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Abstract. Interpretable medical image diagnosis requires predictions grounded
in clinically meaningful findings that physicians can inspect and correct. While
Concept Bottleneck Models (CBMs) route predictions through predefined imag-
ing signs, they treat concepts as independent scalar scores and struggle to align
fine-grained visual features with clinical semantics. We present ConceptAlignE-
G, a framework that integrates vision-language model (VLM) based concept
alignment with graph reasoning to bridge this gap. Built on BiomedCLIP, a con-
cept-aware perception module grounds each imaging sign in a dedicated visual-
semantic embedding space, enabling fine-grained alignment between sign-spe-
cific visual features and expert-defined text embeddings. The predicted sign
probabilities are then used to construct a dynamic sign-image relational graph,
where a GCN incorporates broader image context beyond the concept bottleneck
for disease classification. On CT-based appendicitis differentiation and ultra-
sound-based breast cancer diagnosis, ConceptAlignE-G outperforms both black-
box classifiers and existing concept-based methods in diagnostic AUC and sign
recognition. Beyond accuracy, it provides per-sign prediction probabilities and
interpretable decision weights, and supports clinician-driven intervention at in-
ference time. Code is available at: https://github.com/MedcAlLab/med-cag.
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1 Introduction

Medical imaging is central to modern clinical diagnosis, and the growing volume of
imaging data has placed increasing pressure on radiologists [1]. Deep learning has made
substantial inroads in medical image analysis, with models that match or exceed human
performance on a range of classification tasks [2,3]. The obstacle to clinical adoption
is not accuracy but transparency: without knowing why a model reached a decision,
physicians have little basis for trusting or acting on its output, and regulatory frame-
works such as the EU Al Act now make interpretability a legal requirement in high-
risk applications [4].

Feature attribution methods offer one response to this problem, producing saliency
maps that highlight relevant image regions [5]. But a heatmap is not a diagnosis — it
tells the physician where the model looked, not what it found. Concept-based methods
take a different approach, decomposing predictions into named attributes that corre-
spond to the kind of findings clinicians actually document [6,7]. In radiology, structured
reporting systems such as BI-RADS [8] already formalize this sign-based reasoning,
making concept-based models a natural fit.

Concept Bottleneck Models (CBMs) [9] implement this idea by inserting a bottle-
neck layer between the image encoder and the classifier, where each neuron represents
a predefined visual concept. Because predictions pass through interpretable concept
scores, physicians can inspect individual sign predictions and intervene if they disagree.
The practical limitations are well known: CBMs require dense concept annotations, and
when the concept set does not cover all diagnostically relevant information, perfor-
mance suffers because the bottleneck cannot be bypassed [9,10].

Later work has chipped away at these limitations from several directions. Post-hoc
CBMs (PCBM) [11] removes the annotation burden by extracting concept vectors from
external sources. Concept Embedding Models (CEM) [12] replaces scalar scores with
richer embeddings to retain more information per concept. The Concept Complement
Bottleneck Model (CCBM) [13] adds a complementary pathway to capture information
outside the predefined concept set. More recently, vision-language models (VLMs)
have been integrated with concept-based frameworks [14-17], using text descriptions
of clinical findings to supervise concept learning — an approach that has shown prom-
ise in dermatology [16,18] and chest X-ray interpretation [15,17].

Despite this progress, two challenges remain. First, aligning fine-grained imaging
signs with clinical text descriptions is difficult, especially for domain-specific modali-
ties where general-purpose VLMs underperform [19,20]. Second, routing all diagnostic
information through a fixed concept set creates a representational bottleneck: when the
concept set is incomplete, the model has no mechanism to draw on broader image con-
text [11,12].

To address both challenges, we propose ConceptAlignE-G, an interpretable diagnos-
tic framework built on BiomedCLIP [21]. A dedicated concept-aware perception mod-
ule extracts sign-specific features from the input image and aligns them with concept
text embeddings in a shared space, enabling fine-grained cross-modal grounding. The
resulting sign prediction probabilities are used to construct a dynamic sign-image rela-
tional graph, processed by a GCN [22] to fuse image semantics, sign scores, and
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concept text knowledge for final disease prediction. We validate the framework on CT-
based appendicitis differentiation and ultrasound-based breast cancer diagnosis, where
it achieves superior performance over black-box models [23,24] and concept-based
baselines [9,12,13] , while supporting traceable sign-level explanations and concept-
level expert intervention.
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Fig. 1. Overview of the proposed ConceptAlignE-G framework. Imaging sign descriptions are
encoded by a frozen text encoder, while the input image is processed by a fine-tuned image en-
coder. For each sign, a concept-aware perception module (CAP) produces a sign-specific feature
that is aligned with the corresponding text embedding to predict sign probabilities, which serve
as edge weights in a dynamic sign-image relational graph. A GCN aggregates the graph to obtain
the final disease prediction.

