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ABSTRACT 46 

Background: Machine learning models for predicting structural heart disease (SHD) from 47 

electrocardiography (ECG) traditionally required structured echocardiographic data. The 48 

potential of echocardiography (ECHO) natural language reports remains underused. We 49 

describe MERL-ECHO, a multimodal model using contrastive language-image pre-training (CLIP) 50 

that aligns ECG with ECHO natural language reports for zero-shot SHD prediction. 51 

 52 

Methods: We conducted a multi-center retrospective study using paired ECG and ECHO natural 53 

language reports from Queen Mary Hospital and Tung Wah Hospital in Hong Kong. MERL-ECHO 54 

was trained on 45,016 pairs ECG-ECHO pairs. Performance was evaluated on an internal test set 55 

covering 10 SHDs and on an external test set of 5,442 ECGs with ECHO-derived labels for 6 SHDs 56 

from Columbia University Irving Medical Center, USA. 57 

 58 

Results: The cohort included 8,192 patients (mean age 73.7±16.5 years; 55.3% male). In the 59 

internal test set, MERL-ECHO achieved an average AUROC of 0.69, with strongest performance 60 

for left ventricular dilation (0.78), right ventricular systolic dysfunction (0.71), and tricuspid 61 

regurgitation (0.71). In the external test set, the average AUROC was 0.72, with highest 62 

performance for left ventricular systolic dysfunction (0.76) and aortic stenosis (0.76). Pre-63 

training improved AUROC by up to 5%, performance scaled with larger datasets, and ResNet18 64 

outperformed ViT-Tiny as ECG encoder by 7%. Saliency analysis revealed interpretable ECG 65 

features, including unexpected P-wave changes in aortic stenosis, suggesting novel disease 66 

markers. 67 

 68 

Conclusions: MERL-ECHO leverages ECHO natural language reports for multimodal training with 69 

ECG. This CLIP-based model enables accurate zero-shot prediction of SHDs and highlights 70 

interpretable ECG features with potential clinical relevance. 71 

 72 

Keywords: artificial intelligence, deep learning, echocardiography, electrocardiogra73 
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ABBREVIATIONS 74 

AUPRC  Area under the precision-recall curve 75 

AUROC Area under the receiver-operating characteristic curve 76 

CNN   Convolutional neural network 77 

DNN  Deep neural network  78 

ECG   Electrocardiography 79 

ECHO  Echocardiography 80 

Grad-CAM Gradient-weighted class activation mapping 81 

RNN   Recurrent neural network 82 

SHD  Structural heart disease83 
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INTRODUCTION 84 

The global burden of heart failure due to valvular heart disease and impaired cardiac function 85 

has steadily increased over the past decades 1-3. Early detection of structural heart disease 86 

(SHD) is critical for enabling timely initiation of pharmacological and interventional therapies 4-7. 87 

Recent advances have demonstrated that deep neural networks (DNNs) applied to 12-lead 88 

electrocardiograms (ECGs) can accurately predict valvular heart disease 8-10. 89 

 90 

The predictive accuracy of DNN models typically improves with larger training datasets 11. 91 

However, most prior models have relied on supervised learning with convolutional neural 92 

networks (CNNs) or recurrent neural networks (RNNs), which require structured datasets with 93 

ground-truth SHD severity labels. In clinical practice, echocardiography (ECHO) data may be 94 

captured as natural language free-text reports, leaving a vast amount of valuable information 95 

underutilized for ECG classifier training.  96 

 97 

In the field of image classification, contrastive language-image pre-training (CLIP) has emerged 98 

as a groundbreaking self-supervised learning paradigm. This method enables training of image 99 

classifiers from paired images and natural language text without the need for manual labeling 100 

12. By leveraging large and diverse datasets, CLIP substantially expands the scope of model 101 

development. Building on this concept, we recently introduced Multimodal ECG Representation 102 

Learning (MERL), a model that applies the CLIP architecture for self-supervised training of ECG 103 

classifiers using paired ECG signals and natural language ECG reports 13. We hypothesize that 104 
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MERL can be extended to incorporate paired ECG signals and natural language ECHO reports for 105 

the prediction of SHD. 106 

 107 

In this multi-center study, we present MERL-ECHO, a CLIP-based model trained using 108 

contrastive multimodal learning on paired ECG signals and natural language ECHO reports. We 109 

demonstrate that MERL-ECHO enables zero-shot prediction of SHD across internal and external 110 

test sets. Furthermore, we systematically evaluate different architectural designs and report 111 

comparative results to guide future research in multimodal ECG-based SHD prediction. 112 

 113 

 114 

  115 
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METHODS 116 

Study Design 117 

This was a multi-center retrospective study involving patients from Queen Mary Hospital and 118 

Tung Wah Hospital, Hong Kong. This study conformed to the Declaration of Helsinki. Follows 119 

CONSORT-AI (Consolidated Standards of Reporting Trials-Artificial Intelligence) checklist for 120 

reporting 14. Consent from individual patients was waived as only anonymized data from the 121 

hospital registries was involved. Ethical approval was granted by HKU/HA HKW Institutional 122 

