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Abstract. Electrocardiography (ECG) is widely used for cardiac diag-
nosis but is often stored as standardized ECG report images in clinical
practice, with raw signals not consistently preserved. This discrepancy
constrains the deployment of signal-dependent models and motivates
image-based ECG analysis. However, image-based approaches rely on
pixel-level representations, making it difficult to capture clinically mean-
ingful quantitative measurements derived from signals. Moreover, exist-
ing explainability methods are largely limited to qualitative visualiza-
tions, lacking precise and quantitative interpretations. To address these
challenges, we propose Cross-Modal Concept Transfer (CMCT),
which integrates image representations with signal-derived quantitative
information. CMCT extends the Concept Bottleneck Model (CBM) to a
cross-modal setting by using signal-derived measurements as intermedi-
ate concepts, guiding image representations toward clinically meaning-
ful physiological features. The model is trained using both image and
signal data, while predictions are made entirely in the concept space,
enabling inference regardless of the input modality. Experimental re-
sults show that CMCT outperforms existing image-based methods and
matches state-of-the-art signal-based models, showing that improved in-
terpretability does not compromise performance. The predicted concepts
are directly interpretable with clinical reference ranges, enabling quan-
titative explanations and facilitating concept-level interventions for val-
idating the model’s reasoning. These results highlight a practical path
toward reliable and interpretable ECG image analysis. Our codes are
available at: https://github.com/mldlcl2022/CMCT
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1 Introduction

Electrocardiography (ECG) is a fundamental tool widely used for cardiac screen-
ing and diagnosis, and the growing global burden of cardiovascular diseases has
recently intensified research efforts in artificial intelligence for ECG analysis [1].
Recent studies have proposed Self-Supervised Learning (SSL) [2] approaches
based on raw ECG signals, such as ST-MEM [3] and HeartLang [4], as well as
Self-Supervised Multimodal Learning (SSML) [2] methods that combine ECG
signals with diagnostic reports, including MERL [5] and MELP [6]. These ad-
vances predominantly focus on signal-centered modeling, reflecting the intrinsic
nature of ECG as an electrical waveform. However, clinical practice does not al-
ways align with typical research settings. Although ECG is acquired as a signal,
it is often stored as standardized ECG report images, with raw waveform data
not consistently preserved [7,8,9]. Instead, only a limited set of signal-derived
quantitative measurements, such as heart rate and R-R interval, are retained.
Consequently, models that rely on direct access to raw signals may face practical
constraints in real-world deployment.

Motivated by these practical limitations, recent studies have explored ECG
analysis under image-based settings. Image-based approaches [7,10,12] can lever-
age pretrained computer vision models to obtain rich representations and directly
benefit from well-established post-hoc explanation techniques, such as Grad-
CAM [11]. However, images are inherently composed of pixel-level representa-
tions, which fundamentally limit their ability to accurately capture or directly
extract quantitative signal-derived measurements, such as waveform durations
and inter-beat intervals [9]. Moreover, existing explainability methods primarily
highlight regions of model attention, which provide only qualitative insights and
fail to offer precise and quantitative explanations of the model’s decision-making
process [7].

To address these challenges, we propose a method that simultaneously lever-
ages the practical advantages of image-based representations and clinically mean-
ingful quantitative measurements derived from ECG signals. To this end, we
adopt the Concept Bottleneck Model (CBM) [13], which incorporates an in-
termediate layer of human-interpretable concepts, where predictions are made
based solely on the predicted concept values. This design enforces the model to
ground its decision-making in interpretable concepts rather than latent represen-
tations, thereby enhancing interpretability and verifiability. Originally defined in
a single-modality setting, we extend CBM to a cross-modal framework by us-
ing physiologically meaningful information derived from ECG signals as concept
labels. In this framework, the concept space acts not only as an interpretable bot-
tleneck, but also as a signal-to-image transfer bridge that transfers signal-derived
physiological supervision into the image representation. This supervision guides
image representations to reflect clinically meaningful physiological concepts be-
yond pixel-level features. As a result, the proposed method overcomes the lim-
itations of purely qualitative interpretation in existing image-based approaches
and provides quantitatively grounded, clinically meaningful explanations.
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Fig. 1. Overview of the proposed framework.

Furthermore, as illustrated in Fig. 1, the final prediction is performed entirely
within the concept space, making the decision-making process independent of
any specific input modality. Since concepts can be derived from images or raw
signals, the proposed framework supports diverse input modalities and provides
consistent, concept-based explanations across real-world deployment scenarios.
Finally, the main contributions of this paper are as follows.

