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Abstract

The electrocardiogram (ECG) is an essential diagnostic tool for
monitoring heart health. Traditional manual methods for ECG in-
terpretation are increasingly challenged by the complexity of heart
diseases and the volume of ECG data. Recent advancements in artifi-
cial intelligence (AI), particularly deep learning, have improved the
efficiency and accuracy of ECG diagnostics. However, the "black-
box" nature of Al models poses trust and verification challenges.
To address this, we propose a novel approach integrating Explain-
able AI (XAI) techniques with multimodal large language models
to enhance ECG diagnostic interpretability. Our methodology em-
ploys a 2D convolutional neural network (CNN) to classify ECG
signals, followed by Grad-CAM to generate heatmaps highlighting
critical areas influencing Al decisions. These enhanced ECG images
and their classifications are then input into a multimodal large lan-
guage model to produce comprehensive explanatory outputs. This
approach combines the visual processing power of CNNs with the
contextual understanding of multimodal models, offering clearer
insights into Al reasoning. Our research demonstrates improved di-
agnostic accuracy and interpretability, setting a new standard for Al
integration in clinical practices. Specifically, our method achieved
an F1-score of 0.67 for ECG classification using Inception and a
BERT-Score of 0.818 for text generation using Gemini_GradCAM.
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1 Introduction

The electrocardiogram (ECG) is a vital tool for monitoring heart
health, aiding in the detection of arrhythmias, heart enlargement,
ischemia, and inflammation [11]. Traditionally, interpreting ECGs
has been a manual, time-consuming process requiring significant
expertise. With the increasing complexity of heart diseases and the
volume of ECG data, this manual approach struggles with scalability
and speed. Recent advancements in artificial intelligence (AI), par-
ticularly deep learning, have significantly enhanced the efficiency
and accuracy of ECG diagnostics [22]. Al models, especially deep
convolutional neural networks (CNN), can autonomously analyze
ECG data, matching the diagnostic accuracy of experienced cardi-
ologists [12]. However, the adoption of such Al systems in clinical
practice is hindered by their opaque decision-making processes,
often referred to as the “black-box" problem, which makes it diffi-
cult for practitioners to trust and verify the AI's decisions [1]. To
address this, Explainable AI (XAI) techniques are being integrated,
making Al decision processes transparent and understandable for
healthcare professionals. Despite these advancements, the effective-
ness of visual explanations in specialized fields like ECG diagnostics
depends heavily on domain-specific knowledge. Non-specialists
may struggle to grasp the significance of Al-highlighted ECG areas.
Additionally, using multimodal large language models (LLMs) for
image classification and diagnosis presents challenges, as these
models excel in natural language processing but may falter with
direct image classification [19].

To address these challenges, we propose a new approach using
multimodal large language models to interpret deep learning model
outputs: A 2D CNN model classifies ECG signals, and Grad-CAM
produces heatmaps to highlight critical ECG areas influencing the
AT’s decision. These enhanced ECGs are input into a multimodal
model, generating comprehensive explanations. Specifically, we
make the following contributions:

o Unlike previous works that rely solely on CNNs or LLMs, our
method combines the visual processing power of CNNs with
the contextual understanding of multimodal models. A 2D
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CNN model to classify preprocessed ECG images, ensuring
diagnostic accuracy and avoiding the unreliability caused
by the hallucinations of large models, while the multimodal
LLMs generate detailed textual explanations, leveraging their
understanding of medical terminology. This integration ad-
dresses the limitations of standalone models by providing
both accurate diagnostics and comprehensive explanations.

o We uniquely apply Grad-CAM to ECG diagnostics and input
the enhanced images into multimodal models to generate tex-
tual explanations. This dual-modality approach overcomes
the limitations of standalone Grad-CAM, which needs do-
main knowledge and lacks textual explanations, by offering
clear, comprehensive interpretations.

e By using ECG images instead of raw signals, our method-
ology aligns more closely with real-world clinical practices
where ECGs are often stored as images. This practical align-
ment enhances the applicability and adoption potential of
our framework in clinical settings.