Review Board (HKU/HA HKW IRB; UW 25-042).  123 

 124 

Data Source 125 

Adult patients aged 18 years or above having undergone 12-lead ECGs and echocardiograms at 126 

Queen Mary Hospital and Tung Wah Hospital, Hong Kong, from January 2008 to May 2025 were 127 

identified. ECGs were grayscale for the period 2008-2023 and coloured for the period 2023-128 

2025. Natural language ECHO text reports for 2008-2025 were acquired. ECGs and natural 129 

language ECHO text reports were paired up. Only data pairs with the time difference between 130 

the ECG acquisition date and the ECHO text report date less than or equal to three years were 131 

included in the final study cohort. Each paired data was randomly assigned to either the 132 

training, validation, or test set (Figure 1). 133 

 134 

For the external test data set at Columbia University Irving Medical Center, all data were 135 

collected from adult patients aged 18 or above who had a digitally stored 12-lead ECG and a 136 

transthoracic echocardiogram within a 1-year interval between 2008 and 2022 (Figure 1). ECG 137 
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waveform data were extracted from the GE MUSE ECG management system at a sampling 138 

frequency of 250 Hz across all 12 leads. Echocardiographic data were extracted from the Syngo 139 

Dynamics (Siemens) and Xcelera (Philips) systems. Each ECG was accompanied by the echo-140 

derived binary labels, which were derived from structured echocardiogram reports and 141 

binarized using clinically relevant thresholds to indicate at least moderate disease severity. 142 

 143 

ECG pre-processing 144 

Our training data were stored as images rather than raw digital signals. We utilized a simplified 145 

version of our previously developed DigitHeart pipeline to extract voltage-time series data for 146 

downstream use 15. First, a Yolo v11 object detection model was used to locate and label each 147 

of the 12 leads in ECGs 16 (Supplemental Figure S1), 99.5% of ECGs were successfully detected 148 

and cropped to the 12-lead region; the remaining ECGs (0.479%) were manually annotated to 149 

identify the 12 leads. Second, binary thresholding using OpenCV v4.10.0 with a cut-off value of 150 

80 was used to grossly remove grid lines, followed by using connected components size filtering 151 

to further remove residual smaller grid lines 17. Third, two-dimensional binary images were 152 

converted into one-dimensional digital signals. The conversion algorithm raster-scanned the 153 

binary image matrix along its horizontal axis, which serves as the temporal domain, while the 154 

vertical axis represents the uncalibrated amplitude. For each pixel column (a discrete time 155 

step), the vertical centroid of the white pixels (representing the ECG waveform) was computed 156 

by averaging their y-coordinates. This centroid value represented a single sample point in the 157 

raw time series. If no white pixels were found in a column, the vertical position was 158 

interpolated by carrying forward the value from the preceding time step to maintain signal 159 
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continuity. To reduce noise introduced during the image-to-signal conversion, the extracted 160 

signal was smoothed using a convolution-based moving average filter with a fixed window size 161 

of 10 applied. Finally, the extracted ECG waveform data in the internal dataset and ECG 162 

waveform data in the external dataset were up-sampled to a frequency of 500 Hz and stored 163 

in .mat format. Upsampling the digital signal to 500 Hz ensures that the fine-tuned data inputs 164 

are consistent with the pre-training ECG data during the pre-training stage of MERL-ECHO, 165 

thereby minimizing potential distribution shift arising from disparate sampling rates. To meet 166 

the model's input requirement of 10-second ECG recordings sampled at 500 Hz, the up-sampled 167 

ECG waveforms were repeated as needed to achieve the required duration.  168 

 169 

ECHO natural language text report pre-processing 170 

First, we used the Qwen3-4B model, a general-purpose large language model,  to analyze the 171 

natural language text of each ECHO report 18. Our objective was to exclude ECG–ECHO text 172 

pairs whose reports documented any cardiac valve interventions listed in Supplemental Table 173 

S1; only pairs linked to reports without these interventions were included.  Second, the cardiac 174 

abbreviation terms were expanded to the full terms, such as “AS” to “aortic stenosis” and “MR” 175 

to “mitral regurgitation”. Details are provided in the Supplemental Table S2. Empty or ECHO 176 

reports with less than 4 words were excluded. This text pre-processing preserves the ECHO text 177 

in a form that is as close as possible to its original state. We will also explore whether imposing 178 

a more structured representation of ECHO text yields different results; the structured pre-179 

processing approach will be discussed in a subsequent section. 180 

 181 
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Diagnosis annotation 182 

To validate the performance of our MERL-ECHO model, we developed a web application for 183 

annotating a subset of our internal data sets to serve as ground truth (Supplemental Figure S2). 184 

A committee consisting of 3 cardiologists and trained personnel was responsible for annotating 185 

10 types of labels for each ECHO report, including aortic, mitral, and tricuspid stenosis and 186 

regurgitation, left and right ventricular dilation and systolic impairment, and left ventricular 187 

hypertrophy based on the same thresholding criteria. The first 500 ECHO reports were manually 188 

annotated. Thereafter, the remaining 4,016 ECHO reports were annotated using a semi-189 

automated, human-in-the-loop workflow. In this pipeline, locally deployed large language 190 

model Qwen3-4B was used to generate initial predictions for each report (average F1 score 191 

