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Abstract

Electrocardiogram (ECG) diagnosis aims to automatically classify
ECG recordings into clinically meaningful categories, playing a vi-
tal role in medical decision-making. Deep learning methods, while
promising, demand extensive annotated data and lack interpretabil-
ity. Large Language Models (LLMs) offer potential in low-data sce-
narios and generating interpretable outputs, yet their application
to ECG diagnosis, especially leveraging multimodal data (e.g., raw
signals, derived features, and clinical knowledge), remains under-
explored. To address these challenges, we propose ECG-Doctor,
an interpretable and multimodal ECG diagnosis framework based
on LLMs. ECG-Doctor comprises four key components: (1) ECG
Knowledge Acquisition Module, which integrates external med-
ical knowledge and Chain-of-Thought (CoT) reasoning to address
the inability of LLMs to follow standardized ECG diagnostic proce-
dures; (2) ECG Feature Extraction Module, which incorporates
domain knowledge to overcome LLMs’ limitations in comprehen-
sively understanding structured ECG features; (3) ECG Waveform
Analysis Module, which introduces time-series ECG models to
equip LLMs with the capability to interpret and reason over raw
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ECG signal morphologies; (4) KNN-based ECG Retrieval Mod-
ule, which retrieves the top-k most similar ECG samples and guides
LLMs through in-context learning (ICL), enabling them to differen-
tiate and learn from variations across ECGs. The outputs of these
modules are aggregated and provided to the LLM as diagnostic con-
text, enabling ICL to perform comprehensive ECG diagnosis. This
design effectively simulates the diagnostic reasoning process of ex-
perienced electrocardiologists. Extensive experiments on the PTB-
XL dataset demonstrate that ECG-Doctor is compatible with various
LLMs and consistently outperforms existing baselines at both 100
Hz and 500 Hz sampling rates, showcasing its strong versatility
and robustness. Furthermore, ECG-Doctor provides well-grounded
diagnostic explanations, highlighting its superior interpretability.

CCS Concepts

« Information systems — Multimedia and multimodal re-
trieval; « Applied computing — Health care information systems.
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1 Introduction

The electrocardiogram (ECG) is a non-invasive, cost-effective di-
agnostic tool that records cardiac electrophysiological activity and
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(b) Our proposed interpretable multimodal ECG diagnostic framework: ECG-Doctor

Figure 1: Illustration of the existing LLMs-based ECG diagnosis methods and our proposed interpretable multimodal ECG
diagnostic framework, ECG-Doctor. For the same ECG, existing LLMs-based methods only diagnose one of the categories, while

ECG-Doctor makes a comprehensive and accurate diagnosis

plays a vital role in modern clinical diagnosis [2, 4]. While deep
learning-based ECG methods have shown strong performance, they
rely on large volumes of annotated data, which are costly to obtain.
Moreover, their poor interpretability, due to an inability to produce
coherent and human-understandable textual explanations, renders
them black boxes, which limits trust and hinders their adoption in
real-world clinical practice.

In recent years, Large Language Models (LLMs) have been widely
adopted across various research domains, including finance [65]
and healthcare [55], owing to their powerful natural language pro-
cessing capabilities. Notably, the successful application of LLMs to
medical imaging tasks, such as chest X-ray interpretation [7], has
sparked growing interest in extending their use to ECG diagnosis.
Several studies have explored this emerging direction. For example,
Yu et al. [69] constructed a knowledge base from ECG textbooks,
enabling LLMs to retrieve relevant clinical information and per-
form ECG diagnosis in conjunction with features extracted from
ECG signals. Liu et al. [34] introduced SignalGPT, a framework that
integrates LLMs with signal classifiers to analyze multiple types
of biosignals, including ECG, and generate descriptive textual re-
ports. The application of LLMs to ECG diagnosis holds significant
promise. It not only enables competitive diagnostic performance but
also addresses the challenges of limited high-quality labeled data
and enhances interpretability, thereby paving the way for broader
adoption in clinical practice.

