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Abstract

Automatic methods to identify cardiovascular disor-
ders based on Electrocardiograms (ECGs) have been used
for decades and gained special attention with the break-
through of deep learning. This paper proposes a new
model based on a Mixture of Experts (MoE) to identify
6 physician-defined clinical labels spanning rhythm and
conduction disorders. The MoE framework combines the
opinions of multiple models (“experts”) to make weighted
decisions. Unlike typical MoE scenarios, where the gating
network finds ways to weigh and combine the models, our
approach leverages prior knowledge from cardiology spe-
cialists, who hierarchically divide the space, enabling us
to tailor the MoE architecture to incorporate this informa-
tion explicitly. The disorders are organized in a 2-level hi-
erarchy, where specialists first separate normal ECGs from
those rooted in rhythm and morphological abnormalities.
The MoE is trained on the CODE-15 dataset, and the re-
sults represent the new state-of-the-art in this task.

1. Introduction

An Electrocardiogram (ECG) is a non-invasive exam
considered one of the most effective methods for identi-
fying heart disorders nowadays. As heart diseases remain
a leading cause of death in 2024 [1], there is an urgent
need to develop efficient automatic methods for identify-
ing cardiovascular disorders using ECG exams. Machine
learning-based methods have gained significant attention
with the breakthrough of deep learning, which has led to
the development of robust models for automatically detect-
ing these conditions [2].

Previous deep learning approaches for ECG analysis
typically classify diseases by treating each class indepen-
dently [3], without leveraging structured or prior medi-
cal knowledge of class organization. This work incorpo-
rates a hierarchical structure, organizing six clinical con-
ditions found in ECGs in three superclasses: “blockage”,
“rhythm” and “no disorders”. Based on this hierarchy,

this work proposes a mixture of experts (MoE) frame-
work for the hierarchical classification of electrocardio-
grams (ECGs). The MoE architecture comprises two main
components: a gating network and multiple expert net-
works. The gating network decides how much influence
each expert should have on the final classification, by dy-
namically assigning weights to the outputs of each expert
based on the input data.

The results show that, by routing the ECG data through
the gating network, the MoE framework ensures that each
ECG exam is analyzed by the most relevant expert net-
work, leading to more precise and reliable classifications,
surpassing the approach based on flat classes.

2. Related work

In the realm of electrocardiogram (ECG) signal classi-
fication, deep learning has demonstrated significant poten-
tial. One-dimensional convolutional neural networks (1D-
CNNs) have achieved remarkable success, such as 99%
accuracy in cardiac arrhythmia classification [4]. Addi-
tionally, deep neural networks applied to 12-lead ECG
data have outperformed cardiology residents in diagnos-
ing heart conditions [5]. Ensemble methods, combining
various architectures such as CNN-LSTM and RRHOS-
LSTM, have further improved ECG classification accuracy
to 95.81% [6], addressing challenges like class imbalance.

The Mixture of Experts (MoE) model, introduced by
[7], utilizes a gating network to dynamically assign in-
puts to specialized models for enhanced accuracy and ef-
ficiency. Initially used in natural language processing,
MoE frameworks have been adapted for transformer mod-
els and, in some works, incorporated into convolutional
neural networks (CNNs) for image classification [8]. Our
work builds on these advances by integrating sparse MoE
framework into CNNs models for ECG classification, aim-
ing to improve diagnostic accuracy and interpretability by
leveraging specialized expert models for distinct cardiac
conditions.
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3. Mixture of Experts (MoE)

A Mixture of Experts (MoE) framework is a robust ap-
proach that integrates multiple specialized models, or ex-
perts, each focusing on a distinct aspect of a problem [9].
Within this framework, a gating network dynamically as-
signs input data to the most appropriate expert or combi-
nation of experts based on the data’s characteristics. This
allows the MoE to break down complex tasks into smaller,
more manageable sub-tasks, with each expert specializing
on a particular area.

In our work, leveraging prior knowledge of the hierar-
chical organization of cardiac conditions, we categorized
the six classes present in the dataset into three distinct su-
perclasses: blockage, rhythm, and normal. Blockage in-
cludes 1dAVb, RBBB, and LBBB. These conditions are
characterized by delays or interruptions in the electrical
conduction pathways of the heart, which can lead to pro-
longed intervals or altered waveforms in the ECG signal.
The rhythm superclass comprises SB, AF and ST. These
conditions primarily involve abnormalities in the heart’s
electrical rhythm, resulting in slower or faster than normal
heart rates or irregular atrial activity. The normal category
includes cases without significant electrical abnormalities.