0.77; Supplemental Figure S3; Supplemental Table S3) 18. Subsequently, all reports were 192 

reviewed and corrected by human annotators to ensure the final accuracy and fidelity of all 193 

labels. This hybrid approach significantly accelerated the data curation process while 194 

maintaining expert-level quality. 195 

 196 

CLIP model development and training 197 

Our methodology is predicated on a multimodal learning framework designed to train a zero-198 

shot diagnosis predictor, MERL-ECHO, to predict SHDs from ECGs by integrating ECG signals 199 

with their corresponding natural language ECHO text reports. This approach, inspired by the 200 

principles of CLIP and adapted for the medical signal-text domain 12, leverages the rich semantic 201 

information contained within clinical narratives to inform and structure the learned ECG 202 

representations. We previously described the use of CLIP architecture to train a zero-shot ECG 203 
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diagnosis predictor (MERL) by using ECG signal and ECG text report pairs 13. In this study, we 204 

want to detect SHDs from ECGs by training a model (MERL-ECHO) using paired ECGs and natural 205 

language ECHO text reports. 206 

 207 

MERL-ECHO is a dual-encoder architecture, featuring two distinct encoders for ECG signals and 208 

ECHO text reports, which are used to process the corresponding modalities, respectively. 209 

During the training process, all parameters in the ECG encoder will be updated, while only 210 

those in the last 6 layers of the text encoder will be updated. In our whole dataset 𝒳, we 211 

represent each ECG-ECHO text pair as (e!, r!), where as e! ∈ 𝜀 denotes the raw ECG signal and 212 

r! ∈ ℛ denotes the associated natural language ECHO text report, respectively, with 𝑖 =213 

1, 2, 3, … , 𝑁. Two contrastive learning strategies are utilized and described as follows. 214 

 215 

The first and most important is the Cross-Modal Alignment (CMA). It applied a contrastive 216 

learning approach on ECG-ECHO text pairs (Figure 2A) and enables MERL-ECHO to align the 217 

feature representation of an ECG signal with the feature representation of its corresponding 218 

natural language ECHO text report. ECG encoder with 1D-ResNet18 19 or ViT-Tiny 20 as the 219 

backbone embeds the ECG signal, and Med-CPT 21 as the text encoder embeds the natural 220 

language ECHO text report. Each ECG-ECHO text pair (e!, r!) will be embedded into the shared, 221 

high-dimensional latent embedding space, denoted as (𝑧",$ , 𝑧%,$), by the corresponding 222 

encoders. Subsequently, the ECG embedding and ECHO-text embedding will be mapped into 223 

the same dimensionality 𝑑 by two different non-linear projectors (𝑃"  and 𝑃%), they are 224 

represented as 𝑧̂",$  and 𝑧̂%,$, respectively. Third, cosine similarities for ECG-ECHO text and ECHO 225 
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Text-ECG will be computed as 𝑠$,$"&% = e6!'r6! and 𝑠$,$%&" = r6!'e6!, respectively. ℒ$,("&%  and ℒ$,(%&"  226 

represent ECG-ECHO text and ECHO text-ECG cross-modal contrastive losses, the final loss 227 

function (ℒ)*+) in cross-modal alignment is the average of these two losses (Formula 1), 228 

allowing MERL-ECHO to be trained to maximize the cosine similarity of embeddings from true 229 

pairs while minimizing the cosine similarity of non-paired embeddings, and making the 230 

alignment learning robust and bidirectional: 231 

 232 

Formula 1: 233 

ℒ$,(ℯ&% = − log
exp>𝑠$,("&%/𝜏A

∑ 𝟙[./$]1
.23 exp>𝑠$,."&%/𝜏A

						 234 

ℒ$,(%&" = − log
exp>𝑠$,(%&"/𝜏A

∑ 𝟙[./$]1
.23 exp>𝑠$,.%&"/𝜏A

						 235 

ℒ)*+ =
1
2𝐿FF(

4

(23

4

$23

ℒ$,("&% + ℒ$,(%&")															236 

 237 

Cross-Modal Alignment strategy not only aligns ECG signal features and semantic features from 238 

natural language ECHO text report, but it also enables MERL-ECHO the capability of zero-shot 239 

classification (Figure 2B). As ECG and ECHO-text features are aligned in the same high-240 

dimensional latent embedding space during the training process, ECG signal features are 241 

injected with high-level, human-understandable semantic information from ECHO-text. We can 242 

test the model by simply providing a text prompt and an ECG signal. The model can then find 243 

matching ECGs by calculating feature similarity, without requiring any labelled data or fine-244 

tuning for the downstream task. 245 
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 246 

In addition to the alignment between the features of ECG and ECHO-text, we further employ 247 

Uni-Modal Alignment (UMA). It is also a contrastive learning method, but it operates within a 248 

single modality, specifically the ECG domain (Figure 2A). Its purpose is to learn higher-quality, 249 

more discriminative feature representations for ECGs. There are three steps in this workflow: 250 

First, the ECG encoder embeds the ECG signal to obtain 𝑧",$. Then, embedding 𝑧",$  is duplicated. 251 