2864

However, current methods that leverage LLMs for ECG diagnosis
still face significant limitations. First, these approaches fail to com-
prehensively utilize the diverse and rich information of ECG signals,
thereby falling short in comprehensively simulating the diagnostic
process of experienced electrocardiologists. For instance, Liu et al.
[35] employed LLMs to extract disease subtypes and attribute-level
information to enhance clinical semantics, but did not incorporate
signal-level ECG features. Conversely, Yu et al. [69] focused on ana-
lyzing ECG features using LLMs but overlooked the waveform-level
information. Second, although K-nearest neighbor (KNN) similarity
retrieval has been successfully applied to ECG-related question
answering tasks [46, 56], this technique has not yet been integrated
into ECG diagnosis itself. As a result, existing methods are unable
to compare and contrast different ECGs effectively, limiting their ca-
pacity for analogy-based learning [34]. Finally, current LLM-based
ECG diagnostic frameworks do not align with standard clinical
workflows and therefore cannot replicate the structured reasoning
process followed by trained cardiologists [34, 69]. As illustrated in
Figure 1(a), for the ECG instance labeled with hypertrophy (HYP),
conduction disturbance (CD), and myocardial infarction (MI), exist-
ing methods, rely solely on ECG feature analysis. These approaches
do not adhere to standard clinical diagnostic workflows and fail to
emulate the reasoning process of trained electrocardiologists. Con-
sequently, they produce incomplete diagnostic results, identifying
only a single abnormality.
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Inspired by the diagnostic procedures of professional electro-
cardiologists [22, 28], we propose ECG-Doctor, an interpretable
multimodal ECG diagnosis framework grounded in LLMs, to over-
come the limitations of existing LLM-based methods in capturing
comprehensive diagnostic insights. ECG-Doctor comprises four key
modules: (1) ECG Knowledge Acquisition Module. This compo-
nent integrates external domain knowledge with Chain-of-Thought
(CoT) reasoning [64] to ensure that LLMs adhere to professional
ECG diagnostic workflows; (2) ECG Feature Extraction Module.
It leverages both demographic information and structured ECG
features of the patient. External knowledge is incorporated to en-
hance the LLMs’ understanding of these clinical features; (3) ECG
Waveform Analysis Module. This module integrates time-series
ECG models and processes raw ECG waveforms to guide LLMs
in comprehending the temporal patterns inherent in ECG signals;
(4) KNN-Based ECG Retrieval Module. By retrieving the top-k
most similar ECG cases using KNN algorithm, this module facil-
itates comparative analysis and enhances the LLMs’ diagnostic
reasoning through In-Context Learning (ICL) [5].

The outputs of these modules are collectively provided to the
LLM as diagnostic context, enabling comprehensive ECG diagnosis
through ICL. This design allows the LLM to effectively integrate
diverse sources of ECG information and more faithfully emulate
the diagnostic reasoning and decision-making processes of experi-
enced electrocardiologists. As shown in Figure 1(b), ECG-Doctor
performs a comprehensive analysis that integrates ECG features,
waveform data, and retrieval of similar cases. This approach fol-
lows established diagnostic procedures and effectively models the
reasoning process of experienced electrocardiologists. As a result,
ECG-Doctor generates a more accurate and complete diagnosis,
successfully identifying all three disease categories.

Our contributions are summarized as follows:

e We propose ECG-Doctor, the first interpretable multimodal
ECG diagnosis framework based on LLMs that simulates the
cognitive and diagnostic reasoning of electrocardiologists
by integrating CoT, ICL, and heterogeneous ECG data.
ECG-Doctor introduces a KNN-based retrieval module that
guides LLMs in ICL through similar ECG cases, enabling
comparative analysis. To our knowledge, it is the first to
combine KNN retrieval, CoT and ICL for ECG diagnosis.
ECG-Doctor supports diverse LLMs and ECG time-series
models, offering strong versatility across systems. To the best
of our knowledge, it is the most comprehensive framework
for LLM-based ECG diagnosis to date.

Extensive experiments on the PTB-XL dataset demonstrate
that ECG-Doctor not only outperforms all baseline methods,
but also exhibits strong robustness and interpretability.

2 Related Work
2.1 ECG Diagnosis

Electrocardiogram (ECG) diagnosis involves the automatic classifi-
cation of ECG signals into categories such as hypertrophy, myocar-
dial infarction, and other cardiac conditions. Traditional approaches
predominantly leverage deep learning techniques [38, 47, 51], treat-
ing ECG signals as time series data [18, 42, 60]. Convolutional
Neural Networks (CNNs) [19, 21, 63, 73] and Recurrent Neural
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Networks (RNNs) [9, 20] have been widely adopted for this task
[3, 54, 66, 76, 80], achieving promising performance. However, these
methods require large volumes of labeled data, which are costly
and labor-intensive to obtain in clinical settings [12, 41].

To address this limitation, ECG self-supervised learning (eSSL)
approaches have been proposed to learn meaningful representa-
tions from unlabeled ECG signals [10, 23, 29, 44, 52]. Mehari and
Strodthoff [40] applied general SSL frameworks such as SimCLR [6],
BYOL [16], and CPC [45] to ECG pre-training. Comparative eSSL
methods like CLOCS [27] and ASTCL [62] enhance performance
by leveraging temporal-spatial invariance and adversarial learn-
ing, respectively. Generative approaches [25, 43, 53, 75] instead
reconstruct masked ECG segments to learn latent representations.
Despite their success, these eSSL methods primarily focus on ECG
signals alone, neglecting multimodal data that could enrich seman-
tic understanding. To overcome this, recent studies have explored
multimodal self-supervised learning by aligning ECG signals with
other modalities [24, 32, 49, 71, 74]. For example, Lalam et al. [30]
aligned ECG signals with electronic health records (EHRs), while
Liu et al. [35] aligned ECGs with their corresponding textual reports
to improve representation learning.

2.2 Large Language Models

LLMs are typically built upon the Transformer architecture, pre-
trained on massive text corpora using unsupervised learning, and
exhibit strong capabilities in natural language understanding and
generation. In recent years, LLMs have achieved remarkable ad-
vances across diverse domains, spanning motion generation [79],
material synthesis [17], computer-aided design [72], drug discovery
[67], and Chinese spelling check [11, 33, 36], among others [77].