This categorization allows us to reflect the underlying
medical relationships between the conditions more accu-
rately. Consequently, the MoE model is designed to in-
clude one gating network and three expert networks, with
each expert network initially assigned to specialize in one
of these superclasses.

Our MoE approach employs the same residual convolu-
tional neural network (ResNet) architecture [5] for both the
gating and experts networks. This ResNet architecture has
consistently demonstrated high predictive performance in
scenarios involving flat classes, making it a reliable choice
for ECG classification tasks. Although identical architec-
tures are used across multiple experts, the gating mecha-
nism ensures that each expert network specializes in ana-
lyzing distinct types of ECG patterns with unique charac-
teristics. The final classification is achieved by aggregat-
ing the predictions from all experts, weighted according
to the gating network’s output. This output assigns higher
weights to predictions from experts that are deemed more
relevant for the specific input data. By prioritizing the most
appropriate expert insights, this weighted combination en-
hances both the accuracy and reliability of the ECG classi-
fication process.
Training process: To develop our MoE model, we first
trained the gating network separately to classify the ECG
signals into the three predefined superclasses. This initial
training step allowed the gating network to learn how to
effectively distinguish between these broad categories of
cardiac conditions.

Following this first phase, we integrated the pre-trained

Figure 1. MoE training process.

gating network into the MoE framework, which has three
expert networks. These expert networks were initialized
with random weights, allowing them to develop unique
specializations during subsequent training. In the MoE
configuration, the gating and expert networks were trained
simultaneously on the ECG classification task. During
training, the gating network’s predictions were used to
weight the logits output from each expert, ensuring that
the most relevant expert had a greater influence on the fi-
nal classification decision. This weighted aggregation de-
termined the final output and influenced the gradient up-
dates during backpropagation, dynamically adjusting the
contribution of each expert based on the gating network’s
predictions. The overall training pipeline can be seen in
Figure 1.
Experts Collapse: One challenge we faced was the issue
of dying experts.

As outlined in [8], an expert is considered “dead” if it
receives less than 1% average importance, which is deter-
mined by summing the gate outputs for that expert across
all batches. Expert death often occurs due to an imbal-
ance in the gating mechanism, where the gate overly favors
certain experts, especially early in training, due to initial
parameter settings. This can lead to a positive feedback
loop where favored experts improve rapidly because they
receive more data, while others are underutilized and fail to
learn effectively. This imbalance not only wastes compu-
tational resources but also reduces the diversity and robust-
ness of the model, making it less capable of generalizing
to unseen data.

To avoid this problem, in our work, we adopt the mean
importance constraint proposed in [8], which is a mecha-
nism designed to balance the utilization of experts based
on their importance over time. Specifically, the mean im-
portance of each expert Ei is calculated as the average im-
portance assigned to that expert up to a given time step t.
This importance is determined by summing the gate out-
puts for Ei across all input batches. The constraint then
operates by zeroing out the weight of an expert, effectively
deactivating it, if its mean importance surpasses a prede-
fined threshold mmean. By implementing this constraint,
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we ensure that no single expert dominates the model and
helps to maintain active participation from all experts and
enhances the overall robustness and effectiveness of the
MoE model.

Metrics ResNet MoE MoE Gate MoE GateC
Accuracy 0.9883 0.9865 0.9874 0.9914
Precision 0.9692 0.9557 0.9610 0.9368
Recall 0.6620 0.6202 0.6369 0.7833
F1-score 0.7602 0.7187 0.7451 0.8496

Table 1. Mean metrics (aggregating all classes) for the
classification task of six cardiac conditions.

4. Computational Results

Experimental Setup: The MoE was developed using the
publicly available CODE-15 dataset, that represents 15%
of the original CODE database [5] and includes 345,779
exams from 233,770 patients. In this dataset, ECGs are
classified according to the same six types of disorders we
previously introduced. These conditions are vital in clin-
ical cardiology practice and can be associated with in-
creased risks of cardiovascular events such as stroke, heart
failure, and, in severe cases, sudden cardiac death. The
model’s performance was evaluated in the CODE-TEST
set [5]. This set has 827 exams and was labeled following
a rigorous consensus process involving two or three cardi-
ology specialists.