Independent and random dropout with a probability (𝑝) 0.1 is applied to these two identical 252 

embeddings for generating the positive pair (z5,!3 , z5,!& ) 22 (Supplemental Figure S4 for notation 253 

details). Third, we use standard contrastive loss on the positive pair and treat other unpaired 254 

combinations as negative pairs (Formula 2). This latent augmentation technique, by using two 255 

independent dropout operations to construct positive pairs, allows MERL-ECHO to learn ECG 256 

signal features that are more powerfully discriminative. It works in tandem with CMA (Cross-257 

Modal Alignment) to form the training core of the MERL-ECHO framework.  258 

 259 

Formula 2: 260 

ℒ6*+ = −
1
𝐿FFlog

exp>𝑠$,(/𝜏A
∑ 𝟙[./$]1
.23 exp>𝑠$,(/𝜏A

4

(23

4

$23

					 261 

𝑤ℎ𝑒𝑟𝑒	𝑠$,$ = 𝑧3",$
'  𝑧",$& 	262 

z5,!3 = z5,!⨀𝑀3, 𝑀3	~	Bernoulli	(𝑝), 263 

z5,!& = z5,!⨀𝑀&, 𝑀&	~	Bernoulli	(𝑝). 264 

 265 
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To further enhance performance, we also included a pre-training phase based on the previous 266 

work from our group 13, where a CLIP-based model was trained on 771,693 ECG digital signals 267 

and ECG text report pairs initially on the publicly accessible dataset, MIMIC-ECG 23, and it 268 

enabled zero-shot classification for various electrocardiographic abnormalities, we leverage 269 

pre-trained model weights to facilitate knowledge transfer (Supplemental Figure S5) from ECG-270 

based representations to echocardiographic insights.  271 

 272 

We trained the model for 15 epochs on the training set with the AdamW optimizer, setting a 273 

learning rate of 1 × 1078 and a weight decay of 1 × 1079. We unfroze the last six layers of the 274 

text encoder. We applied a cosine annealing scheduler for learning rate adjustments and 275 

maintained a batch size of 256 per GPU (two GeForce RTX 4090D). We set up early stopping 276 

criteria if the evaluation loss did not improve for three consecutive epochs. 277 

 278 

Prompts for zero-shot classification during inference 279 

During inference, a key feature of our CLIP-based model is the capability to perform zero-shot 280 

classification. Our model can predict any arbitrary diagnosis from a new ECG by inputting text 281 

prompts, without the need for retraining (Figure 2B). By directly leveraging ECG waveform 282 

signals along with carefully engineered text prompts for 10 distinct echocardiographic 283 

prediction classes, the model can predict the binary classification for each of the 284 

echocardiographic labels for the ECG by calculating the cosine similarity between the ECG 285 

embedding and each text prompt embedding. The ECG-ECHO text pair with the highest 286 

similarity will be the output.  287 
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 288 

To prevent model overfitting to the text prompt during the training stage, we utilized the 289 

diagnostic category names as the text prompts. Prompts for zero-shot inference were explicitly 290 

designed to enhance model prediction performance. 291 

 292 

A prompt is a natural language text describing the semantic context of an image or a task. By 293 

designing appropriate prompt engineering, the CLIP-based model can better align the 294 

echocardiographic textual description, the prompt, with the ECG digital signal. To optimize 295 

prompt design, we introduced enhanced cardiology domain prompt engineering to allow 296 

prompts with variant phrases and associated features. The complete prompt list is in 297 

Supplemental Table S4. We first queried a large language model, GPT-4, which has been shown 298 

to achieve high accuracy in generating cardiologist-level ECHO reports 24-27, to generate 299 

prompts for 10 echocardiographic labels. Query details are in Supplemental Table S5. Following 300 

prompt generation, experienced cardiologists reviewed and refined the prompts based on 301 

accuracy, clinical relevance, and clarity criteria. This multi-step validation ensures that the 302 

generated prompts accurately reflect the underlying cardiac pathophysiology and are 303 

contextually appropriate for domain-specific zero-shot classification tasks. 304 

 305 

Saliency Mapping 306 

To better understand the ECG representations that are most important to model prediction, we 307 

used the Gradient-weighted Class Activation Mapping (Grad-CAM) technique to visualize ECGs 308 

with positive classes and the highest confidence model predictions 28. To do this, our model first 309 
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receives both ECG signals and text prompts simultaneously, extracting features through the 310 

ECG encoder and text encoder, respectively, and calculating similarity scores via dot products, 311 

which serves as the target output of Grad-CAM analysis. To generate the saliency map, we 312 

targeted the final convolutional layer within the last residual block of our ECG encoder. During 313 

the backward propagation, the gradients of the similarity score with respect to the feature 314 

maps of this target layer were computed. These gradients were then global-average-pooled to 315 

obtain a set of weights, representing the importance of each feature map. A weighted linear 316 

combination of the feature maps was computed using these weights, followed by a rectified 317 

linear unit  (ReLU) activation to isolate features with a positive influence on the prediction. The 318 

resulting saliency map is then up-sampled to the original length of 5000 time steps using linear 319 

interpolation. This global saliency map is further overlaid onto each of the 12 leads of the 320 

original ECG waveform. It provides a comprehensive view, where the heat intensity (color-321 

coded in red) indicates the temporal importance, as determined by the model, allowing for a 322 

qualitative assessment of which segments of the cardiac cycle contribute most significantly to 323 

the final similarity score. 324 

 325 

Statistical Analysis  326 

Descriptive statistics using counts, percentages, and medians were provided as appropriate. 327 