Beyond these applications, LLMs have also gained increasing
traction in the medical and healthcare domains. Ren et al. [50]
introduced Healthcare Copilot, a framework that leverages LLMs
for medical consultations. Kim et al. [26] proposed Health-LLM,
which utilizes prompt-based or fine-tuned LLMs for health pre-
diction from wearable sensor data. Liu et al. [37] designed a clini-
cal evaluation framework combining general-purpose LLMs with
Retrieval-Augmented Generation (RAG) [13, 68] to assess their med-
ical reasoning capabilities. In another study, Liu et al. [39] applied
LLMs to cuffless blood pressure estimation using wearable biosig-
nals. Chen et al. [7] proposed AdaMatch-Cyclic for bidirectional
generation between chest X-rays and corresponding diagnostic
reports. Tang et al. [56] further extended the use of LLMs to ECG
report generation and question-answering tasks, highlighting their
potential in cardiology-related applications.

2.3 ECG Diagnosis Based on LLMs

Recent research has increasingly explored leveraging the natural
language generation and reasoning capabilities of LLMs for ECG
diagnosis. Yu et al. [70] employed RAG to generate textual de-
scriptions of ECG signals, aligning these with the raw signals for
pre-training. Tian et al. [59] enhanced ECG reports by incorporat-
ing medical term explanations and background knowledge, then
aligned the original ECG signals, enhanced reports, and structured
labels for contrastive learning. Liu et al. [35] aligned ECG signals
with clinical reports, generated category-level descriptions using
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RAG, and computed similarity between ECG embeddings and cat-
egory embeddings for classification. Yu et al. [69] constructed a
knowledge base from ECG textbooks, retrieved relevant knowledge,
and combined it with signal-extracted features for diagnosis using
LLMs. Liu et al. [34] introduced SignalGPT, which integrates LLMs
with signal classifiers to interpret various biosignals, including ECG,
and generate textual diagnostic reports.

Despite these advancements, most existing LLM-based ECG di-
agnostic methods remain limited in scope. They primarily employ
LLMs for tasks such as RAG [31] and data augmentation to enrich
clinical semantics, or rely solely on features extracted from ECG
signals for diagnosis. These approaches lack adherence to profes-
sional diagnostic workflows, fail to integrate multiple modalities of
diagnostic information, and ultimately fall short of emulating the
comprehensive reasoning process employed by expert electrocardi-
ologists in real-world clinical practice.

3 Method
3.1 Overview

ECG-Doctor is an interpretable multimodal framework for ECG
diagnosis, built upon LLMs. By integrating both signal-based and
text-based modalities, ECG-Doctor effectively leverages diverse
sources of information and closely simulates the diagnostic reason-
ing process of experienced cardiologists. The framework requires
only a limited amount of labeled data to achieve accurate and effi-
cient ECG diagnosis while maintaining strong interpretability.
The overall architecture of ECG-Doctor is illustrated in Figure 2.
The process begins with the ECG knowledge acquisition module,
which retrieves domain-specific knowledge, namely the diagnosis
guideline, and standardized ECG diagnostic procedures from an
external knowledge base. For each test ECG signal, three modules
are applied in parallel: the ECG feature extraction module, the ECG
waveform analysis module, and the KNN-based ECG retrieval mod-
ule. The ECG feature extraction module first derives global and
lead-specific features from the ECG signal. These features are then
processed by an LLM, which selects those most relevant to the di-
agnosis of five target categories, identifies potential abnormalities,
and interprets the features in accordance with the diagnosis guide-
line. The ECG waveform analysis module extracts morphological
characteristics from the signal and predicts diagnostic categories
along with the associated probabilities. The KNN-based ECG re-
trieval module encodes the input signal and retrieves the top-k most
similar ECGs from a pre-built embedding database. The cosine sim-
ilarities and diagnostic labels of these retrieved cases are used as
references to support ICL [5]. Finally, the outputs from the above
modules are aggregated and fed into the LLM. Leveraging tech-
niques such as CoT prompting [64] and ICL, the LLM performs a
comprehensive and interpretable diagnosis by adhering to both the
diagnosis guideline and standardized ECG diagnostic procedures.

3.2 ECG Knowledge Acquisition Module

In our experiments, we utilize open-source LLMs, such as Llama-
3.1-8B-Instruct [15]. Compared to commercial models like GPT-4
[1] and Gemini 1.5 Flash [57], these open-source LLMs are trained
on smaller corpora and contain significantly fewer parameters. As
a result, the amount of medical knowledge embedded within these
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models is limited. Directly relying on their internal knowledge
for ECG diagnosis may lead to hallucinations, which can degrade
performance and pose serious safety risks in clinical applications.

To address these issues, we introduce the ECG knowledge acqui-
sition module. In this module, GPT-4 is employed as an external
knowledge source. We construct prompts to retrieve knowledge
closely related to the diagnosis of five ECG categories: Conduction
Disturbance (CD), Hypertrophy (HYP), Myocardial Infarction (MI),
Normal ECG (NORM), and ST/T Change (STTC). The information is
consolidated and referred to as the diagnosis guideline. In addition,
we extract standardized ECG diagnostic procedures from the same
knowledge source. By combining this information with CoT prompt-
ing [64], we guide the open-source LLMs to follow logical reasoning
paths during diagnosis. All retrieved knowledge is reviewed and
validated by professional electrocardiologists before being used to
guide the LLMs. This process mitigates the limitations of relying
solely on the LLMs’ inherent knowledge and significantly reduces
the likelihood of hallucinations, thereby improving the reliability
and accuracy of ECG diagnosis.

