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Abstract

This paper investigates the interplay between signal simplification, data quantity and task
difficulty in the context of electrocardiography rhythm classification using vision trans-
former models. Recognising the complexity and variability inherent in ECG signals, we
examine how applying a simple pre-processing technique aimed at enhancing human read-
ability, through noise reduction, affects the accuracy and robustness of machine learning
models. We also consider the broader implications for model development, particularly
in relation to the challenges posed by real-world ECG data. Given the inherent complex-
ity and diversity of ECG diagnoses, it is often impractical to gather substantial amounts
of data for every potential diagnosis. By assessing how different dataset sizes affect per-
formance, we seek to understand the extent to which vision transformers rely on data
quantity. This is particularly important given the limitations of real-world datasets and its
potential impact on automated diagnostic systems. This paper further examines the scal-
ability of ECG classification by employing a dataset encompassing ten distinct conditions.
While previous research has demonstrated success in scenarios involving a limited number
of conditions, such controlled environments are rarely representative of real-world practice.
Therefore, it is crucial to understand how vision transformer models perform when faced
with more complex and varied classification tasks and to evaluate their capacity to manage
increased diagnostic diversity. Our findings provide insight into optimising ECG classifica-
tion pipelines with regards to balancing the need for data clarity, quantity, and diagnostic
breadth to enable reliable and scalable AI-driven cardiac assessment.

Keywords: Vision Transformer, Signal Simplification, Data Quantity, Task Difficulty,
Electrocardiogram, ECG, Machine Learning

1. Introduction

Electrocardiogram signals present a unique challenge in both clinical and computational
contexts due to their complexity and the wealth of information they contain. While there
have been extensive studies looking at the classification of ECG signals, these often lack data
consistency and are rarely reflective of the unique challenges contained within this complex
classification task. While achieving high accuracy is crucial, it is equally important to
recognise and account for the limitations inherent in real-world data. Understanding how
these constraints affect model performance is essential to developing a robust and reliable
diagnostic system.
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1.1. Electrocardiograms

Electrocardiograms (ECGs) are graphical representations of the heart’s electrical activity
and are essential tools in both clinical settings and medical research. However, the signals
captured by ECG devices are often complex and intricate, requiring considerable expertise
to interpret accurately. For human readability, simplification techniques such as noise re-
duction and artifact removal are employed to enhance clarity (Blinowska and Zygierewicz,
2011).

The ECG recording process begins with the placement of electrodes on the skin at
specific points on the chest and limbs to capture the heart’s electrical signals (Strauss and
Schocken, 2021). These electrodes detect the tiny electrical changes on the skin that arise
from the heart during each heartbeat. The signals are then transmitted to an ECG machine,
where they are amplified and filtered to remove any external electrical interference.

Figure 1: Image showing a raw plotted signal with filtering method applied (a) and the
same signal plotted with a Butterworth bandpass filter to supress signal noise
(b).

Once the raw signals are captured, they undergo digitisation, converting the analogue
signals into a digital format that can be processed by computers (Gacek and Pedrycz,
2011). The digital signals are then subjected to further processing, such as baseline wander
removal to correct any drift in the signal, and the elimination of power-line interference,
see Figure 1. Advanced algorithms are used to enhance the signal quality and to extract
meaningful features, such as the P wave, QRS complex and T wave, which are critical for
diagnosing various cardiac conditions.

1.2. Proposal

In this paper we plan to explore the effects of data simplification for human readability
on machine learning models. We intend to investigate how a simple signal enhancement
technique, such as noise reduction, influences the accuracy and reliability of these models.
By comparing models trained on raw versus increasingly simplified ECG signals, we aim to
determine the extent to which simplification impacts the classification performance of the
models.

The amount of information extractable from an ECG is extensive; however, the broad
range of diagnosable conditions and the various settings and in which an ECG can be
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recorded results in the classification task being extremely complex. Due to these challenges,
acquiring large quantities of data is not always possible. Therefore, we will explore the
importance of data quantity by using multiple models trained on progressively smaller
datasets and review each model’s performance.

