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Abstract. Medical imaging models often operate as black boxes, lim-
iting interpretability and systematic debugging. We introduce an easy-
to-use, plug-and-play framework for concept-based interpretation and
model refinement. By aligning a single-modality encoder [6] to BioMed-
CLIP [14], we construct a Concept Bottleneck Model (CBM) that en-
ables concept-level interventions. These interventions allow us to iso-
late causal versus spuriously correlated concepts, validate insights with
domain experts, and generate counterfactual samples for targeted fine-
tuning. We evaluate our framework on a Mayo Clinic ultrasound dataset
and the CheXpert 5x200 chest X-ray dataset [4]. Results demonstrate
that concept intervention enables reliable model diagnosis while main-
taining, and occasionally improving predictive performance via guided
fine-tuning. Our findings highlight the practical value of this framework
for controlled, interpretable refinement of clinical deep learning models.

1 Introduction

Deep learning models achieve strong performance across diverse medical imag-
ing tasks, including disease classification, segmentation, and prognosis. Model
Interpretability is key in establishing trust between the practicing clinitian and
AI models. We need models that can describe what they segment or classify in
understandable text. Most modern image encoders operate as black boxes, pro-
ducing predictions without explicit links to clinically meaningful abstractions,
which complicates trust, validation, and systematic error analysis by domain
experts in clinical environments.

Traditional post-hoc interpretability approaches [9,3] predominantly rely on
visualization techniques such as saliency maps or gradient-based attribution.
While these methods highlight regions of interest, they lack semantic grounding,
exhibit high sensitivity to perturbations, and fail to align with clinical reasoning
[1]. Clinicians typically interpret medical images through structured, human-
understandable concepts, such as radiographic findings, rather than pixel-level
activations. Bridging this gap remains an open challenge.

Concept Bottleneck Models (CBMs) [5] offer a promising alternative by ex-
plicitly reasoning over predefined concepts. However, most CBM approaches
require dense concept-level supervision and end-to-end training [8], limiting
their applicability to pre-trained, frozen, or deployed models. Concurrently, vi-
sion–language (VL) foundation models like CLIP [10] demonstrate strong se-
mantic alignment between images and text, yet their clinical utility has largely
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remained confined to passive zero-shot classification or retrieval, rather than
enabling fine-grained debugging of task-specific models.

In this work, we propose a plug-and-play, concept-based fine-tuning frame-
work that leverages large vision–language models as a shared semantic repre-
sentation space to interpret and debug single-modality medical imaging models.
Following recent insights that a linear mapping is sufficient to align disparate
representation spaces [6,7], we project a task-specific image encoder into the
BioMedCLIP [14] embedding space. This projection enables semantic ground-
ing without requiring intrinsic textual supervision or end-to-end retraining. On
top of this aligned representation, we construct a CBM using concepts derived
from radiology reports or structured annotations. Crucially, we leverage gradient-
guided concept-level interventions to turn interpretability into an active mecha-
nism for model optimization, allowing us to systematically isolate missing, weak,
or spurious concepts.

Our contributions are summarized as follows: (i) Modular Architecture:
We introduce a plug-in concept bottleneck model (CBM) enabling concept-level
interpretability for off-the-shelf single-encoder medical models via linear align-
ment to BioMedCLIP; (ii) Expert Validation: We validate the clinical utility of
our concept-based explanations with domain experts, demonstrating tight align-
ment with clinical reasoning; (iii) Causal Discovery: We leverage intervenable
CBMs for counterfactual concept interventions to systematically isolate causal
concepts from spurious features; and (iv) Intervention-Guided Refinement:
We utilize our intervention strategy to apply counterfactual concept perturba-
tions to held-out data to fine-tune the classification head and boost downstream
predictive performance.

We evaluate this framework on the Mayo Clinic ultrasound and CheXpert
5�200 chest X-ray datasets. With this modular plug-in tool, we are able to
identify spurious and causal correlations in a highly data-efficient manner, using
clinical concepts to train models to dial into the correct diagnostic features
within the image and more closely align human medical learning with traditional
machine learning. While human clinicians excel at learning a great deal from a
small amount of data, we argue that with a Concept Bottleneck Model (CBM),
machines can do so as well. Crucially, our framework achieves this paradigm shift
while maintaining baseline performance and systematically boosting downstream
capabilities (2–3%) through our targeted intervention strategy.

2 Related Work

Feature Attribution vs. Concept Interpretability While widely adopted,
literature demonstrates that these pixel-level heatmaps inherently suffer from
notable vulnerabilities, frequently offering purely qualitative visualizations that
lack structured semantic grounding while exhibiting high sensitivity to network
architectures and minor input perturbations [1,12]. Concept-based paradigms
fundamentally deviate from this approach; instead of attempting to interpret
ungrounded pixel-level features post-hoc, they bypass these established visual-
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ization constraints by routing downstream predictions directly through an inter-
mediate layer of explicit, human-understandable semantic representations [5].

Vision-Language Alignment and Post-Hoc CBMs Standard CBMs typ-
ically require dense, manual concept annotations and end-to-end retraining,
limiting their utility for pre-trained clinical models [8]. To bypass this bottle-
neck, recent post-hoc or label-free CBMs leverage the joint semantic space of
vision–language models like CLIP [10] and BioMedCLIP [14]. These approaches
project single-modality image representations onto textual concept spaces with-
out complete model retraining [6]. We build on this paradigm, demonstrating
that a lightweight affine mapping is sufficient to anchor complex, single-modality
medical encoders within a clinically grounded concept space.

Concept Intervention and Model Refinement Test-time concept interven-
tions allow researchers to simulate counterfactual states, probe model robustness,
and analyze causal failure modes [13], [11], [5]. However, existing frameworks
typically assume access to full concept labels during training or couple concept
prediction tightly with primary task learning. Utilizing expert-guided concept
interventions specifically to debug and fine-tune frozen, single-modality medical
models remains largely underexplored. Our work bridges this gap by transform-
ing test-time interventions into an active mechanism for targeted latent data
augmentation and classification head refinement.

3 Methodology

Our methodology enables concept-based interpretability and controlled refine-
ment of single-modality medical imaging models by aligning their latent repre-
sentations to a shared vision–language semantic space. The framework consists
of three core phases: (i) Post-Hoc Mapping extracts features from a task-
specific clinical image encoder and linearly aligns its representation space to
the BioMedCLIP embedding space; (ii) Concept Bottleneck Construction
generates semantically grounded concept predictions using textual abstractions
derived from clinical knowledge; and (iii) Counterfactual Intervention lever-
ages expert-guided concept perturbations to isolate causal factors, flag spurious
concepts, and drive targeted counterfactual data augmentation for downstream
classification head fine-tuning. Overview of the pipeline is illustrated in Figure 1

3.1 Post-Hoc Alignment and CBM Construction

We begin with a pre-trained, off-the-shelf single-modality medical imaging model
that operates purely on images and lacks intrinsic textual supervision. To obtain
a stable and semantically rich representation, we extract image features from an
intermediate layer prior to the final classification layer. Specifically, features are
isolated after global average pooling and before the final nonlinearity, as this
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