1. We propose a cross-modal learning framework that transfers rich signal-
derived information into image representations, enabling practical and de-
ployable ECG analysis.

2. CMCT enables quantitative interpretability by incorporating signal-
derived measurements into the concept bottleneck without sacrificing pre-
dictive performance.

3. Modality-agnostic inference is supported by concept-based prediction.
The model can perform inference using any available modality, including
images, signals, or concept representations, making it suitable for diverse
real-world deployment scenarios.

2 Method

In this section, we present Cross-Modal Concept Transfer (CMCT), a
framework designed to ground image-based ECG modeling in physiologically
meaningful signal-derived concepts. CMCT is inspired by Concept Bottleneck
Models (CBM), which use human-interpretable concepts as an intermediate layer
for prediction. We extend this paradigm to a cross-modal setting, where signal-
derived quantitative measurements supervise the intermediate concept layer dur-
ing training to guide image representation learning, as illustrated in Fig. 1.
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2.1 Signal-to-Concept Extraction

A core component of concept-based learning is the construction of meaning-
ful concepts. Prior CBM studies typically rely on manually defined concepts
with human annotations, while recent approaches attempt to derive concepts
automatically using LLMs [13,14,15]. However, manual annotation is costly and
difficult to scale, and LLM-generated concepts may suffer from reliability issues.
In contrast, CMCT derives concepts automatically from raw ECG signals using
standard rule-based measurements, without extra annotations or LLMs.

Let si ∈ RL×T denote the i-th raw ECG signal sample, where L is the
number of leads and T is the number of time points. We extract concepts using
NeuroKit2 [16] by detecting characteristic waveform peaks (e.g., P, QRS, and
T complexes) and computing quantitative ECG variables based on clinically
defined measurement rules. This yields a set of signal-derived concepts ci =
ci1, . . . , c

i
j , where j indexes the concept dimensions.

These concepts are grouped into two categories: (1) peak- and interval-related
features capturing waveform morphology (e.g., RR interval, QTc) [17], and (2)
heart rate variability (HRV)-related features reflecting rhythm variability (e.g.,
SDNN, RMSSD) [18]. Since all concepts are continuous and vary in scale, we
standardize them using training-set statistics. The resulting normalized concepts
are used for cross-modal concept transfer (Section 2.2).

2.2 Cross-Modal Concept Transfer

In this section, we describe how image representations are mapped into the
signal-derived concept space. Given paired samples (si,xi) of a raw ECG signal
and its corresponding rendered image, we first extract a concept vector ci from si

as described in Section 2.1. The ECG image xi is then processed by a pretrained
image encoder to produce a latent representation. This representation is then
passed through an intermediate concept layer to generate predicted concept val-
ues ĉi. During training, the predicted concepts ĉi are optimized to approximate
the signal-derived concepts ci using the following SmoothL1 (Huber) loss:

ci = f(si), ĉi = h(g(xi)), Lconcept = SmoothL1(ĉi, ci) (1)

where f denotes the concept extractor from ECG signals, g is the image encoder,
and h is the concept prediction layer. Consequently, signal-derived physiological
concepts guide the learning of image representations, allowing the model to per-
form inference using images alone without requiring raw signals. Importantly,
the predicted concept vector ĉi serves as the sole input to the disease classifier,
and final predictions are computed entirely within the concept space. This design
ensures that decision-making is grounded in clinically meaningful quantitative
variables while enabling consistent inference across different input modalities.

2.3 Objective Function with Dynamic Weighting

Directly combining the concept loss and the task loss with fixed weights can
bias training toward a single objective, because the two terms may differ in scale
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and converge at different speeds. To address this issue, we adopt an Exponential
Moving Average (EMA)-based dynamic loss-weighting strategy that balances the
two objectives throughout training. The overall training objective is defined as
a weighted sum of the concept loss and the task loss:

L(t)
total = λ

(t)
concept L

(t)
concept + λ

(t)
task L

(t)
task (2)

At training step t, the dynamic weights are computed from EMA of each loss:

EMA
(t)
concept = αEMA

(t−1)
concept + (1− α)L(t)

concept (3)

EMA
(t)
task = αEMA

(t−1)
task + (1− α)L(t)

task (4)

where α ∈ [0, 1] is a smoothing factor. Larger α yields smoother, slower-updating
EMAs, whereas smaller α reacts faster to recent loss changes but can make
the weights noisier. Based on these EMAs, unnormalized weighting factors are
defined as

u
(t)
concept =

(
EMA

(t)
concept + ϵ

)p
, u

(t)
task =

(
EMA

(t)
task + ϵ

)p (5)

and the final weights are obtained by normalizing the unnormalized weighting
factors:

λ
(t)
concept =

u
(t)
concept

u
(t)
concept + u

(t)
task

∈ [λmin, λmax], λ
(t)
task = 1− λ

(t)
concept (6)

Here, ϵ > 0 prevents numerical issues; larger ϵ makes the weighting less sensi-
tive to very small losses, while smaller ϵ increases sensitivity but may amplify
numerical instability when a loss is near zero. p controls the strength of reweight-
ing; larger p accentuates the contrast between losses and yields more aggressive
weight shifts, whereas smaller p makes the weights closer to uniform. The weights
are constrained to lie within [λmin, λmax].