3.3 ECG Feature Extraction Module

The primary function of the ECG feature extraction module is to
extract both global and lead-specific features from each test ECG in-
stance, identify potential abnormalities, and thereby fully leverage
ECG feature information. This process emulates how electrocardi-
ologists apply their clinical expertise to identify abnormal features.

For each ECG instance, we first obtain patient demographic fea-
tures from the PTB-XL dataset, including age, gender, height, and
weight, as these attributes are clinically relevant to ECG interpreta-
tion. For example, normative ranges for certain ECG features such
as heart rate and PR interval vary significantly across age groups.
We then extract the global features and the 12-lead-specific features
from the ECG signal, such as the QT interval, P-wave morphol-
ogy in lead II, and R-wave amplitude in lead V5. The extraction
order follows the conventional clinical reading sequence used by
electrocardiologists: global features first, followed by features from
the limb leads (I, II, ITI, aVR, aVL, aVF), and then features from the
precordial leads (V1-V6). For each test ECG sample, the extracted
features comprise demographic information, global features, and
lead-specific features. Due to the large number of extracted features,
directly inputting all of them into the LLM may exceed its context
length and introduce redundant information, as many features are
not directly relevant to diagnosing the five target categories: CD,
HYP, ML, NORM, and STTC. To address this, we employ the LLM to
select and retain only those features most pertinent to diagnosing
these categories. The LLM then identifies potential abnormalities
based on the diagnosis guideline.

3.4 ECG Waveform Analysis Module

The waveform analysis module extracts local features from ECG
signals for classification, emulating the diagnostic process of cardi-
ologists who assess waveform morphology to detect abnormalities.

We adopt the KED model [59], which comprises four compo-
nents: an ECG signal encoder, a knowledge encoder, a label query
network (LQN), and a classification head. The LQN employs text
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Figure 2: The overall framework of ECG-Doctor, which consists of four modules: ECG knowledge acquisition module, ECG
feature extraction module, ECG waveform analysis module and KNN-based ECG retrieval module.

label encodings as queries and uses either ECG encodings or report
encodings as keys and values to estimate label probabilities.

KED is pretrained with augmented signal-text-label contrastive
learning (AugCL) to incorporate domain knowledge. Structured
diagnostic labels are extracted from ECG reports and enriched
with LLM-generated explanations, then aligned with enhanced
reports and ECG signals through multimodal contrastive learning.
Pretraining on MIMIC-IV-ECG [14] jointly optimizes AugCL and
binary cross-entropy loss.

At inference, ECG signals and labels are separately encoded
and passed through the LQN to compute category probabilities.
Labels are assigned when probabilities exceed the thresholds that
maximize the Matthews Correlation Coefficient (MCC). For each
test ECG, the waveform analysis module predicts the diagnostic
categories along with the corresponding probabilities.

3.5 KNN-based ECG Retrieval Module

The KNN-based ECG retrieval module plays a crucial role in en-
hancing diagnostic accuracy by introducing case-based analogical
reasoning into ECG-Doctor. Its primary function is to identify the
top-k ECG signals most similar to a given test ECG and to leverage
both their diagnostic labels and cosine similarity scores as contex-
tual information. This contextual data is provided to the LLM to
guide ICL [5], thereby enabling the model to reason by analogy and
closely emulating how expert electrocardiologists consult historical
cases, especially in rare diagnostic scenarios.
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To construct the retrieval system, we employ the xresnet1d_101
ECG encoder [19] in the KED model [59], to transform all ECG
signals in the PTB-XL dataset into fixed-dimensional vector em-
beddings. These embeddings, which capture both morphological
and temporal characteristics of the signals, are pre-computed and
stored in an ECG embedding database for efficient retrieval. During
inference, the same encoder is applied to generate an embedding
for the test ECG, and cosine similarities are computed between this
embedding and all other entries in the database, excluding the test
sample itself. The top-k most similar ECGs are retrieved based on
similarity scores. The diagnostic labels associated with these re-
trieved ECGs, along with their similarity values, are then formatted
into a structured prompt and appended to the LLM’s input context.

This process not only introduces clinically relevant prior exam-
ples but also encourages the LLM to perform pattern matching and
diagnostic generalization grounded in empirical data. By explicitly
incorporating analogical reasoning into the diagnostic process, the
KNN-based module effectively leverages information from similar
ECG cases and significantly enhances the model’s generalization ca-
pability across diverse ECG morphologies. The full retrieval pipeline
is detailed in Algorithm 1.

3.6 Prompts Preparation

Prompts play a critical role in eliciting the capabilities of large
language models (LLMs), particularly in zero-shot and few-shot
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Table 1: Description of various prompts in ECG-Doctor.