Most ECG classification models are trained to classify a small number of conditions
(Yildirim et al., 2019; Vo, 2025; Kachuee et al., 2018). While this helps to reduce variance
by keeping the classification task simple, it is not reflective of reality as the variety of
conditions diagnosable from an ECG is extensive. Therefore, to improve real-world fidelity
we will utilise a 10-class dataset to train a model. While this is still far from being truly
reflective, it will allow us an insight into how the model could handle a broader scope and
an increased task difficulty.

2. Method

2.1. Vision Transformer

The SwinV2 vision transformer (Liu et al., 2021) was chosen due to its previous success
classifying the MIMIC-IV-ECG dataset (Hartley et al., 2025). The model utilizes a shifted
window approach to limit self-attention computation to non-overlapping local windows.
This approach optimises efficiency and performance, especially when handling high reso-
lution images. The model neatly divides the image into patches and windows. We chose
to divide the images into 16x16 pixel patches and utilised a window size of 24 due to the
divisions high overlap with the structure of a standard ECG, see Figure 2. With this
configuration, each window corresponds to a single lead.

2.2. Dataset

The MIMIC-IV-ECG dataset is comprised of approximately 800,000 diagnostic ECGs that
were collected from nearly 160,000 distinct patients (Gow et al., 2023). Each ECG is
recorded using 12 leads, spans 10 seconds, and is sampled at a frequency of 500 Hz. This
extensive dataset encompasses all ECGs for patients present in the wider MIMIC-IV Clinical
Database (Johnson et al., 2023). The dataset was chosen due to its extensive quantity of
data that covers a substantial number of cardiac conditions and its high level of consistency.

We selected the four most prominent diagnoses in the MIMIC-IV-ECG dataset — Sinus
Rhythm, Sinus Bradycardia, Sinus Tachycardia, and Atrial Fibrillation — and extracted
a total of 120,000 ECG recordings corresponding to these conditions. Each condition con-
tributed 25,000 images to the training set and a further 5,000 images to the validation
set. These ECG recordings were then converted into image format for training on the
SwinV2 vision transformer, as illustrated in Figure 2. This curated dataset was designated
as c04-s120, indicating four conditions and a total of 120,000 samples.

2.3. Signal Simplification

The Simple Moving Average (SMA) algorithm is a simple smoothing algorithm used to
remove noise and minor artifacts from signals (Oppenheim and Schafer, 2010). It is cal-
culated by computing the unweighted average of the most recent observations within a
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Figure 2: A standard ECG in grayscale, displayed across a grid background at 1536x1536
resolution. This image was part of the dataset used to train the models in the
study and serves as an example of the images used during training.

specified window size. To simulate signal simplification, we used varying window sizes. As
seen in Figure 3, the greater the window size (w), the simpler and more distorted the lead.

This method allowed us to incrementally mask features and, therefore, would allow us
to observe model performance at observable thresholds. While the SMA algorithm is not
used directly in normal ECG processing pipelines, it is a well established signal smoothing
algorithm and acts as a computationally cheap and stable low pass filter.

Figure 3: A standard ECG in grayscale, displayed across a grid background at 1536x1536
resolution. This image was part of the dataset used to train the models in the
study and serves as an example of the images used during training.

We created four variations of the c04-s120 dataset, the variation w00 represented no
signal simplification and the variations w10, w20 and w30 represented the number of neigh-
bouring nodes used to determine the average, see Table 1 and Figure 3. We decided to
limit the window size to 30 as extreme levels of masking of the P wave, QRS complex and
T wave was present in w30.
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Table 1: Table showing a breakdown of all the datasets used for training models

Dataset Window Size No. of Classes Training Data Class

c04-s120-w00 0 4 25,000
c04-s120-w10 10 4 25,000
c04-s120-w20 20 4 25,000
c04-s120-w30 30 4 25,000

c04-s60-w10 10 4 12,500
c04-s30-w10 10 4 6,250
c04-s15-w10 10 4 3,125

c10-s84-w10 10 10 8,200

Each of these models was trained for 80 epochs. Although training for more epochs
might have yielded higher accuracies, computation time limited our ability to train further,
and we believe 80 epochs produced sufficient data to establish trends.

