLIP, BioViL, BioViL-T, and RAD-DINO, outperform ResNet50 and CLIP, indicating that
medical-domain alignment improves concept-based prediction quality. Among all back-
bones, RAD-DINO achieves the highest overall performance, obtaining the best macro and
micro AUC of of 0.8823% and 0.8220%, respectively, as well as the highest F1 and precision
in most cases. This demonstrates that combining a self-supervised, radiology-specific im-
age encoder with domain-tuned concept embeddings can significantly enhance multi-label
classification in a label-free CBM framework. Overall, these results suggest that the choice
of backbone has a critical impact on both ranking-based and threshold-dependent perfor-
mance, and that domain-specific backbones are particularly effective in capturing clinically
relevant patterns in chest X-ray images.

Performances with three embedding strategies (global, patch, combined) in Table 2
show that global embeddings consistently emerged as the best strategy. Global embeddings
provide the most reliable overall performance, patch embeddings improved recall at the
cost of precision, and combined embeddings offer no consistent advantage. Medical-domain
VLMs (BioViL, BioViL-T) consistently outperform ResNet50, particularly in macro-AUC
and macro-F1, indicating better handling of rare pathologies. The best results were achieved
by BioViL with global embeddings (micro/macro AUC: 0.7883/0.6436) and BioViL-T with
patch embeddings (macro-recall: 0.435). These results indicate that medical VLM back-
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Figure 3: AUC, F1, Recall and Precision performance for each pathology. Note the strong
discrepancy between the almost constant AUC vs. the strong drop in the other
metrics for less frequent classes.

Figure 4: Performance improvement across different loss functions.

bones combined with global embeddings provide the strongest and most stable CBM per-
formance.

4.4.2. Per-Label Performance Analysis

To further investigate model behavior, we evaluated per-label metrics for all 14 thoracic
pathologies. Figure 5 shows the heatmap of AUC and precision for each label using the six
VLMs. We observe that the AUC remains relatively high across most classes while precision
scores vary considerably, highlighting the impact of class imbalance. Rare diseases such
as Hernia and Pneumonia show lower precision despite competitive AUC, indicating that
ranking performance is good, but absolute positive prediction remains challenging. This
per-label analysis provides insight into specific failure modes and helps identify pathologies
that may benefit from additional concept refinement or threshold tuning.

Zooming in on performance metrics for some majority classes such as Infiltration, At-
electasis, and Effusion, and minority classes such as Pneumonia, Fibrosis, and Hernia, which
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Figure 5: Per-label AUC scores and precision for each thoracic pathology with different
VLMs. High AUC scores are observed even for rare diseases, while their precisions
are poor, especially the minority classes such as Pneumonia and Hernia.

Figure 6: Confusion matrices of some majority classes (Effusion and Infiltration) and mi-
nority classes (Pneumonia and Hernia).

together represent less than 5% of the dataset, Figure 3 highlights a substantial gap be-
tween AUC and other metrics. For the majority classes, AUC is high and precision, recall
and F1 are relatively strong (around 50%), indicating that the model ranks positives above
negatives effectively and can reliably identify common pathologies. Additionally, from the
confusion matrices in Figure 6, 70% of images are correctly predicted. In contrast, for
minority classes, while AUC remains high, precision, recall, and F1 are much lower.

This shows that the model can rank rare positive instances correctly (hence high AUC)
but struggles to generate accurate predictions at practical thresholds, often producing false
negatives and false positives. The confusion matrices in Figure 6 show how the model
produces a high percentage of false negative for the minority classes Pneumonia and Hernia.

12
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4.4.3. Fighting the Effects of Class Imbalance

In the medical domain, the performance gap shown in Figures 3 and 6 is critical. Missing
rare but clinically significant pathologies leads to undiagnosed conditions, while too many
false positives may overburden radiologists with recurrent follow-ups. Thus, strategies such
as per-label threshold tuning, data augmentation, and class-balanced losses such as WBCE
(Equation 5), focal loss (Equation 6), and two-way multi-label loss (Equation 7) are applied.