Discrete variables were presented as mean ± standard deviation. F1 score, area under the 328 

receiver operating curves (AUROC), and area under the precision-recall curves (AUPRC) were 329 

calculated for the model prediction on all classes in both the internal and external test sets to 330 

assess their performance. The F1 score was calculated as the harmonic mean of the precision 331 
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and recall using a method that achieved the best balance between precision and recall; a series 332 

of thresholds were calculated to get different values of precision and recall, and the F1 score 333 

was chosen when the calculated precision and recall resulting the maximum F1 score based on 334 

the specific threshold value that was also the cut-off value used to distinguish between positive 335 

and negative class. It helps the model to find an optimal classification threshold that achieved 336 

the best predictive performance (measured by the F1 score). The range of F1 score values is 337 

from 0 to 1, where 1 indicates perfect classification performance, and 0 indicates the worst 338 

possible performance. The AUROC was used to describe model accuracy, plotting sensitivity 339 

(true positive rate) against 1-specificity (false positive rate) with values ranging from 0.5 to 1, 340 

where 1 indicates perfect classification, and 0.5 indicates random guessing. The AUPRC was also 341 

used to describe model accuracy, plotting precision (positive predictive value) against recall 342 

(sensitivity). All statistical analyses were performed using Python 3.12.3. 343 

 344 

RESULTS 345 

Patient Characteristics  346 

A total of 45,016 unique ECG signals and ECHO text pairs were identified in 8,192 unique 347 

patients from 2 public hospitals in Hong Kong, namely Queen Mary Hospital and Tung Wah 348 

Hospital, respectively, of whom 4530 (55.3 %) were male, and 3662 (44.7 %) were female. Their 349 

mean age was 73.7±16.5 years. Patient characteristics for the training, validation, test, and 350 

external test sets are described in Table 1.  351 

 352 

Model Performance  353 
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The model performance in AUROC and AUPRC of each echocardiographic finding label is shown 354 

in Figure 3 and Table 2. In the internal test set, the average AUROC is around 0.69. It varied 355 

slightly across categories and diseases (Figure 3A). For ventricular function, the model achieved 356 

the highest AUROC of 0.71 in right ventricular systolic function impairment (RV impaired). In the 357 

category of ventricular size, the highest AUROC was found for left ventricular dilation (LV 358 

dilated; 0.78). Among valvular heart diseases, moderate to severe tricuspid regurgitation had 359 

the highest AUROC of 0.71. And left ventricular hypertrophy had the lowest AUROC of 0.64. The 360 

AUROC values for moderate to severe aortic and mitral stenosis, as well as aortic and mitral 361 

regurgitation, were 0.67. For the area under the precision-recall curves and F1 score, MERL-362 

ECHO achieved the highest AUPRC of 0.63 and the highest F1 score of 0.66 in left ventricular 363 

systolic function impairment (LV impaired) (Figure 3B). 364 

 365 

In the external test set (Columbia University Irving Medical Center), patients’ characteristics 366 

were similar to those in the internal data set in terms of sex and age (Table 1). Surprisingly, 367 

MERL-ECHO even performs better in the external test set than in the internal test. The average 368 

AUROC for 6 echocardiographic classification labels is 0.72 (Figure 3C). The AUROC for left 369 

ventricular systolic function impairment and moderate to severe aortic stenosis was the highest 370 

(AUROC: 0.76), and the lowest AUROC was found for moderate to severe aortic regurgitation 371 

(AUROC: 0.68). For the area under the precision-recall curves and F1 score, MERL-ECHO 372 

achieved the highest AUPRC of 0.48 and the highest F1 score of 0.49 in left ventricular systolic 373 

function impairment (LV impaired) (Figure 3D). Although there were variations in the AUROC 374 
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for some echocardiographic labels, the model showed its ability to be robust and generalizable 375 

to the external data. 376 

 377 

ECG Encoder 378 

For these two ECG feature extractor networks, the CNN-based ResNet18 and transformer-379 

based ViT-Tiny, the zero-shot performance using different data proportions and pre-training on 380 

ECG-ECG text data shows that our CLIP-based model with CNN-based ResNet18 generally 381 

surpasses ViT-Tiny's (Figure 4A). The ECG encoder using ResNet18 as the backbone surpasses 382 

the ViT-Tiny one by almost 7% in AUROC when using the whole training dataset (Table 3).  383 

 384 

Effect of ECG-ECG Text Pre-training 385 

Pre-training is the initial stage of the model training; it allows the model to learn general ECG 386 

features and patterns by initially training on a large amount of ECG-ECG text pair data without 387 

manually labelled ground-truth, and provides a foundation for subsequent fine-tuning. With 388 

pre-training on ECG-ECG text pair data, we observed that fine-tuning on the complete ECG-389 

ECHO text training set led to improved model performance for ResNet18 as ECG encoders 390 

(Table 3), compared to models trained without pre-training. Specifically, for the CNN-based 391 