2 Related Work

Deep learning’s high efficiency in complex tasks such as ECG diag-
nosis classification stems from their ability to autonomously extract
and utilize high-level abstract features from data. However, this au-
tomatic extraction of high-level features also complicates the mod-
els’ decision-making explanation. For example, Gradient-weighted
Class Activation Mapping (Grad-CAM) visualizes feature maps in
the last convolutional layers, highlighting signal parts focused on
for classification decisions [14]. Attention mechanisms integrate
into models, spotlighting influential heartbeats or waveform seg-
ments [20]. Local Interpretable Model-agnostic Explanations (LIME)
create interpretable local models around complex decision bound-
aries, identifying decisive input features [13]. SHapley Additive
exPlanations (SHAP) quantify input features’ impact on predic-
tions, based on cooperative game theory [8]. These methods adapt
well to deep learning’s complexity, offering intuitive, flexible expla-
nations across various architectures, significantly aiding in ECG
analysis and enhancing trust and accuracy in medical diagnostics.

Furthermore, recent research tries to convert complex medical
signals into medical reports with LLMs. For instance, BioSignal
Copilot [7], an innovative signal-to-text (Sig2Txt) engine designed
to convert medical signals into technical or clinical reports. Yu et al.
[23] propose a zero-shot, retrieval-augmented approach utilizing
advanced language models like LLaMA2 and GPT-3.5 to generate
diagnostic results for medical conditions such as arrhythmias and
sleep apnea without the need for training samples. However, the
aforementioned method heavily relies on domain knowledge, re-
quiring extensive manual feature extraction and knowledge base
construction. Multimodal large models can directly input images,
allowing the model to automatically capture important features
and generate text in an end-to-end manner [19]. But this kind of
approach often leads to hallucinations and is not suitable for direct
use in the medical field due to the risk of inaccurate interpretations
and diagnoses.

In this paper, we aim to integrate machine learning explanation
techniques into LLMs for achieving both the interpretability and
accuracy of the diagnostic reports.
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3 Methodology

In this study, we explored the use of the raw ECG signals of 12
ECG leads and the ECG image of 12 ECG leads separately along
with prompt sentences to classify ECG data with a multimodal
large language model. It was found that the use of ECG image data
resulted in better classification performance. Therefore, this study
uses a separate CNN vision model for ECG classifications. Based
on this, we compared two methods: inputting the original ECG
12 lead images and classification labels into the multimodal large
language model, and using Grad-CAM to mark important features,
followed by the multimodal large language model performing im-
age captioning on the marked images. This comparison aimed to
assess which approach better aligns image features with textual
explanations, thereby enhancing the interpretability and accuracy
of the diagnostic reports.

3.1 Data and Preprocessing

In this study we use the PTB-XL dataset [21] because it encompasses
both ECG data in the form of 12-lead recordings and comprehensive
diagnostic information. 12-lead ECG images instead of raw data are
used because of two primary reasons: (1) in real clinical practice,
ECGs are commonly recorded and stored as images rather than
raw signal data. Therefore, employing images aligns the research
methodology with practical clinical scenarios, ensuring the findings
are directly applicable without additional data processing steps; (2)
it has been demonstrated in previous research that training mod-
els using data from all 12 leads significantly enhances diagnostic
performance. Each lead provides unique electrical activity infor-
mation from different areas and angles of the heart, leading to a
more comprehensive understanding of cardiac function. Integrating
data from all leads improves the richness and diversity of features
captured by the model, enhancing its ability to identify complex
patterns and diagnose various cardiac conditions more accurately.