Figure 4 illustrates the impact of these losses. While improvements in AUC were mod-
est, precision, recall, and F1 scores showed more substantial gains. For minority classes
such as Pneumonia and Hernia, these gains are especially meaningful, as they increase the
likelihood of correctly detecting rare diseases. In particular, WBCE and two-way loss ef-
fectively emphasize minority classes, helping the model better handle class imbalance in
high-stakes medical tasks. Addressing class imbalance is critical when training CBMs for
multi-label medical prediction. We recommend using class-balanced loss functions, such as
weighted BCE or two-way loss, to ensure that rare pathologies are accurately predicted.
Per-label threshold tuning and data augmentation for minority classes can further improve
performance while controlling false positives. Evaluations should emphasize minority-class
metrics like precision, recall, and F1, alongside overall AUC, to ensure that CBMs reliably
detect rare diseases and support high-stakes clinical decision-making.

4.4.4. Interpretability and Concept Quality

CBMs are inherently interpretable, as the learned weights represent the contribution of
each concept to a given class prediction. Using our best multi-label classifier, we visualize
concept contributions for each label. The horizontal bars in Figure 7 show the top con-
cepts for Infiltration (a majority class) and Hernia (a minority class), highlighting which
concepts drive predictions positively or negatively. Figure 8 (in Appendix) presents con-
cept contributions across all labels, providing a compact view of key contributors for the
predictions.

Examining concept quality, the top three predicted concepts for Cardiomegaly are cor-
rect, while all four top concepts for Infiltration appear within the top-10 concepts. In
contrast, for Hernia, none of its concepts appear in the top-10, likely reflecting the low
number of samples for this class. Predicting concepts is itself a multi-label problem, and
using them to predict multi-label classes remains challenging. Furthermore, as input im-
ages can contain multiple labels, the alignment between images and concepts may capture
overlapping or co-occurring pathologies, adding complexity to the prediction task.

5. Discussion and Future Work

Multi-label medical CBMs demonstrate clear performance gains when built on top of
domain-specialized vision-language models. In our evaluation, specialized VLMs such as
BiomedCLIP, RAD-DIO, BioViL, and BioViL-T consistently outperformed the generic
ResNet50 backbone, highlighting the importance of representations grounded in medical
domains. Among the embedding strategies, global embeddings proved particularly effec-
tive, offering stable and coherent representations that better support multi-label prediction.
Handling class imbalance also emerged as a critical factor: weighted BCE and two-way
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Figure 7: Diverging concept contributions for Infiltration and Hernia, where blue and red
bars indicate the top positive and negative contributions, respectively.

loss notably improved minority-class precision, recall, and F1, reducing false positives in
rare pathologies. At the interpretability level, concept accuracy played a central role. Rare
classes frequently exhibited incomplete or misaligned concepts, which weakened downstream
prediction reliability in cases with overlapping abnormalities. Enhancing concept coverage
through targeted augmentation, improved sampling, or synthetic data can help stabilize
predictions and strengthen the interpretability that CBMs promise.

Looking forward, several avenues could further advance multi-label CBMs in medical
imaging. Hybrid concept modeling strategies, where human-supervised concepts are re-
served for clinically critical findings while automated or LLM-generated concepts support
broader coverage, could balance scalability with clinical fidelity. Semi-supervised learning
may help leverage unlabeled data to refine concept bottlenecks, while hierarchical concept
structures could enable models to reason across coarse- and fine-grained clinical attributes.
Integrating causal concept modeling also holds promise for improving robustness by encour-
aging models to rely on medically meaningful features rather than dataset-specific correla-
tions. Finally, clinician-in-the-loop validation and interactive concept correction tools could
facilitate real-world integration, allowing experts to refine noisy concepts and enhance the
transparency and trustworthiness of CBMs in clinical workflows.

6. Conclusion

This work provides the first systematic evaluation of label-free Concept Bottleneck Models
for multi-label medical imaging, showing that medical-domain VLMs paired with global
embeddings yield the most reliable performance. Although imbalance-aware losses partially
recover minority-class precision and recall, concept fidelity, especially for rare diseases,
remains a major challenge. Overall, while label-free CBMs can achieve competitive accuracy
and interpretable reasoning, advancing concept alignment, improving robustness to long-tail
distributions, and incorporating clinically meaningful supervision are essential next steps
toward safe and effective deployment in medical practice.
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Figure 8 shows the contributions of all concepts across all labels, indicating how they con-
tribute to the final prediction.
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Table 3: Summary of selected backbones and their encoders. backbones marked with *
were trained or fine-tuned on chest X-rays.