2.4. Data Count

To examine how data volume affects accuracy, three subsets were derived from the c04-s120-
w10 dataset: c04-s60-w10, c04-s30-w10 and c04-s15-w10. The c04-s60-w10 subset contains
exactly half the data count of c04-s120-w10, with the training and validation sets reduced to
half their original size. Similarly, c04-s30-w10 and c04-s15-w10 comprise a quarter and an
eighth, respectively, of the original data, and their training and validation sets were likewise
reduced to a quarter and an eighth of the initial count. For more details, see Table 1.

Unlike the c04-s120-w10 model, which was trained for 80 epochs, the c04-s60-w10, c04-
s30-w10 and c04-s15-w10 subsets were trained for 120, 160 and 200 epochs respectively.
This adjustment was made to investigate whether increasing the number of training epochs
could compensate for the reduction in available data. By extending the training duration,
we aimed to assess if the models could achieve comparable performance despite having
access to fewer samples, thereby providing insight into the interplay between data volume
and training strategy.

The selected subset sizes were chosen to provide a clear, logical reduction in data volume,
while also reflecting practical and achievable sample counts. To keep the dataset balanced,
it is often necessary to make a substantial reduction in the amount of data per class. For
example, when increasing the number of conditions from 4 to 10, the data per condition
had to be reduced from 25,000 to 8,400. This highlights the challenge inherent in ECG
classification: while each condition holds equal significance, sufficient data for training
models on every condition may not always be accessible.

2.5. Task Difficulty

To introduce a higher level of task complexity, the c10-s84-w10 dataset was created. Unlike
the datasets described in the signal simplification and data count sections, which each
featured 4 conditions, c10-s84-w10 included 10 distinct conditions. Since there is an inverse
relationship between the number of conditions and the amount of data available for each,
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the training data per condition was limited to 8,200 samples, with 200 additional samples
per condition being allocated for validation. The c10-s84-w10 model was trained for 80
epochs, in line with the training regimen applied to the other models.

3. Analysis of Results

3.1. Signal Simplification

The highest performing model was c04-s120-w10 which achieved a top accuracy of 96.23%,
see Table 2. This was closely matched by model c04-s120-w00, which recorded an accuracy
of 96.14%. Model c04-s120-w20 reached an accuracy of 95.69% and, notably, even with
substantial smoothing, c04-s120-w30 attained a respectable accuracy of 94.30%. Across
all models the precision, recall and F1 score are tightly coupled, indicating a high level of
consistent class-wise performance.

Despite model c04-s120-w10 performing slightly better than model c04-s120-w00 in ac-
curacy, model c04-s120-w00 performed slightly better in precision, recall and F1 score, which
is an indication of a slightly more balanced classification. Ultimately these differences are
minor, and the performance of both models indicates that, for this set of rhythms, there is
no significant difference to the model between a raw plotted signal and a slightly smoothed
signal.

A more pronounced difference is found between model c04-s120-w10, which achieved
the highest accuracy at 96.23%, and model c04-s120-w30, which had the lowest accuracy
at 94.30%. While a 2% drop in accuracy may seem small, in practical terms it means that
around 1 in 50 patients could receive an incorrect diagnosis, highlighting its possible clinical
impact.

This context can also be applied to the top performing model as, even with an accuracy
of 96.23%, approximately 1 in 25 patients would be misdiagnosed. This becomes even more
notable given that the rhythms under consideration — Sinus Rhythm, Sinus Bradycardia,
Sinus Tachycardia, and Atrial Fibrillation — are quite distinct and, even for less experienced
clinicians, identifying them is typically straightforward. While the loss in accuracy is likely
due to borderline cases, meaning the clinical consequences aren’t critical for this set of
rhythms, it is still important to contextualise them.