Description of Prompts

e System Prompt

To further enhance task alignment, a system-level prompt such as “You are a professional electrocardiologist.” is typically employed to explicitly assign an expert role to the
LLM, thereby improving its problem-solving effectiveness in the ECG diagnostic domain.
o Diagnosis Guideline

This component provides domain-specific ECG knowledge obtained from GPT-4, which has been reviewed and validated by certified electrocardiologists. Such knowledge can
be retrieved by prompting GPT-4 with queries like: “You are a professional electrocardiologist. I need you to teach me how to identify conduction disturbance (CD) in 12-lead
ECGs. What leads or features should I focus on? Please limit your response to under 100 words.”
o Feature Filtering Prompt

This prompt guides the LLM to identify and retain the most diagnostically relevant features from the input, based on the provided diagnosis guideline, and to assess potential
abnormalities.
e Feature Prompt

Feature Prompt. Serving as the output of the ECG feature extraction module, this prompt encapsulates the retained features along with the abnormalities identified by the
LLM, as filtered through the feature filtering prompt.
e Diagnosis Prompt

This prompt corresponds to the output of the ECG waveform analysis module. It includes the predicted diagnostic categories of the input ECG, as determined by the KED
model, along with the associated probabilities.
o KNN Prompt

As the output of the KNN-based ECG retrieval module, this prompt presents diagnostic labels and cosine similarities of the top-k retrieved ECGs. These contextual examples
guide the LLM through ICL.
e CoT Prompt

This prompt leverages CoT reasoning, typically initiated with the phrase “Let’s think step by step.” It guides the model to first focus on ECG waveform information, then on
extracted features and potential abnormalities, and finally on similar ECG cases to support diagnosis. The model is instructed to integrate these sources of evidence into a
coherent reasoning process, rather than treating them in isolation. In this way, the prompt emulates the diagnostic reasoning of electrocardiologists and enhances the LLM’s
analytical capability and diagnostic accuracy.
e Output Prompt

This component instructs the LLM to classify the ECG into one or more of the following categories: CD, HYP, MI, NORM, or STTC. It also standardizes the output format as
a JSON object with three fields: result, score, and explanation. Specifically, result denotes the predicted diagnostic categories; score denotes the certainty level of the LLM’s
diagnostic conclusion (ranging from 0 to 100), and explanation provides a rationale for the classification decision.

Algorithm 1: k-NN Few-Shot ECG Retrieval 4 Experiments
Input: Number of neighbors k, Encoder function 4.1 Experimental Setup
— {(x yWN :
Encoder(-), da;aset D ={(xi,ys) };5,, test ECG list Dataset. We evaluate the proposed ECG-Doctor framework on
T = {Ger, ye )}t:l. } ) PTB-XL, a widely used benchmark dataset for ECG diagnosis. PTB-
Output: Final result R (including labels and cosine XL contains 21,837 clinical 12-lead ECG recordings, each 10 seconds

similarities of the k closest ECGs) for each test
ECG.
Initialize empty embedding map E;

long, collected from 18,885 patients. The recordings are available
at two sampling rates: 100Hz and 500Hz. The dataset is gender-
balanced (52% male, 48% female) and spans a wide age range (0-95

for (x;, y;) in dataset D do years; median: 62; interquartile range: 22). Each ECG record is an-
‘ E; < Encoder(x;) // Precompute embeddings notated by cardiologists with one or more of 71 ECG statements,
end following the SCP-ECG standard. These annotations encompass
Initialize result list R « 0; form, rhythm, and diagnostic statements. For diagnostic evalua-
for test ECG (xt,y;) in T do tion, PTB-XL provides a hierarchical label structure comprising 5
C «— 0 diagnostic superclasses and 24 subclasses. The five superclasses
Find k closest embeddings E;, to E;, i.e. the unique are: Conduction Disturbance (CD), Hypertrophy (HYP), Myocardial
indices ty, ..., t; that maximize: Infarction (MI), Normal ECG (NORM), and ST/T Changes (STTC).
>k, CosineSimilarity(E;, Ey,); Our evaluation focuses on these five diagnostic superclasses at both

such that ¢; # t, and 100Hz and 500Hz sampling rates.

_ Qe T _ EiEy
¢t; = CosineSimilarity(Ey, Ev;) = 1z . . )
i i Implementation Details. We systematically evaluate the perfor-
C e {ep yn) s mance of ECG-Doctor on the ECG classification task using the
Re=RUG PTB-XL dataset. To assess its robustness and portability, we con-
end duct experiments under two sampling rates (100 Hz and 500 Hz),
return R simulating variations in signal quality and device specifications

commonly encountered in real-world scenarios. Furthermore, to
demonstrate the versatility and scalability of ECG-Doctor across

settings [49]. In the ECG-Doctor framework, prompts are systemati- different model architectures, we integrate and compare a range of
cally organized into seven components: diagnosis guideline, feature large language models (LLMs) with parameter sizes from 7B to 14B,
filtering prompt, feature prompt, diagnosis prompt, KNN prompt, including Qwen2.5-7B-Instruct [48], Llama-3.1-8B-Instruct [15],

CoT prompt, and output prompt. A detailed description of each
prompt is provided in Table 1.
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Table 2: ECG diagnostic performance of different methods at 100Hz and 500Hz sampling rates on PTB-XL. The best results are

bolded, with underline indicating the second highest.