When evaluating the models on CODE TEST, we per-
formed 1,000 bootstrap resampling iterations for robust-
ness [10]. Each output node class threshold was deter-
mined using the validation partition for all models, and the
results were compared.

To show the benefits of employing a mixture of experts
(MoE) architecture, we compared the results obtained us-
ing the MoE model against those achieved with the stan-
dard ResNet model trained on flat classes. Additionally, to
assess the benefits of incorporating domain-specific medi-
cal knowledge, we evaluated MoE without the pre-training
phase for the gating network. In this scenario, the gating
network was allowed to learn the hierarchical structure of
the classes independently during the overall training pro-
cess. By comparing these approaches, we can understand
the impact of domain-specific knowledge on the perfor-
mance of the model and the importance of pre-training in
guiding the gate predictions.

Results: Table 1 shows the performance of MoE under dif-
ferent conditions: without pre-training the gating network
(MoE), pre-training the gating network (MoE Gate), and
a second variation pre-training the gating network with the
Mean Importance Constraint (MoE Gate C)).

Comparing the results in Table 1, we observe that the
mean F1 did not improve with MoE and MoE Gate if
compared to the ResNet. To further investigate, we plot-
ted the percentage of each class classified by each expert
through the gate to understanding the internal workings of
the model in Figure 2.

We observed that in the MoE (Figure 2(a)), the gate as-
signs a value to only one of the experts, which explains the
results close to the baseline, as only one model is used.
In contrast, in the MoE Gate without constraints (Fig-
ure 2(b)), the gate uses more than one expert. However,
due to data imbalance, the rhythm expert “dies”. As a re-
sult, the block expert is responsible for classifying all six
diseases, which, again, is very similar to what the baseline
model does.

This analysis clearly shows that when we add con-
straints, the results improved significantly as different ex-
perts can now classify examples from their specialization
class (see Figure 2(c)). As expected, block-related diseases
are primarily assigned by the block expert, while rhythm-
related are predominantly classified by the rhythm expert.

The results obtained by Moe GateC for each of the six
classes are reported in Table 2. MoE GateC showed supe-
rior results for most metrics. F1, in particular, is more bal-
anced due to the applied constraints, which enables better
detection of classes like “1dAVb”, which were previously
neglected.

A significant improvement is observed in recall, which
is substantially higher in MoE GateC. Recall, or sensitiv-
ity, measures the proportion of actual positive cases the
model correctly identifies. In medical applications, high
recall is particularly critical because it minimizes the like-
lihood of missing true positive cases, such as patients with
a specific condition. This enhancement in recall is crucial
in the medical field, where the consequences of false neg-
atives – failing to identify a condition – are often far more
severe than those of false positives.

5. Conclusion

This work introduces a Mixture of Experts (MoE) model
that utilizes cardiologists’ prior knowledge to advance
ECG disorder classification. By hierarchically organiz-
ing disorders, incorporating a gating network, and apply-
ing constraints to address data imbalance, our approach
achieves state-of-the-art results on the CODE-15 dataset.
The MoE framework enhances both F1 scores and recall,
a critical metric in medicine that ensures fewer true cases
are missed, facilitating better detection and timely patient
intervention.

Future work will explore alternative constraints and in-
tegrate various models into the experts and gating network.
Additionally, we aim to apply our model, or its adapta-
tions, to other ECG tasks with more complex hierarchies.
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Figure 2. Percentage of each class classified by each expert by the gate from left to right: (a) MoE, (b) MoE Gate, (c) MoE
GateC.

Classes Accuracy Precision Recall F1 Score
ResNet MoE GateC ResNet MoE GateC ResNet MoE GateC ResNet MoE GateC

1dAVb 0.981 0.991 1.000 0.922 0.425 0.787 0.591 0.847
RBBB 0.987 0.991 0.971 0.944 0.656 0.792 0.751 0.859
LBBB 0.990 0.992 0.981 0.963 0.725 0.804 0.809 0.875
SB 0.990 0.991 0.949 0.919 0.714 0.778 0.794 0.839
AF 0.991 0.992 0.959 0.936 0.708 0.758 0.796 0.832
ST 0.992 0.992 0.956 0.937 0.744 0.782 0.819 0.846

Table 2. Classification metrics for each class, comparing the baseline model with the optimized MoE version that pre-trains
the gate and applies a mean constraint, identified as the best-performing MoE variant.
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