2 Methods

2.1 Overview

We propose an interpretable medical image diagnostic framework that bridges the gap
between deep feature representations and clinically meaningful imaging signs. As
shown in Fig. 1, the framework takes an image x with disease label y € {0,1} and K bi-
nary sign concept labels ¢ € {0,1}¥as input. The pipeline proceeds in three stages: con-
cept text and image features are first extracted in parallel, then a concept-aware percep-
tion module aligns image features with each sign concept in a shared embedding space,
and finally a sign-image relational graph is constructed and processed by a GCN to
produce the disease prediction. This design allows the model to explicitly reason
through imaging signs before reaching a diagnosis, mirroring the workflow of clinical
radiologists.

2.2 Concept Text and Image Feature Extraction

Concept text features. Each of the Kimaging signs is described by a short, fixed-form
sentence. For the appendicitis CT task, descriptions follow the template *"this is a CT
image of an appendix with/without \{sign\}"*, while for the breast ultrasound task we



4 Y. Hu et al.

use *"this is an ultrasonic image of a breast tumor with/without \{sign\}"*. These sen-
tences are passed through the frozen text encoder of BiomedCLIP [21], and the result-
ing representations are projected by a two-layer multi-layer perceptron (MLP) to pro-
duce a 512-dimensional embedding T; € R>'2for each sign j. Freezing the text encoder
ensures that these embeddings remain stable throughout training, serving as fixed se-
mantic anchors for cross-modal alignment.

Image features. We use BiomedCLIP's image encoder, a vision transformer-Base [25]
followed by a linear projection layer, to extract a 512-dimensional image representation
I, € R%'2from each input. The encoder is initialized with BiomedCLIP pretrained
weights and fine-tuned end-to-end. Since the encoder only handles 2D inputs, 3D CT
volumes are processed slice by slice along the coronal axis and the resulting features
are averaged to form a single volume-level representation.

2.3  Concept-Aware Perception and Cross-Modal Alignment

A straightforward approach to computing concept scores is to measure the similarity
between the global image feature 7{ and each concept text embedding. However, this
tends to blur the boundaries between different signs, since the same image feature is
pulled toward multiple concept anchors simultaneously. Instead, we introduce a sepa-
rate concept-aware perception module for each of the K signs, which carves out a sign-
specific subspace from the image feature before alignment.
Each module takes T: as input and produces a concept embedding V’ €
R52through a gated residual structure:
w/ = o (W/1,+b)) 1)
V) = ReLU (szReLU (le Ii)) +w/I; )
where W) € R*512, W/ € R128%512 W/ € R512X1284r¢ |earnable weights, and ois
the sigmoid function. The scalar gate Wij controls how much of the original image fea-
ture flows through the residual path, letting the module decide how much global context

to retain for each concept.
The sign concept score and probability are then computed as:

j v L j
s; =sim|{ VT, |- 1,¢; = 0(s}) 3)
where “denotes L2 normalization and t is a learnable temperature parameter. The prob-

ability 61-]. € (0,1) reflects how likely sign j is present in image i. All sign predictions
are supervised with binary cross-entropy (BCE) loss.

2.4  Sign-Image Graph Reasoning for Disease Classification

Relying solely on concept scores for disease prediction has an inherent limitation: when
the predefined sign set does not fully capture all diagnostically relevant information,
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the linear decision layer has little room to compensate. In clinical practice, radiologists
do not make diagnoses based on a checklist of signs alone — they also draw on the
overall appearance of the image and the interplay between different signs. Motivated
by this observation, we construct a sign-image relational graph that integrates image
semantics, concept text knowledge, and predicted sign probabilities, allowing the
model to leverage all three sources of information jointly.

Graph construction. For each image i, we define a star-topology graph G; =
(V, &)consisting of one central image node v;and Kconcept nodes {vc Sy ch}a con-
nected by Kdirected edges from concept nodes to the image node. Node features are
initialized as:

H, = [Il-,Tl, ...,TK] € RK+Dx512 (4)
The weight of the edge connecting v;to v;is set to the predicted concept probability

éij , making the graph dynamic: for each input image, edges with higher concept confi-
dence contribute more strongly to the aggregation, naturally focusing the model's at-
tention on the most relevant signs for that case.

Graph convolution and prediction. A single GCN layer [22] aggregates information

from all concept nodes into the image node, yielding an updated representation ]_(: €
R128:

A

q 4
T,
2(k+1)
where W;; € R128%512ig the GCN weight matrix. This aggregated feature carries both
the image's own semantic content and the domain knowledge encoded in the concept
text embeddings, weighted by how strongly each sign is predicted to be present. The

final disease prediction is obtained via a linear layer.