ResNet18 model, pre-training resulted in the highest AUROC of around 69% in the internal test 392 

set, representing a 5% improvement over the model without pre-training. 393 

 394 

Effect of Scaling Training Data 395 
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We also conducted comprehensive experiments to investigate the effect of scaling training data 396 

on AUROC. All the models with ResNet18 as the ECG encoder, with the pre-training and without 397 

the pre-training on ECG-ECG text data, improve AUROC steadily (Figure 4A). Crucially, the 398 

performance trend did not show signs of reaching a plateau, as AUROC continued to increase 399 

steadily up to the full dataset size. Specifically, with pre-training, the model's performance with 400 

ResNet18 as ECG encoder rises by 9% in AUROC when using the whole training dataset 401 

compared to using 20% of data only (Table 3), and the ResNet-based encoder outperformed its 402 

transformer-based Vit-Tiny counterpart, achieving a 6% higher AUROC. This sustained upward 403 

trend suggests that there is still potential for increasing AUROC because of the continuously 404 

growing trend for AUROC. 405 

 406 

Ablation Study on Text Preprocessing 407 

To evaluate the necessity of explicit feature engineering within the natural language clinical 408 

text, we conducted an experiment comparing two text-processing strategies. The first strategy 409 

involved training the model on natural language ECHO text reports, where only common 410 

abbreviations were expanded into their full terms. The second strategy involved changing the 411 

numerical values of the indicator into a specific diagnosis (Supplemental Table S6), making 412 

natural language in a more structured way. For instance, “LVEF = 45%” was transformed into 413 

“moderate left ventricular systolic function impaired”. Our results showed that providing 414 

explicit categorical labels for LVEF yielded no performance benefit. In fact, the model trained on 415 

unaltered, natural language text achieved a slightly superior AUROC. The model using natural 416 

language text reached an average AUROC of 0.72 in the external test set, marginally 417 
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outperforming the model trained on categorized text, which scored an average AUROC of 0.71. 418 

Specifically, the model trained on natural language ECHO text achieved 0.76 AUROC in left 419 

ventricular systolic function impairment in the external test set, marginally outperforming the 420 

model trained on categorized text, which scored 0.75 AUROC in the same category. This finding 421 

suggests that the model is capable of learning the clinical significance of numerical LVEF values 422 

directly from the contextual information present in the raw text, rendering manual 423 

categorization unnecessary. 424 

 425 

Prompt Design Optimisation 426 

In addition to the prompts generated by using our enhanced cardiology domain prompt 427 

engineering strategy, two more types of prompts, term-based prompts, and variant phrase 428 

prompts, were generated by GPT-4  to investigate the effects of prompts in zero-shot 429 

classification. Query details for the prompts generation are in Supplemental Table S5. Example 430 

prompts for left ventricular dilation and its variations are shown below:  431 

 432 

1. Terms only: Consisting solely of the diagnostic category name. 433 

• Example: "Dilated left ventricle." 434 

2. Terms with variant phrases: Producing multiple phrasings or syntactic variants for each 435 

prediction class to capture linguistic diversity. 436 

• Example: "Dilated left ventricle, LV dilation, LV enlargement (LVEDD > 58 mm in 437 

males or > 52 mm in females)." 438 
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3. Terms with variant phrases and associated features: Incorporating additional 439 

echocardiographic descriptive phrases that complement and do not contradict the 440 

definitions of the prediction classes. 441 

• Example: "severely dilated LV with impaired LVEF at 30%, moderate mitral 442 

regurgitation (MR), and dilated left atrium (LA)." 443 

 444 

Our prompt list is presented in Supplemental Table S4, with terms with variant phrases and 445 

associated features achieving the highest average AUROC of 0.69 among them (Figure 4B; 446 

Supplemental Table S5). The advantage of using prompts of terms with variant phrases and 447 

associated features is mainly demonstrated in the zero-shot inference of left ventricular dilation 448 

and systolic function impairment, and right ventricular systolic function impairment. We 449 

conclude that making the prompt more comprehensive and detailed may be helpful in 450 

improving accuracy. 451 

 452 

Saliency Mapping 453 

To better understand which ECG features contributed most to model predictions, we applied 454 

Grad-CAM to visualize salient regions identified by the MERL-ECHO model. This approach helps 455 

address the interpretability challenges of black-box algorithms. Representative Grad-CAM 456 

images are shown in Figure 5. In the illustrative ECG predicted as high risk for left ventricular 457 

impairment in figure 5A, the model highlighted poor R-wave progression in the QRS complex 458 

and premature ventricular complexes as important features. These findings are consistent with 459 

established clinical knowledge 29-31. 460 
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 461 

Moreover, MERL-ECHO consistently emphasized the P wave as the most important feature for 462 

predicting aortic stenosis (Figure 5B). This observation was unexpected and prompted further 463 

investigation. We therefore examined P-wave morphologies in patients with and without aortic 464 

stenosis (Supplemental Method S1). Quantitative analysis revealed that patients with aortic 465 

stenosis had a higher prevalence of flattened P waves in leads I, V5, and V6 (Figures 6A and 6B, 466 

and Supplemental Tables S7 and S8). 467 

 468 

DISCUSSION 469 

In this study, we developed MERL-ECHO, the first CLIP-based multimodal learning framework 470 

that aligns 12-lead ECG signals with natural language ECHO reports using contrastive learning. 471 