3 Experiments and Results

3.1 Experimental Setup

Datasets. We evaluate our method on two public 12-lead ECG benchmarks,
PTB-XL [19] and CPSC 2018 [20]. PTB-XL contains 21,837 recordings (10 sec-
onds, 500 Hz) annotated into 5 diagnostic categories, while CPSC 2018 includes
6,877 recordings (10–20 seconds, 500 Hz) with 9 arrhythmia classes. Following
clinical practice, we render each waveform into a standard ECG report image
using ECG-Image-Kit [8], which serves as input to all image-based encoders.
Baselines. We compare CMCT with both image-based and signal-based base-
lines. For image-based baselines, we train standard 2D encoders on the ren-
dered ECG images, including Inception [21], ResNet [22], EfficientNet [23], and
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Table 1. Performance of image-based and signal-based methods.

(a) Image-based methods
Downstream

Modality
Method

CPSC 2018 PTB-XL
F1 Pre Re Acc F1 Pre Re Acc

Image

Inception 0.7362 0.7664 0.7160 0.9507 0.6728 0.6949 0.6581 0.8558
ResNet 0.7555 0.8069 0.7241 0.9551 0.7015 0.7110 0.6953 0.8659

EfficientNet 0.7029 0.7659 0.6683 0.9462 0.6794 0.7179 0.6537 0.8619
ViT 0.6926 0.7155 0.6837 0.9390 0.6797 0.7018 0.6690 0.8552
Our 0.7953 0.8308 0.7752 0.9624 0.7208 0.7534 0.6983 0.8776

(b) Signal-based methods
Downstream

Modality
Method

CPSC 2018 PTB-XL
F1 Pre Re Acc F1 Pre Re Acc

Signal

ST-MEM 0.7815 0.8082 0.7658 0.9605 0.7289 0.7434 0.7207 0.8798
MERL 0.6567 0.6895 0.6388 0.9323 0.6887 0.7277 0.6626 0.8695

HeartLang 0.6140 0.6382 0.6107 0.9230 0.7053 0.7785 0.6599 0.8747
MELP 0.6948 0.7652 0.6697 0.9471 0.7183 0.7461 0.7025 0.8797

Image Our 0.7953 0.8308 0.7752 0.9624 0.7208 0.7534 0.6983 0.8776

ViT [24]. Unless otherwise specified, CMCT uses ConvNeXt [25] as the default
backbone. For signal-based baselines, we include recent state-of-the-art ECG
models that operate directly on raw waveforms, namely ST-MEM [3], MERL [5],
HeartLang [4], MELP [6], and fine-tune their publicly released pretrained check-
points on our splits.
Implementation Details. Each dataset is split into train/valid/test sets with
an 8:1:1 ratio. For image encoders, we follow the backbone-specific preprocess-
ing pipeline, including the recommended input resizing and normalization. For
signal-based models, we adhere to the original preprocessing and experimental
configurations released by the authors. We optimize all trainable models with
AdamW and a cosine annealing learning-rate schedule. For the EMA-based dy-
namic loss weighting, we set the smoothing factor α to 0.9, the reweighting
exponent p to 1.5, and ϵ to 10−8. All experiments are conducted on an NVIDIA
A100 GPU with CUDA 12.2.

3.2 Performance Comparison

We first evaluate the proposed method under both the image-based and signal-
based settings. As shown in Table 1(a), CMCT consistently outperforms existing
image-based approaches by a considerable margin across all evaluation met-
rics. We attribute this improvement to aligning signal-derived clinical concepts
with image representations, enabling image embeddings to capture physiolog-
ically meaningful information beyond shallow visual features. As a result, our
method achieves performance comparable to state-of-the-art signal-based mod-
els that directly operate on ECG signals (Table 1(b)). This result is particularly
meaningful, as our approach focuses on interpretability through a concept-based
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Table 2. Predicted concept values relative to normal for AF samples.