Since the edge weights are directly determined by the predicted concept probabili-
ties, correcting a concept prediction at inference time — as a clinician might when re-
viewing the model's sign-level outputs — propagates through Eq. (5) and changes the
final diagnosis accordingly. This makes expert intervention a natural and lightweight
operation that requires no retraining.

k

5 1 .

fi= Wormgh+ ) We (5)
=1

2.5 Training Objective

The overall loss combines disease classification and sign recognition:
K
L=aL,+f) L] 6)
j=1

where L, is the BCE loss for disease prediction, Lgis the BCE loss for the j-th sign, and
a =1, = 0.2 are set based on preliminary experiments.
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3 Experiments
3.1 Datasets and Implementation Details

Datasets. We validate the proposed method on two clinical tasks. For appendicitis dif-
ferentiation, we retrospectively collected CT images of 1,156 acute appendicitis (AA)
patients from three hospitals between January 2018 and March 2022: Qingyuan Peo-
ple's Hospital (Center 1, n=954, complicated:uncomplicated = 328:626), Guangzhou
First People's Hospital (Center 2, n=90, 49:41), and the First Affiliated Hospital of Uni-
versity of South China (Center 3, n=112, 36:76). CT scans were acquired using multi-
detector scanners from different vendors (Siemens SOMATOM Force at Center 1;
Philips Brilliance 64 at Centers 2 and 3). The diagnosis of complicated versus uncom-
plicated AA was established as the gold standard by a senior pathologist with 12 years
of experience based on semi-quantitative histopathological assessment. A radiologist
with 6 years of abdominal imaging experience manually delineated the inflamed ap-
pendix ROI and annotated six CT imaging signs: enlarged ileocecal lymph nodes
(EILN), thickening of the cecal wall (TCW), gas in the appendix cavity (GIC), gas
outside the appendix cavity (GOC), coproliths in the appendix cavity (CIC), and fluid
around the appendix (FLU). The dataset is split into a training set (n=695) and valida-
tion set (n=259) from Center 1, and an external test set (n=202) from Centers 2 and 3
to assess generalizability. For breast cancer diagnosis, we use the public BrEaST dataset
[26], comprising 252 breast tumor ultrasound images (98 malignant, 154 benign) with
seven BI-RADS-based sign annotations marked by radiologists following the BI-
RADS lexicon guidelines: irregular shape (IRS), not circumscribed margin (NCM), hy-
poechoic or heterogeneous echogenicity (HoHE), posterior features (PF), hyperechoic
halo (HH), calcifications (CAL), and skin thickening (ST). Five-fold cross-validation
is used given the limited dataset size.

Implementation Details. All models are trained with the Adam optimizer under a co-
sine annealing schedule, with an initial learning rate of 1 X 10~*(image encoder:
1 X 107°) and weight decay of 1 X 10™* for 200 epochs. Loss coefficients are set to
a = land B = 0.2. All experiments are conducted on an NVIDIA A6000 GPU. Statis-
tical differences between receiver operating characteristic (ROC) curves are assessed
using the DeLong test.

3.2  Performance Comparison on Two Clinical Tasks

We evaluate ConceptAlignE-G against two groups of baselines: black-box classifiers
(ResNet50 [23] and DenseNet121 [24]) and concept-based interpretable methods
(CBM [9], CEM [12], and CCBM [13]), all using ResNet50 as the backbone. We also
include two ablation variants to isolate the contribution of each component: Con-
ceptAlignE replaces GCN reasoning with a linear layer over concept scores, and Bio-
medSigLIP further removes the CAP module from ConceptAlignE, directly computing
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similarity between the shared image feature and concept text embeddings. Results are
reported in Table 1.

Table 1. Comparison of disease diagnosis (AUC/ACC) and sign recognition (mAUC) perfor-

mance.

Method Appendicitis (Val) Appendicitis (Test) Breast Cancer
ResNet50 [23] 0.735/— 0.589 / — 0.875/—
DenseNet121 [24] 0.717 / — 0.656 / — 0.873 / —
CBM [9] 0.745/0.690 0.591/0.668 0.855/0.741
CEM [12] 0.719/0.647 0.640/0.673 0.861/0.774
CCBM [13] 0.725/0.632 0.668 /0.649 0.830/0.713
BiomedSigLIP 0.753/0.702 0.675/0.696 0.823/0.758
ConceptAlignE 0.756 /0.713 0.685/0.711 0.890/0.786
ConceptAlignE-G 0.771/0.770 0.713/0.754 0.912/0.805

ConceptAlignE-G achieves the best performance across both tasks, with a test area un-
der the ROC curve (AUC) of 0.713 for appendicitis (p<0.05 vs. ResNet50, DeLong
test) and 0.912 for breast cancer, outperforming all black-box and concept-based base-
lines. The ablation results further clarify where the gains come from. Removing the
CAP module (BiomedSigLIP) leads to a consistent drop in both diagnostic AUC and
sign recognition, confirming that per-sign feature extraction is more effective than
aligning a shared image feature against multiple concept anchors. Replacing GCN rea-
soning with a linear layer (ConceptAlignE) also degrades performance, indicating that
aggregating image semantics and concept text knowledge through graph convolution
provides a more informative representation than operating on concept scores alone.