MERL-ECHO allows accurate zero-shot classification of 10 SHD conditions, achieving an average 472 

AUROC of 0.69 in the internal test set and 0.72 in the external validation cohort, with the 473 

strongest performance in predicting left ventricular systolic impairment and dilation. 474 

Importantly, saliency mapping revealed clinically meaningful ECG features contributing to 475 

predictions, highlighting the model’s interpretability. Overall, MERL-ECHO shows strong 476 

potential as a scalable, generalizable framework for detecting structural heart diseases from 477 

ECGs without the need for labelled training data. 478 

 479 

Previous work in ECG classification has largely relied on single-modality models using self-480 

supervised or supervised learning. Neural networks such as RNNs and CNNs 32-34  demonstrated 481 

the ability to learn ECG feature representations and reduce the need for handcrafted rules. 482 
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However, these models remain constrained by their design: they only utilize ECG signals, 483 

require extensive manual labelling of diagnoses from electronic health records (EHRs), and are 484 

limited to fixed label sets. As a result, they overlook the abundant contextual knowledge 485 

embedded in natural language clinical text and cannot naturally extend beyond predefined 486 

outputs. 487 

 488 

In contrast, CLIP provides a more flexible and scalable paradigm. Unlike conventional neural 489 

networks that require fixed, manually curated label sets and labour-intensive relabelling for 490 

each new task, CLIP-based architectures directly align ECG signals with free-text reports already 491 

available in electronic health records. This removes the bottleneck of extensive expert 492 

annotation, since the natural language text itself provides supervision. As a result, new 493 

diagnostic concepts can be incorporated simply by adding text prompts, without retraining the 494 

model. To our knowledge, this is the first demonstration of leveraging ECHO natural language 495 

text report within a multimodal CLIP model to link ECG with echocardiographic findings.  496 

 497 

The CLIP architecture utilized contrastive learning methods to learn the relationship between 498 

ECG and ECHO text reports with two input encoders: an ECG encoder and a text encoder. Our 499 

experiments revealed a stark contrast in how different ECG encoder architectures respond to 500 

increased training data. The CNN-based ResNet18 model with ECG-ECG text pretraining 501 

demonstrated consistent and steady performance gains as the dataset size grew, with its 502 

AUROC increasing by 9% when scaling from 20% to 100% of the training data. Notably, with 503 

ECG-ECG text pretraining, using ResNet18 as the ECG encoder results in a higher AUROC of 7% 504 
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than using ViT-Tiny as the ECG encoder; the reason behind this may stem from the different 505 

processing methods. CNN-based ResNet18 processes ECG digital signals through convolutional 506 

layers, which are good at extracting important local features from time-series data like ECG 507 

digital signals. Transformer-based Vit-Tiny does not have such an architecture and may struggle 508 

to extract local information. The continuous upward trend suggests that its performance has 509 

not yet reached saturation and could be further enhanced with additional data. This highlights 510 

the potential of training a large-scale foundation model on substantially larger ECG-ECHO 511 

datasets, which could enable more robust zero-shot predictions across an even broader range 512 

of cardiac conditions. 513 

 514 

Saliency mapping confirmed expected predictors of left ventricular impairment, including 515 

abnormal R-wave progression and ventricular ectopy, consistent with existing clinical 516 

understanding. Unexpectedly, the model consistently highlighted the P wave as most important 517 

for predicting aortic stenosis. Further analysis showed a higher prevalence of flattened P waves 518 

in leads I, V5, and V6 among affected patients. Previous ECG studies in aortic stenosis have 519 

mainly focused on QRS complex, ST segment and T wave35-38. Atrial findings have usually been 520 

limited to changes in P-wave duration and dispersion 39,40. Subtle P-wave flattening has not 521 

been systematically reported. These findings suggest that atrial remodeling in aortic stenosis 522 

may be detectable through P-wave. Independent validation and mechanistic studies are needed 523 

to clarify whether this feature provides additional diagnostic or prognostic value. 524 

 525 
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One possible future development of CLIP architecture for ECG classification is to expand the 526 

multi-modal training to ECHO videos, as the raw spatial information may also provide useful 527 

features for training ECG classifiers. However, it is well recognized that ECHO videos typically 528 

require multi-frame sampling or temporal modeling 41,42, which increases inference time and 529 

GPU memory pressure. It is therefore technical challenging to train such a model at the 530 

moment.  531 

 532 

Limitations 533 

Our model has several limitations that warrant consideration. First, the text encoder used in 534 

this study was primarily trained on English text. ECHO reports written in other languages would 535 

require a language-specific encoder to ensure reliable performance. Second, as this is a 536 

retrospective study, a prospective clinical trial is necessary to assess the model’s accuracy and 537 

generalizability in real-world clinical settings. Third, the presence of class imbalance in our 538 

datasets may have contributed to overly optimistic AUROC values for certain minority classes 539 

during testing. 540 

 541 

CONCLUSION 542 

MERL-ECHO demonstrates that aligning ECG signals with natural language echocardiography 543 

reports via contrastive learning enables robust, interpretable, and generalizable zero-shot 544 

detection of structural heart disease. 545 

  546 
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TABLES 576 

Table 1. Patient Characteristics 577 
 

Train# Validation Test External test 

No. of ECG-ECHO Pairs 40,500 2,250 2,266 5,442 

Patients, n 7,099## 1,693## 1,638## 5,442 

Age, mean±SD, y 73.5±16.6 72.4±15.8 71.4±16.7 71.1±16.7* 

Sex, % 

  Female 3,206 (45.2%) 764 (45.1%) 731 (44.6%) 2,731 (50.2%) 