Method Model 100 Hz ‘ 500 Hz
Accuracy Precision Recall Fl-score ‘ Accuracy Precision Recall Fl-score

SimCLR 0.010 0.135 0.534 0.213 0.051 0.408 0.396 0.291
BYOL 0.011 0.152 0.603 0.241 0.054 0.431 0.419 0.308
MoCo-v3 0.012 0.155 0.616 0.246 0.056 0.448 0.434 0.320

SSL CLOCS 0.011 0.146 0.580 0.232 0.054 0.428 0.416 0.306
ASTCL 0.011 0.154 0.61 0.244 0.056 0.452 0.438 0.323
CRT 0.011 0.148 0.586 0.234 0.057 0.457 0.444 0.327
ST-MEM 0.010 0.131 0.518 0.207 0.049 0.391 0.379 0.279
MERL 0.013 0.175 0.693 0.277 0.063 0.504 0.489 0.360
KED 0.323 0.466 0.732 0.562 0.122 0.346 0.530 0.335
Qwen2.5-7B-Instruct 0.380 0.526 0.713 0.577 0.279 0.403 0.486 0.401
Llama-3.1-8B-Instruct 0.430 0.546 0.669 0.573 0.313 0.421 0.465 0.407

ECG-Doctor . — — —_

(ours) gemma-2-9B-it 0.319 0.475 0.804 0.573 0.193 0.366 0.574  0.436
Llama-3.2-11B-Vision-Instruct ~ 0.342 0523 0746  0.594 0.264 0414 0510  0.425
Qwen2.5-14B-Instruct 0.440 0.562 0.675 0.599 0.428 0.507 0.379 0.376

Gemma-2-9B-it [58], Llama-3.2-11B-Vision-Instruct!, and Qwen2.5-
14B-Instruct [48]. In all experiments, the number of retrieved similar
ECGs k is set to 5. ECG features are directly obtained from the PTB-
XL+ dataset, an extension of PTB-XL that leverages commercial
and open-source toolkits to extract structured features such as base
points, median beats, fiducial points, durations, and amplitudes
from the original ECG signals. We adopt the official train-test split
[61] and perform zero-shot inference on the test set without using
any training data for fine-tuning.

Baselines. We compare our approach against three categories of
baseline methods: 1) Comparative ECG self-supervised learning
(eSSL) methods, which leverage temporal and spatial invariances
or employ adversarial learning strategies during pretraining. This
category includes SimCLR [6], BYOL [16], MoCo-v3 [8], CLOCS
[27], and ASTCL [62]; 2) Generative eSSL methods, which learn
ECG representations through masked segment reconstruction tasks,
such as CRT [78] and ST-MEM [43]; 3) Multimodal self-supervised
learning (SSL) methods, which enhance performance by aligning
ECG signals with other modalities (e.g., textual descriptions), in-
cluding MERL [35] and KED [59]. The detailed architecture and
mechanism of the KED model are described in Section 3.4.

Metrics. We evaluate the classification performance of ECG-Doctor
on the PTB-XL dataset using accuracy, macro precision, macro re-
call, and macro F1-score. In the context of multi-label classification,
accuracy is a stringent metric because a prediction is considered cor-
rect only when the entire set of predicted diagnostic labels exactly
matches the ground truth for a given ECG instance.

4.2 Main Results

We evaluate the classification performance of ECG-Doctor on the
PTB-XL dataset at two different sampling rates: 100 Hz and 500 Hz.
The detailed experimental results are presented in Table 2.

Ihttps://huggingface.co/meta-llama/Llama-3.2- 11B-Vision-Instruct
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At a sampling rate of 100 Hz, ECG-Doctor consistently outper-
forms all baseline methods in terms of accuracy, precision, and
macro-F1 across all LLM configurations, with the sole exception of
gemma-2-9B-it, where the accuracy is marginally lower than that
of the KED baseline. Notably, when using Qwen2.5-14B-Instruct,
ECG-Doctor achieves the highest macro-F1 score of 0.599, out-
performing the best-performing baseline (KED) at this sampling
rate, which attains a macro-F1 of 0.562. This represents a rela-
tive improvement of 6.58%. At the higher sampling rate of 500 Hz,
ECG-Doctor demonstrates superior performance across all LLMs
in terms of both accuracy and macro-F1. In particular, with gemma-
2-9B-it, it achieves a macro-F1 of 0.436, significantly surpassing
the strongest baseline (MERL), which reaches 0.360, corresponding
to a 21.11% relative improvement. Furthermore, at both sampling
rates, ECG-Doctor consistently outperforms all baselines in accu-
racy, irrespective of the LLM used. Except for MERL, which ranks
second in precision at 500 Hz, and KED, which ranks second in
recall at the same sampling rate, ECG-Doctor achieves either the
highest or second-highest scores across all other evaluation metrics,
underscoring its comprehensive diagnostic performance.

These results demonstrate the superior diagnostic performance
of ECG-Doctor compared to all baselines. Furthermore, when the
KED model is incorporated into the ECG-Doctor framework, its
diagnostic performance is substantially enhanced.