3.3 Interpretability Analysis

Concept-level Explanations. Fig. 2 presents representative cases from both tasks. For
the appendicitis case (Fig. 2a), the model identifies TCW (80.5%) and CIC (12.8%) as
present, while correctly predicting the absence of GOC (0.1%) and FLU (2.1%), lead-
ing to a prediction of uncomplicated AA (96.3%). For the breast cancer case (Fig. 2b),
high sign probabilities for IRS (99.5%), NCM (80.2%), HoHE (99.6%), and PF (97.3%)
drive a malignant prediction (82.7%). The per-sign outputs give physicians a clear ac-
count of what the model found and why it reached its conclusion, in terms that map
directly onto clinical reporting practice.

Concept Intervention. ConceptAlignE-G supports sign-level intervention at inference
time: a clinician who disagrees with a predicted sign probability can override it, and the
updated value propagates through the graph to revise the final diagnosis. As shown in
Fig. 2¢, the model incorrectly predicts the presence of TCW (90.9%) and GIC (99.4%)
in an appendicitis case, leading to a false positive for complicated AA (64.1%). After a
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clinician corrects both signs to 0%, the prediction is revised to uncomplicated AA
(59.3%). Similarly, in the breast cancer case (Fig. 2d), the model fails to detect NCM
(38.8%) and HH (1.5%), resulting in a missed malignancy (51.7%). Correcting both
signs to 100% successfully flips the prediction to malignant (73.1%). In both cases, the
intervention requires no model retraining and takes effect immediately through the
graph edge weights.

Linear Decision Weights. Fig. 3 visualizes the weights of the linear decision layer,
which reflect each sign's learned contribution to the final prediction. For appendicitis,
GIC and TCW carry the strongest positive weights toward complicated AA, while CIC
and FLU are negatively weighted. For breast cancer, CAL and PF are the strongest
contributors to malignancy. These patterns are broadly consistent with established clin-
ical guidelines [8,27], providing a transparent and inspectable decision logic absent in
black-box models.

(a) EILN - 27.2% (b) IRS TR
TCW A NCM  —wi
HOHE  — Y7
GGOIE o Uncomplicated AA PF YA Malignant
10.1% ,96.3% HH  TRTA ,82.7%
Cc mm12.8%
FLU 121% Gl [@exs
e ST 11.3%
Input image Sign prediction prob Input image Sign prediction prob
(9 EILN Before (d) IRS  —TW7A  Before

xintervention Complicated AA NCMV NN 388% X intervention Benign x

2
Tg\llé 90.9 % 60.1%X B HoHE TN ,64.1%
L o00.x]
- GIC (0%) < PP EESSSTETA . NCM (100%)
GOC  03% Intervention TCW (0%) ~ HH 11.5% X Intervention HH (100%)
cic 00.0% = CAL

0.0%
FLU M 11.6% Uncomplicated AA ST 0.1% Malignant
,59.3% ,59.3%

Input image Sign prediction prob Input image Sign prediction prob

Fig. 2. Interpretability analysis. (a-b) Representative correctly classified cases from the
appendicitis and breast cancer tasks, with per-sign prediction probabilities and final
diagnostic scores. (c-d) Concept intervention cases: mispredicted signs (highlighted)
are corrected by a clinician, and the updated diagnosis is shown alongside the original

prediction.
(a) (b)

cic: -0.7715 CAL: 0.7411

FLU: -0.7486 PF: 0.6269

EILN: -0.6879 Complicated AA NCM: 0.5863 Malignant
ST: 03785

GIC: 0.6863
IRS: -0.3503

TCW: 0.5454 HoHE: -0.2692

GOC: -0.0958 HH: 0.1562

Fig. 3. Learned linear decision weights for both tasks. Positive weights (blue) indicate
contribution toward complicated AA (appendicitis) or malignancy (breast cancer); neg-
ative weights (red) indicate contribution toward the opposing class. Signs are ranked
by absolute weight magnitude.
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4 Conclusion

We propose an interpretable medical image diagnostic framework that reasons through
clinically defined imaging signs before reaching a disease prediction. By combining
concept-aware cross-modal alignment with sign-image graph reasoning, the model
achieves competitive diagnostic performance on both CT-based appendicitis differen-
tiation and ultrasound-based breast cancer diagnosis, while providing traceable sign-
level explanations and supporting expert concept intervention.
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