  Male 3,893 (54.8%) 929 (54.9%) 907 (55.4%) 2,711 (49.8%) 

Ventricular Size and Morphology, % 

  Left Ventricular Hypertrophy 25.7 18.3 19.1 - 

  Dilated Left Ventricle 10.3 8.6 9.1 - 

  Dilated Right Ventricle 13.2 10.7 10.7 - 

Ventricular Function, % 

  Impaired Left Ventricular Systolic Function  

  (Moderate to Severe) 

46.6 43.5 44.3 17.7 
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  Impaired Right Ventricular Systolic Function 

  (Moderate to Severe) 

12.7 10.3 10.9 7.7 

Moderate to Severe Valvular Heart Diseases, % 

  Aortic Stenosis (AS) 9.6 9.9 9.3 5.3 

  Aortic Regurgitation (AR) 20.8 10.2 9.7 1.2 

  Mitral Stenosis (MS) 12.1 11.6 12.3 - 

  Mitral Regurgitation (MR) 35.8 26.4 26.8 6.2 

Tricuspid Regurgitation (TR) 30.0 28.4 27.8 6.5 

#Multiple ECGs and ECHO text reports per patient were included to maximize model training. 578 
##The total number of patients across the training, validation, and test sets does not equal the size of the internal dataset. The first 579 

reason is in # and the second reason is that the whole internal data set was randomly split into train, validation, and test sets. 580 
*Age values are capped at 90 years for de-identification purposes. 581 
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Table 2. Diagnostic performance by AUROC and AUPRC using MERL-ECHO for each label 582 

Echocardiographic 

Finding Label** 

Internal Test External Test 

AUROC AUPRC AUROC AUPRC 

LV Dilated 0.78 0.27 - - 

LV Impaired 0.70 0.63 0.76 0.48 

RV Dilated  0.68 0.21 - - 

RV Impaired 0.71 0.20 0.71 0.17 

AS Mod Severe 0.67 0.15 0.76 0.14 

AR Mod Severe 0.67 0.15 0.69 0.02 

MS Mod Severe 0.67 0.20 - - 

MR Mod Severe 0.67 0.42 0.69 0.13 

TR Mod Severe 0.71 0.50 0.72 0.17 

LVH  0.64 0.30 - - 
**LV Dilated = Left Ventricular Dilation, LV Impaired = Left Ventricular Systolic Function Impairment, RV Dilated = Right Ventricular 583 

Dilation, RV Impaired = Right Ventricular Systolic Function Impairment, AS Mod Severe = Moderate to Severe Aortic Stenosis, AR 584 

Mod Severe = Moderate to Severe Aortic Regurgitation, MS Mod Severe = Moderate to Severe Mitral Stenosis, MR Mod Severe = 585 

Moderate to Severe Mitral Regurgitation, TR Mod Severe = Moderate to Severe Tricuspid Regurgitation, LVH = Left Ventricular 586 

Hypertrophy.   587 

 588 

 589 

 590 
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 591 

Table 3. AUROC comparison for two ECG encoders under different training data sizes 592 

###Pre-training with ECG-ECG text pair data.593 

 

Metrics 

 

Pretraining### 

 

ECG Encoder 

Training Set Size 

8,100 (20%) 16,200 (40%) 24,300 (60%) 32,400 (80%) 40,500 (100%) 

 

AUROC 

✔ ResNet 59.9 63.1 64.3 66.9 68.9 

ViT 51.7 56.5 58.2 60.2 62.7 

✘ ResNet 49.4 56.0 57.4 59.7 63.6 

ViT 52.8 51.8 53.1 52.2 52.2 
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FIGURE LEGEND 594 

Figure 1. Patient Flow 595 
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Figure 2. Model Architecture and Zero-shot Capability 597 

  598 

 . CC-BY 4.0 International licenseIt is made available under a 

 is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.(which was not certified by peer review)preprint 
The copyright holder for thisthis version posted September 18, 2025. ; https://doi.org/10.1101/2025.09.16.25335870doi: medRxiv preprint 

https://doi.org/10.1101/2025.09.16.25335870
http://creativecommons.org/licenses/by/4.0/


 34 

Figure 3. AUROC and AUPRC for the Internal and External Test Sets 599 
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Figure 4. Data Efficiency Plot and Radar Plot for AUROC under Different Prompts 601 
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Figure 5. Saliency Map 603 
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Figure 6. P-wave Morphology Distribution and P-wave Normalized Height Distribution for 605 

Normal ECG and ECG with aortic stenosis (AS) labeled in the associated ECHO report 606 
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