Before building the model on the PTB-XL dataset, we prepro-
cess the data to ensure quality and consistency. For ECG signal
data, the steps include smoothing filtering, 50Hz notch filtering,
R-wave segmentation extraction, and baseline drift removal. After
preprocessing, the dataset is split into training and test sets. For
the diagnosis text report data associated with each ECG signal, we
use Google Translate to convert German and Swedish texts into
English. The diagnostic text is then tokenized, removing stop words
and special characters. Finally, we create vocabulary and vector
representations of the diagnostic text.

3.2 Framework of Diagnosis Report
Generations

This paper proposes a novel framework for the ECG diagnosis
report generation as shown in Figure 1. It is divided into several
key steps, each detailing how to extract and interpret data from
ECG images to provide meaningful medical insights.

3.2.1 CNN Classifier. : Popular 2D CNN models include ResNet-50
[3], VGG-16[15], DenseNet[5], and InceptionNet[16]. Each model
offers unique advantages in the classification of electrocardiogram
diagnoses: ResNet-50 with its deeper structure and residual con-
nections, VGG-16 for its simplicity, DenseNet for efficient feature
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Figure 1: Overview of the proposed framework

reuse, and InceptionNet for capturing multi-scale features [18]. We
deployed these models on our data to determine the most suitable
model for ECG classification, considering both performance and
interpretability.

3.2.2 Grad-CAM Explianer. : Grad-CAM stands out among var-
ious XAI methods due to its significant interpretability benefits,
particularly within the context of CNN [1]. It excels in provid-
ing class-specific explanations, showcasing how the model’s focus
varies across different predicted classes. This is especially useful in
multi-label classification tasks, offering a distinct advantage over
methods like SHAP and LIME, which typically focus on the average
contribution of features without providing class-specific insights
[2]. Additionally, Grad-CAM’s utility in image-related deep learn-
ing applications, such as ECG diagnosis, is particularly valuable;
the heatmaps it generates can be directly superimposed on medical
images, offering intuitive and actionable insights for medical pro-
fessionals [4]. This capability for clear visual explanations, along
with its high compatibility with pre-trained CNNs without requir-
ing architectural modifications, and its computational efficiency
makes Grad-CAM an invaluable tool in fields requiring transparent
decision-making processes [6].

3.2.3  MLLM Prompts Generation. : Once we obtain the disease
classification labels, they can then be used as inputs into a LLM.
The simplest form of this would be using the classification labels
as prompts or starting points for generating text. Additionally, the
original ECG images or heatmaps marked with important features
using Grad-CAM can be incorporated into a multimodal large lan-
guage model. For example,

Prompt: [“the prediction of this ECG signal with 12 lead is
following: {label}, please interpret the results based on the important
features of the ECG image, answer it in two sentences or less in
English:"{image}]

3.2.4 Diagnosis report. : This step involves leveraging multimodal
large languages models to interpret ECG classification results by
integrating their image-text understanding abilities with existing
medical knowledge bases. This enables the system to generate de-
tailed explanations, drawing on recognized patterns in ECG images
and cross-referencing them with authoritative medical literature,
enhancing diagnostic insights and user trust. The current two most
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powerful multimodal large language models are GPT-4V [9] and
Gemini [17]. GPT-4V is distinguished by its ability to deliver pre-
cise and concise responses, effectively managing complex scenarios
and excelling in human interactions and emotional intelligence
aspects. While Gemini stands out for its detailed and expansive
responses, which include relevant images and links, excelling in
providing a rich narrative and visual detail, which is crucial for
deep comprehension and thorough analysis [10].

Finally, an interactive interface displays the classification results,
explanatory images, and explanatory texts to users, allowing medi-
cal professionals to understand the diagnostic information of each
ECG case.

3.3 Performance Evaluation Metrics

In our framework, we employ two distinct models tailored to differ-
ent aspects of the task, which makes the evaluation method more
comprehensive and specialized.

For the visual model that classifies images, we are using standard
classification metrics such as precision, recall, and F1 score. These
metrics are ideal for this purpose as they quantify how well the
model identifies and classifies the correct categories within the
images. Precision measures the accuracy of the positive predictions,
recall assesses how well the model captures all relevant instances,
and the F1 score provides a balance between precision and recall,
important for evaluating the overall performance of the model
especially when the class distribution is uneven.