4.3 Versatility and Robustness

To evaluate the versatility of ECG-Doctor, we conduct experiments
using LLMs from diverse model families (e.g., Qwen2.5 [48], Llama3
[15] and gemma?2 series [58]), varying in scale (e.g., Llama-3.1-8B-
Instruct, Qwen2.5-14B-Instruct) and modality (text-only vs. multi-
modal models such as gemma-2-9B-it and Llama-3.2-11B-Vision-
Instruct?). As shown in Table 2, ECG-Doctor consistently outper-
forms all baseline methods across both 100 Hz and 500 Hz sampling
rates, regardless of the underlying LLM employed. These results

Zhttps://huggingface.co/meta-1llama/Llama-3.2- 11B-Vision-Instruct
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0.70
B Accuracy
0.651 Precision
0.604 Recall
Fl-score

Metric Value
f=]
wn
f=]

11 B

Llama-8B w/o-feature

Method

w/o-knn w/o-waveform

Figure 3: Ablation study on different modules of ECG-Doctor.
Llama-8B denotes Llama-3.1-8B-Instruct. w/o-feature, w/o-
waveform, and w/o-knn indicate the exclusion of the ECG
feature extraction module, ECG waveform analysis module,
and KNN-based ECG retrieval module, respectively.

highlight the strong versatility and adaptability of ECG-Doctor
across diverse model architectures and diagnostic scenarios.

To examine the robustness of ECG-Doctor under varying sig-
nal conditions, we conducted experiments on the PTB-XL dataset
using both 100 Hz and 500 Hz sampling rates, simulating the im-
pact of signal quality variations or device discrepancies commonly
encountered in real-world clinical settings. As shown in Table 2,
ECG-Doctor consistently outperforms baseline methods in terms of
accuracy and macro-F1 across both sampling rates and regardless
of the underlying LLM employed. These results demonstrate the
strong robustness of ECG-Doctor and highlight its great potential
for deployment in complex and dynamic medical environments.

4.4 Scaling law

A detailed analysis of the experimental results reveals that LLMs
with larger parameter scales generally exhibit superior ECG diag-
nostic performance within our framework, as shown in Table 2.
For instance, at a sampling rate of 100 Hz, Qwen2.5-14B-Instruct
and Llama-3.2-11B-Vision-Instruct outperform smaller models in
terms of macro F1-score. Similarly, at 500 Hz, gemma-2-9B-it and
Llama-3.2-11B-Vision-Instruct achieve higher macro F1-scores than
Qwen2.5-7B-Instruct and Llama-3.1-8B-Instruct. This performance
gain may be attributed to the fact that larger models are typically
pre-trained on more extensive corpora and possess stronger natu-
ral language understanding and reasoning capabilities, which are
critical for complex diagnostic tasks.

4.5 Ablation Studies

Different Modules. We ablate the ECG feature extraction, wave-
form analysis, and KNN-based retrieval modules to evaluate their
individual contributions. Experiments are conducted on the PTB-XL
test set using Llama-3.1-8B-Instruct at 100 Hz. Results in Figure 3
show that removing any module significantly degrades accuracy,
precision, recall, and F1-score. The ECG waveform analysis module
proves to be the most critical component, as removing it results in
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0.70
—=— Fl-score
0.651 Precision
0.604 Recall
Accuracy
20.551
S
.9 0.501 2
h=|
S 0.451
0.40
0.351
0.30 — T — T
Llama-8B w/0-CoT w/o-filtering w/0-DG
Method

Figure 4: Ablation study on different prompts in ECG-Doctor.
Llama-8B refers to Llama-3.1-8B-Instruct. w/o-CoT, w/o-
filtering, and w/o-DG denote the exclusion of the CoT, feature
filtering prompt, and diagnosis guideline, respectively.

a substantial macro-F1 drop from 0.573 to 0.389, underscoring the
diagnostic importance of rhythm and morphological information
in the ECG waveform. Eliminating the KNN-based ECG retrieval
module leads to a decrease in macro-F1 to 0.471, highlighting the
utility of analogical reasoning based on similar cases. Additionally,
when the ECG feature extraction module is removed, the macro-F1
drops to 0.522, indicating the significance of structured features
such as QTc, which typically require precise calculation and are
not easily inferred from raw waveforms.

Different Prompts. The prompts in ECG-Doctor are primarily
composed of seven components designed to support comprehensive
ECG interpretation. Ablation of the diagnosis, KNN, and feature
prompts corresponds to removing the ECG feature extraction, wave-
form analysis, and retrieval modules, respectively, and the results
have already been presented in the previous section. The output
prompt, which controls format for downstream tasks, is excluded
from ablation. Thus, we focus on the diagnosis guideline, feature
filtering, and CoT prompts, with ablation experiments conducted
on the PTB-XL test set using Llama-3.1-8B-Instruct at 100 Hz, as
shown in Figure 4. Removing any of these three prompts signif-
icantly reduces precision, recall, and F1-score, confirming their
importance. The largest drop occurs when the diagnosis guideline
is removed (F1 from 0.573 to 0.494), highlighting the necessity of
external domain knowledge, particularly given the limited ECG
expertise of sub-14B parameter LLMs. Excluding the feature filter-
ing prompt lowers F1 to 0.503, likely due to noise from irrelevant
features and input truncation. Removing the CoT prompt results
in an F1 of 0.506, suggesting that guided reasoning is essential for
integrating diverse diagnostic signals into accurate predictions.