Backbones Year Multi-modal Image Enc. Text Enc.

CLIP 2021 Yes ViT-B/L ViT-B/L

BioViL* 2022 Yes ViT-B CXR-BERT

BiomedCLIP* 2023 Yes ViT-B PubMedBERT

BioViL-T* 2023 Yes ResNet-50 CXR-BERT

RAD-DINO* 2024 No ViT-B —

Figure 8: concept-Label contribution Heatmap matrix displaying the contribution of each
label.
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Table 4: Summary of CBMs, including concept type, dataset, task, and highlights.

Type Method Task Type Dataset(s) Highlights

Concept-Supervised
CBMs (Koh
et al., 2020)

Multi-class CUB, OAI Original CBM; allows interven-
tion at concept level.

ProbCBM (Kim
et al., 2023a)

Multi-class CUB, CelebA Probabilistic concept embed-
dings to capture uncertainty.

CREAM (Kalam-
palikis et al.,
2025)

Multi-class CUB, CelebA,
FMNIST

Models concept-concept and
concept-task relationships; uses
side-channel.

CSR (Huy et al.,
2025)

Multi-class VinDr-CXR,
TBX11, ISIC

Patch-level prototypes; spa-
tially localized explanations for
medical imaging.

GraphCBM (Xu
et al., 2025)

Multi-class CUB, Flower102,
HAM10000,
Cifar-10, Cifar-
100, CheXpert

More concept structure infor-
mation for interpretability and
use of latent concept graphs for
more effective interventions.

SSCBM (Hu
et al., 2025)

Multi-class CUB, AwA2, WB-
Catt

Joint training on labeled and
unlabeled data; alignment loss
for concepts.

Label-Free
LF-CBM (Oikari-
nen et al., 2023)

Multi-class CIFAR, CUB, Im-
ageNet, Places365

Transforms standard networks
into CBMs; scalable construc-
tion.

LaBo (Yang
et al., 2023)

Multi-class CIFAR, CUB,
ImageNet,
HAM10000

Automated concept generation;
high performance without man-
ual annotation.

Visual-Filtered
CBM (Kim et al.,
2023b)

Multi-class HAM10000, Ima-
geNet, COCO

Filters LLM concepts by vi-
sual relevance; improves perfor-
mance

BotCL (Wang
et al., 2023)

Multi-class MNIST, CUB,
ImageNet

Learns human-understandable
concepts without supervision.

OpenCBM (Tan
et al., 2024)

Multi-class CUB, BDD-OIA Open vocabulary concepts; al-
lows adding/removing concepts
post-training.

Object-Centric
CBM (Steinmann
et al., 2025)

Multi-class COCOLogic,
PASCAL-VOC,
SUN397

Object-centric representation;
supports multi-label tasks.

Concept MIL
(Sun et al., 2024)

Multi-class Camelyon16,
PANDA

Whole-slide histopathology; in-
terpretable predictions without
manual annotation.

CBM-RAG
(Alam et al.,
2025)

Multi-class NIH CXR dataset Multi-agentic radiology report
generation; interpretable classi-
fication.

Concept Com-
plement CBM
(Wang et al.,
2024)

Multi-class Derm7pt, Skin-
con, Breast US,
LIDC-IDRI

Learns new concepts comple-
menting existing ones; medical
image interpretation.

LLM-CBM (Yan
et al., 2023a)

Multi-class CUB, CIFAR-
10, CIFAR-100,
Food-101, Flower,
Oxford-Pets,
Stanford-Cars,
ImageNet

Leverages a concise subset of
descriptive visual concepts from
LLM-generated concepts

AdaCBM
(Chowdhury
et al., 2024)

Multi-class HAM10000,
BCCD, DR

Introduces an adaptive module
between CLIP and the CBM
to improve feature alignment,
boosting classification perfor-
mance while preserving inter-
pretability
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