To assess the quality of text report generated by the multimodal
models, we have chosen to use BERT-Score ([24]) as the evaluation
metric. BERT-Score leverages a pre-trained BERT model to mea-
sure the semantic similarity between candidate text and reference
text. This metric was chosen because, in medical image description,
ground truth is valuable but often limited to specific phrases. Multi-
modal large models generate text with greater novelty and creativ-
ity, offering richer perspectives than standard benchmarks. While
expert’s manual evaluation is ideal for accuracy and relevance, it is
expensive, time-consuming, and hard to scale. BERT-Score serves as
a consistent, scalable, and cost-effective alternative to assess seman-
tic accuracy and depth, which can effectively evaluate the quality of
the model’s textual output and serve as a useful preliminary filter
to identify high-quality descriptions.
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4 Experiments and Results

4.1 Experiment Settings

The PTB-XL dataset contains 21,837 clinical 12-lead ECG records
from 18,885 patients, annotated with 71 SCP-ECG statements. These
statements include 44 diagnostic, 19 form (4 overlapping with diag-
nostic), and 12 rhythm statements. The dataset’s diagnostic labels
are organized into 5 superclasses and 24 subclasses, offering granu-
larity in analysis. It includes 12-lead ECG signals sampled at 500 Hz,
along with demographic information, and diagnostic annotations.

The preprocessed data was saved in two formats: images and
arrays. The image format is used for prompts in MLLMs, while the
array format is used as input for image classification algorithms.We
applied several 2D CNN algorithms, including ResNet-50, VGG-16,
DenseNet, and InceptionNet, on the preprocessed PTB-XL dataset to
determine the most suitable model for ECG classification based on
performance metrics like precision, recall, F1-score, and accuracy.

In the implementation of Grad-CAM, we targeted the last convo-
lutional, as it contains rich high-level features that reflect specific
spatial information. The gradients of this layer with respect to the
class of interest were computed, and global average pooling was
applied to determine the importance of each feature map. These
weighted feature maps were then combined and passed through a
ReLU function to emphasize areas contributing most to the class
prediction.

For the multimodal large language models, we utilized the APIs
of GPT-4 Turbo and Gemini Pro Vision 1.0. These models were used
to generate detailed diagnostic reports based on the enhanced ECG
images and their classification labels. The generated reports were
then compared to the dataset’s diagnostic reports, used as ground
truth, and evaluated using BERT-Score to measure the semantic
similarity and quality of the text descriptions.

When using large language models for inference, it’s crucial to
configure certain parameters to ensure reproducibility and min-
imize randomness. The main configuration parameters include
several key settings: a low temperature (0.1), a top k of 1, a top p of
1, and a max outputs tokens of 2048 words.

4.2 Results

4.2.1 ECG Classification. Table 1 shows the classification perfor-
mance of all tested models. According to Table 1, Inception per-
forms the best overall with precision, recall, and accuracy all at 0.70.
DenseNet has slightly better F1-score (0.67) than ResNet-50 (0.66).
VGG-16 has the lowest performance in all metrics. As a result, we
chose Inception as the backbone of our framework.

Table 1: Classification performance of all tested models

Model Precision | Recall | F1-score | Accuracy
VGG-16[15] 0.62 0.65 0.62 0.65
DenseNet[5] 0.69 0.69 0.67 0.69

Inception[16] 0.70 0.70 0.67 0.70
ResNet-50[3] 0.68 0.69 0.66 0.69

Table 2 illustrates the classification performance for ECG data
with the use of Inception model. It shows that Inception performs
well for the most common class (NORM) but struggles significantly
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with the less frequent classes (especially CD and HYP). This dispar-
ity suggests that the model might benefit from techniques such as
class balancing, data augmentation for underrepresented classes,
or using a more sophisticated model that can better capture the
nuances of the less frequent classes.