P wave duration Heart Rate HRV_SDSD HRV_SDNN
Norm Avg 101.0± 18.3 ms 75.1± 10.2 bpm 32.2± 30.3 ms 28.7± 23.4 ms

AF sample 1 56.51 143.10 89.27 97.83
AF sample 2 80.64 65.72 264.26 207.55
AF sample 3 46.49 123.66 142.33 118.99

...
...

...
...

...
AF Avg 68.2± 16.6 ms 105.5± 28.6 bpm 200.2± 90.0 ms 153.3± 54.6 ms

P wave duration
(p=6.87e-18)

De
ns

ity NormalAF

Heart Rate
(p=3.48e-19)

Normal

AF

HRV_SDSD
(p=2.79e-42)

Normal

AF

HRV_SDNN
(p=7.35e-47)

Normal

AF

Fig. 2. Distribution of predicted concept values.
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54.07 465.51...[ ]
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intervention

AF

NORM

147.06 151.95
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P wave
duration

HRV
SDSD

HRV
SD2

54.31 474.73...[ ]

99.97 29.45 15.66 474.73...[ ]

intervention

AF

NORM

321.68 185.33

QTc

Fig. 3. Concept-level intervention on AF-related concepts.

framework without sacrificing predictive performance. These results demonstrate
that our method effectively integrates the two modalities, achieving performance
comparable to both image-based and signal-based models.

3.3 Concept-Based Clinical Interpretation

Prior concept-based and explainability methods [7,9,12,26,27] primarily rely on
relative concept importance or qualitative visualizations. In contrast, CMCT
provides quantitative interpretation by outputting concept values that can be
directly compared with clinical criteria. As shown in Table 2, atrial fibrillation
(AF) samples exhibit shorter predicted P-wave duration than the normal range,
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Table 3. Results with different backbone encoders.

Dataset Setting Inception ResNet EfficientNet ViT ConvNeXt

CPSC 2018
w/o CMCT 95.07% 95.51% 94.62% 93.90% 96.03%

w CMCT 95.28% 95.58% 95.06% 94.78% 96.24%
Gap +0.21% +0.07% +0.44% +0.88% +0.21%

PTB-XL
w/o CMCT 85.58% 86.59% 86.19% 85.52% 87.12%

w CMCT 86.37% 87.01% 86.34% 85.36% 87.76%
Gap +0.79% +0.42% +0.15% -0.16% +0.64%

consistent with the diminished or absent P wave in AF [28]. They also show ele-
vated heart rate and HRV-related measures, reflecting increased variability due
to irregular rhythm [18]. At the population level, Fig. 2 shows clear differences
in concept distributions between normal and AF groups, with statistically sig-
nificant separation. These results indicate that CMCT captures clinically mean-
ingful concept patterns that support the plausibility of its predictions.

3.4 Concept-Level Intervention Analysis

To further validate the effectiveness of the learned concepts, we perform con-
cept intervention experiments on variables related to atrial fibrillation (AF).
As shown in Fig. 3, manipulating a small set of AF-relevant concepts induces
meaningful changes in model predictions. Specifically, in the top row, an AF
sample is transformed into a normal prediction after intervention, while in the
bottom row, a normal sample is shifted toward AF. These results demonstrate
that the learned concepts are not only predictive but also causally influence the
model’s decision-making process, confirming that the model relies on clinically
meaningful concept representations.

3.5 Robustness Across Backbone Encoders

We further evaluate robustness across different image backbone encoders. As
shown in Table 3, adding the proposed concept-transfer module consistently im-
proves performance over the corresponding baselines across most backbones on
both CPSC 2018 and PTB-XL. While the magnitude of improvement varies de-
pending on the encoder and dataset, the overall trend indicates that the benefits
of CMCT are not tied to a specific backbone architecture. This makes it easy
to pair CMCT with newly developed backbones in the image or ECG-image
domain. As a result, one can obtain performance improvements together with
concept-based interpretability without redesigning the framework.

4 Conclusion

In this paper, we proposed Cross-Modal Concept Transfer (CMCT), a
framework that improves explainability in ECG modeling by transferring quan-
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titative signal information to ECG images through continuous concept bottle-
necks. By leveraging clinically established signal-derived measurements as inter-
mediate concepts, CMCT trains image representations with explicit physiologi-
cal supervision. Experiments demonstrate that CMCT consistently outperforms
existing image-based methods while achieving performance comparable to state-
of-the-art signal-based models, indicating that improved interpretability does not
compromise predictive accuracy. Furthermore, CMCT provides quantitative in-
terpretability through concept predictions aligned with clinical reference ranges,
facilitating concept-level interventions for validating the model’s reasoning. It
also maintains strong performance across diverse backbone encoders, highlight-
ing its backbone-agnostic and extensible nature.
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