Overall, the models are showing a trend that broadly matches with already established
ideas; that a small amount of simplification can improve readability, but excessive simpli-
fication can mask import features and harm accuracy. Although the high degree of signal
simplification did not drastically affect performance, it still had a noticeable impact. There-
fore, while these results do demonstrate the ViTs ability to effectively manage high levels
of masking, strict signal processing standards should still be enforced. This is especially
important considering the simplicity of the classification task.

3.2. Data Count

Diagnosing an ECG is a complex task that relies on interpreting both local and global fea-
tures. Clinicians must draw on substantial experience and remain adaptable as they assess
and label an ECG. Given the wide range of possible diagnoses and the layered complexity of
ECG reports, it is almost impossible to gather large quantities of data for every diagnosis.
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Table 2: Table showing the accuracy, precision, recall and F1 score of the best epoch for
the models c04-s120-w00, c04-s120-w10 and c04-s120-w20.

Model Epoch Accuracy Precision Recall F1

c04-s120-w00 76 96.14 0.965 0.965 0.965
c04-s120-w10 80 96.23 0.964 0.964 0.964
c04-s120-w20 79 95.69 0.959 0.959 0.959
c04-s120-w30 78 94.30 0.943 0.943 0.942

As a result, models trained for ECG classification are often limited to a smaller set of condi-
tions or must utilise imbalanced datasets for training. This makes it crucial to understand
the impact of data quantity on a model’s ability to accurately interpret and classify ECGs.

To fully understand the impact of data quantity, we took a relatively simple diagnostic
problem that looked at the classification of four distinct rhythms — Sinus Rhythm, Sinus
Bradycardia, Sinus Tachycardia, and Atrial Fibrillation — and trained four models with
different data quantities, ranging from 25,000 units of training data per class to 3,125 units
of training data per class, see Table 1 and Table 3.

We initially trained all four models for a total of 80 epochs and saw an immediate trend,
see Table 3. The model with the most training data per class, c04-s120-w10, significantly
outperformed the other three models and obtained an accuracy of 96.23%. Model c04-s60-
w10 followed with an accuracy of 88.43% and subsequently models c04-s30-w10 and c04-s15-
w10 were the worst performing models with accuracies of 73.36% and 62.92% respectively.
This shows the direct impact of data quantity, the more data, the higher the accuracy.

Table 3: Table showing the accuracy, precision, recall and F1 score of the best epoch, before
or at epoch 80, for the models c04-s120 -w10, c04-s60-w10, c04-s30-w10 and c04-
s15-w10.

Model Epoch Accuracy Precision Recall F1

c04-s120-w10 80 96.23 0.964 0.964 0.964
c04-s60-w10 80 88.43 0.887 0.887 0.886
c04-s30-w10 79 73.36 0.728 0.735 0.729
c04-s15-w10 78 62.92 0.596 0.631 0.583

Although a clear trend did present itself, we wanted to see if the loss in accuracy could
be overcome by training the model for additional epochs. Therefore, we trained c04-s60-w10
for an additional 40 epochs, c04-s30-w10 for an additional 80 epochs and c04-s15-w10 for
an additional 120 epochs, see Table 4.

On initial observation of Table 4, it becomes apparent that although the accuracy of each
model did improve, the improvement was superficial and ultimately had a minor impact
on the trend. This can be seen with the model c04-s60-w10 as, although the additional
40 epochs did help c04-s60-w10 draw closer, overall c04-s120-w10 still outperformed its
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accuracy by more than 3%. The models c04-s30-w10 and c04-s15-w10 did not perform any
better as even with the additional epochs, neither broke the 90% mark, with c04-s15-w10
failing to get over the 80% mark.

Table 4: Table showing the accuracy, precision, recall and F1 score of the best epoch for
the models c04-s120-w10, c04-s60-w10, c04-s30-w10 and c04-s15-w10.