Table 2: ECG class classification performance with Inception

Class | Precision | Recall | F1-score | Instances

NORM 0.70 0.94 0.80 844
MI 0.73 0.57 0.64 490

STTC 0.67 0.59 0.63 326
CD 0.61 0.31 0.41 167
HYP 0.80 0.11 0.19 74

4.2.2 ECG Diagnosis Report Generation. In this study, two types of
inputs of ECG image and visual interpretation Grad-CAM are input
to MLLMs of Gemini and GPT-4V respectively for ECG diagnosis re-
port generations, achieving four groups of testing results as shown
in Figure 2. Figure 2compares the four methods: Gemini_Image,
Gemini_GradCAM, GPT-4V_Image, and GPT-4V_GradCAM across
Precision, Recall, and F1-score. Gemini_GradCAM showed the
best overall performance with the highest Precision (0.816), Recall
(0.821), and F1-score (0.818). GPT-4V_GradCAM also performed
well, closely following Gemini_GradCAM. Both Grad-CAM meth-
ods outperformed their respective image-only methods, indicating
that Grad-CAM significantly enhances ECG diagnosis report gen-
eration performance in terms of precision, recall, and F1-score.

B Gemini_Image Gemini_GradCAM [ GPT-4V_Image GPT-4V_GradCAM

0.83

0.818

0.805

0.793

0.78

Precision Recall F1-score

Figure 2: Performance of diagnosis report generations

5 Discussion and Limitations

The framework proposed in this paper is composed two key models:
one focusing on classifying images into different ECG classes and
the other on generating text descriptions (i.e. ECG report) for those
images. This architecture allows us to explore how different types of
input, raw images with classification labels and images enhanced by
Grad-CAM with labels, affect the quality of the generated diagnosis
report. Interestingly, the results indicate that current pre-trained
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multimodal large models, even under zero-shot learning conditions,
are capable of generating high-quality text in specialized fields
like medical field. This underscores the models’ potential to adapt
and produce relevant output without prior specific training on
similar tasks. The use of Grad-CAM images further result in more
precise and insightful text descriptions, confirming that this method
enhances the model’s ability to focus on and interpret the most
relevant features of an image.

However, there are three main drawbacks to this method: the
PTB-XL dataset used for classifications has a limited number of
samples, particularly in CD and HYP classes, which can impact
classification performance. Furthermore, the diagnosis reports used
as ground truth are not always complete or fluent, affecting the
evaluation metrics for text generations. Although BERT-Score can
evaluate the semantic similarity between the generated text and the
reference text, it cannot fully replace expert evaluation, especially
in cases requiring precise medical or technical descriptions. Expert
assessments provide a deeper check on accuracy and relevance,
which BERT-Score lacks. Third, the quality of the text generations
heavily depends on the performance of the initial image classi-
fication model. If the accuracy of the classification model is not
high, then the descriptions generated, whether from raw images
or Grad-CAM processed images, may significantly deviate from
actual conditions, thereby affecting the overall effectiveness and
application value of the system.

6 Conclusion and Future Work

This study demonstrates the potential of integrating Explainable
AI (XAI) techniques with multimodal large language models to
enhance the interpretability and accuracy of ECG diagnosis. By
employing a 2D CNN for ECG signal classification and utilizing
Grad-CAM to highlight critical areas influencing Al decisions, we
were able to generate comprehensive explanatory outputs through
multimodal models. This approach combines the strengths of vi-
sual and textual data processing, offering clearer insights into AI
reasoning and bridging the gap between AI capabilities and hu-
man interpretation. Despite some limitations, such as dependency
on classification accuracy and the need for expert evaluation, our
framework sets a new standard for Al integration in clinical prac-
tices. Future efforts will focus on improving the alignment of image
classification and text generation to further streamline the diagnos-
tic process and ensure robust, reliable, and interpretable Al-driven
medical diagnostics.
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