4.6 Case Study

Interpretability is a key advantage of ECG-Doctor over traditional
ECG time-series models. To evaluate the interpretability of ECG-
Doctor, we conduct a case study involving three representative
samples from the test dataset. These cases span all five diagnostic
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: Doctor, | just had an electrocardiogram, Doctor, | just had an electrocardiogram, Doctor, | just had an electrocardiogram,
‘M. please diagnose it. ) ‘M. please diagnose it. ‘M. please diagnose it. )
Patient Label: NORM patient Label: HYP, MI, STTC Patient Label: HYP, CD, MI, STTC
/Analyzing... N /Analyzing... N /Analyzing... N

™

Q ECG-Doctor
P-R interval: 158 ms, QRS duration: 98 ms,
Q-T interval: 408 ms, Heart rate: 62 bpm...

™

ECG-Doctor

P-R interval: 172 ms, QRS duration: 122 ms,
Q-T interval: 436 ms, Heart rate: 71 bpm...

™

ECG-Doctor

P-R interval: 152 ms, QRS duration: 108 ms,
Q-T interval: 418 ms, Heart rate: 67 bpm...

Diagnosis Result

Result: NORM

Score: 100

Explanations:

The result of ECG waveform analysis is “CD,
NORM™, with probabilities of 0.0872, 0.2568
respectively. The similarity between the ECG to be
diagnosed and ECG 1 to ECG 5 is high, and their
diagnostic labels are all 'NORM'. The extracted
features show that the heart rate, PR interval, QRS
duration, QT interval, and QTc interval are within

Diagnosis Result

Result: STTC, Ml, HYP

Score: 90

Explanations:

The result of ECG waveform analysis is CD, HYP,
MI, STTC with probabilities of 0.1901, 0.3783,
0.4160, 0.3205 respectively. The similarity and
diagnostic categories of ECGs similar to the ECG
to be diagnosed show that the ECG with the highest
similarity is Ml, followed by STTC and HYP. The
extracted features indicate ST-segment depressions

Diagnosis Result

Result: CD, MI, STTC, HYP

Score: 95

Explanations:

The result of ECG waveform analysis is CD, MI,
STTC, HYP. The similarity between ECG 1 and the
ECG to be diagnosed is 0.9982, and its diagnostic
categories are CD, MI. The similarity between
ECG 2 and the ECG to be diagnosed is 0.9982, and
its diagnostic categories are STTC, MI, HYP. The
extracted features show a slightly prolonged Q-T
interval and QTc, ST depression in leads | and II,

amplitude in any of the leads. Therefore, the ECG
is classified as “NORM”.

\STTC, MI, HYP.

normal limits. There are no significant and T-wave inversions in leads V2, V3, V4, V5,
abnormalities in the Q wave amplitude, R wave and V6, suggesting myocardial ischemia or
amplitude, ST amplitude at the J-point, and T wave infarction. The QRS complex amplitude is

increased in lead V2, suggesting right ventricular
hypertrophy. Therefore, the classification result is

and a QRS duration of 122.0 ms. These findings are
consistent with conduction disturbance, myocardial
infarction, ST/T change, and hypertrophy.

-

/ /

Figure 5: Case studies on the interpretability of ECG-Doctor across diverse ECG diagnostic scenarios.

superclasses defined in PTB-XL and include two particularly chal-
lenging multi-label classification instances. A certified electrocardi-
ologist reviews and assesses the model’s diagnostic rationale and
explanations. The ground-truth labels, diagnostic results (including
classification result, certainty score, and explanation) produced by
ECG-Doctor for each case are presented in Figure 5.

Across all three cases, ECG-Doctor produces correct diagnoses
with high certainty scores. Notably, in the complex multi-label
scenarios represented by Case 2 and Case 3, the model maintains
strong diagnostic accuracy and interpretability, demonstrating the
robustness of our framework. An analysis of ECG-Doctor’s inter-
pretations shows that it identifies abnormalities, highlights disease
risks, summarizes waveform analysis, and references similar cases,
demonstrating a comprehensive diagnostic process that integrates
diverse information sources.

Importantly, our analysis reveals that the modules within ECG-
Doctor interact dynamically throughout the diagnostic process.
Instead of aggregating results from different modules in a naive
manner, ECG-Doctor performs integrated reasoning across the ECG
feature extraction, waveform analysis, and KNN-based retrieval
modules. For instance, in Cases 1 and 2, the waveform analysis
initially suggests the presence of “CD”, but this is later ruled out
through cross-verification with feature-based and retrieval-based
evidence, leading to a correct final diagnosis. In Case 3, although
the KNN module fails to retrieve examples supporting “STTC” and
“HYP”, these conditions are accurately identified through feature
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and waveform analysis. After evaluation, the professional elec-
trocardiologist believes that the interpretability provided by ECG-
Doctor is clinically convincing. While achieving superior diagnostic
performance compared to baseline methods, ECG-Doctor also offers
strong interpretability by providing detailed, transparent explana-
tions of its diagnostic decisions. This capability enhances clinical
trust among both physicians and patients.

5 Conclusion

We present ECG-Doctor, an interpretable multimodal ECG diagno-
sis framework powered by LLMs. It integrates domain knowledge,
structured ECG features, waveform analysis, and case retrieval to
address LLMs’ limitations in standardized diagnosis. By combining
heterogeneous ECG data, ECG-Doctor emulates the cognitive rea-
soning of experienced electrocardiologists. Experiments on PTB-XL
demonstrate superior performance over baselines, with enhanced
robustness, versatility, and interpretability, highlighting its poten-
tial for real-world clinical use.
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We use ChatGPT-4o for grammar checking and error correction.
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