Model Epoch Accuracy Precision Recall F1

c04-s120-w10 80 96.23 0.964 0.964 0.964
c04-s60-w10 118 93.17 0.935 0.935 0.935
c04-s30-w10 160 85.80 0.863 0.862 0.859
c04-s15-w10 194 77.96 0.780 0.748 0.730

Although the overall trend remained consistent, each model still demonstrated some
improvement. To provide a comprehensive evaluation of each model’s performance, we
examined the training and testing loss at the best performing epoch for each model, see
Table 5.

Table 5: Table showing the loss difference at the best epoch for the models c04-s120-w10,
c04-s60-w10, c04-s30-w10 and c04-s15-w10.

Model Epoch Test Loss Train Loss Difference

c04-s120-w10 80 0.2315 0.0487 0.1828
c04-s60-w10 118 0.3200 0.0537 0.2663
c04-s30-w10 160 0.5231 0.0592 0.4639
c04-s15-w10 194 0.7034 0.0615 0.6419

Looking at the loss figures for the models not only helps us contextualise the improve-
ments but also helps to highlight the models current training stage. By examining Table 5,
we can determine that all four models are in the mid-training phase, meaning that they
have yet to settle and still have the potential for improvement. However, where model
c04-s120-w10, which has a test-train loss difference of 0.1828, is nearing the end-training
phase, c04-s15-w10 has barely reached the mid-training phase with a test-loss difference of
0.6419. This tells us that the difference in accuracy previously observed may be due to the
models being in different stages of training, and the number of epochs required for a model
with less data to perform well is significantly higher.

3.3. Task Difficulty

The classification of ECG rhythms is far from a simple task. This is largely due to the
high number of classes and the small details that determine each diagnosis. It is for this
reason that ECG classification models are often trained with a small number of conditions.
However, this is not reflective of reality where a high quantity of labels and diagnosis exist.
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Therefore, in this section we look at how increasing the task difficulty, by increasing the
number of conditions the model has to consider from 4 to 10, affects model performance.

This step-up in difficulty from a small number of conditions in a controlled setting is
reflective of a medical students’ transition from the classroom to hospital. However, while
a medical student may struggle to adapt, the ViT has handled the increased difficulty well
and obtained an accuracy of 85.60%, highlighting its flexibility and ability to handle the
increased difficulty, see Table 6.

Table 6: Table showing the loss difference at the best epoch for the models c04-s120-w10,
c04-s60-w10, c04-s30-w10 and c04-s15-w10.

Model Epoch Accuracy Precision Recall F1

c04-s120-w10 80 96.23 0.964 0.964 0.964
c10-s84-w10 80 85.60 0.844 0.845 0.844

Although the model fails to obtain the same level of accuracy as model c04-s120-w10,
which obtained an accuracy of 96.23%, the accuracy relative to chance is still impressive. As
model c04-120-w10 only has four conditions, the chance of randomly selecting the correct
class was 25%, this means that an accuracy of 96.23% is roughly 3.85 times greater than
chance. Model c10-s84-w10, on the other hand, managed to obtain 85.60% with a chance of
10%. This means that it managed to obtain a result 8.56 times greater than chance. While
this does not make the loss in accuracy justifiable, it does give it some important context
that we must consider when evaluating the model’s performance.

It is also important to remember that due to the increased condition count, a lower data
per class had to be used for training. From the previous section we have already established
that decreasing the training data quantity per class directly affects the model’s ability to
learn. While this can be overcome by increasing the number of epochs the model is trained
for, it does not fully compensate for the data loss, see Table 3 and Table 4.

Model c10-s84-w10 had 8,200 units of data, see Table 1, this falls roughly in the middle
of models c04-s60-w10 and c04-s30-w10 which had 12,500 and 6,250 units of training data
per class respectively. By examining Table 3, we can see that model c04-s60-w10 obtained
an accuracy of 88.43% and model c04-s30-w10 obtained an accuracy of 73.36%, meaning
that model c10-s84-w10, which falls in the middle of these two models in terms of training
data per class, outperformed its expected accuracy. This should be due to the fact that
even though c10-s84-w10 had a lower training data count per class compared to c04-s60-
w10, the overall data count was higher due to the increased class count. This shows that
while increasing the class count does affect the accuracy, it can also result in a slight uptick
in performance due to the overall increase in data.

Although model c10-s84-w10’s precision, recall, and F1 are closely aligned, they diverge
slightly from the overall accuracy, suggesting potential class-wise variability, see Table 6.
This may just be statistical noise given the modest validation size of only 2,000 images;
however, further investigation into per-class performance is required, see Table 7.

Table 7 immediately highlights the inconsistent performance across classes. Although
most classes perform relatively well and achieve an accuracy of over 90%, the overall accu-
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Table 7: Table showing the loss difference at the best epoch for the models c04-s120-w10,
c04-s60-w10, c04-s30-w10 and c04-s15-w10.

Class Rhythm Accuracy

0 Atrial Fibrillation 78.0
1 Atrial Fibrillation with Rapid Ventricular Response 95.0
2 Sinus Arrhythmia 78.0
3 Sinus Bradycardia 93.0
4 Sinus Rhythm 82.0
5 Sinus Rhythm with 1st Degree A-V Block 69.0
6 Sinus Rhythm with borderline 1st Degree A-V Block 72.0
7 Sinus Rhythm with PAC(s) 90.0
8 Sinus Tachycardia 95.0
9 Ventricular Pacing 93.0

racy is affected a handful of poorly performing classes. The most notable of which is class
5 and 6, which achieve an accuracy of only 69% and 72% respectively. Although this is
notably lower compared to the other rhythms, it does make sense when mapping the classes
to the rhythms. Class 5 maps to the arrythmia “Sinus Rhythm with 1st Degree AV-block”
and class 6 maps the arrythmia “Sinus Rhythm with borderline 1st Degree AV-block”,
which are two very similar rhythms. Due to the high overlap of the two conditions, it is
understandable that misclassification can occur and it is possible that if the model were
allowed to train for longer, stricter classification requirements between the two would arise.

The other poorly performing classes were 0, 2, and 4, corresponding to Atrial Fibrilla-
tion, Sinus Arrhythmia, and Sinus Rhythm respectively. While the lower accuracy of class
2 can be explained by the subtle nature of Sinus Arrhythmia, it is surprising to see classes
0 and 4 under perform, given the transformer’s previous success in classifying both Atrial
Fibrillation and Sinus Rhythm.

Several factors could contribute to this unexpected result, but the most plausible ex-
planation is the presence of noise within the dataset and the limited training time. Fur-
thermore, Sinus Rhythm has significant overlap with other conditions in the dataset, which
can complicate classification. It is also important to recognise that the class labels were as-
signed using machine measurements, meaning the model’s accuracy is ultimately dependent
on the machine’s ability to correctly categorise the ECGs. Consequently, any limitations
or errors in the initial machine labelling will inevitably impact the overall performance of
the classification model. Unfortunately, this is a well-documented issue within the field of
medical imaging classification and while steps can be taken to limit data poisoning, it is
near impossible to fully eliminate it.

Overall, the challenges presented by the classification of ECGs are extremely difficult
to navigate, even with a thorough understanding of the problem, designing a reliable and
robust diagnostic system is no simple task. However, by understanding the problems and
employing effective training strategies along with strict data requirements, high accuracy
classification is possible.
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c04-s120-w20 79 95.69 0.959 0.959 0.959 0.2804 0.0494
c04-s120-w30 78 94.30 0.943 0.943 0.942 0.2882 0.0514

c04-s60-w10 118 93.17 0.935 0.935 0.935 0.3200 0.0537
c04-s30-w10 160 85.80 0.863 0.862 0.859 0.5231 0.0592
c04-s15-w10 194 77.96 0.780 0.748 0.730 0.7034 0.0615

c10-s84-w10 80 85.60 0.844 0.845 0.844 0.5538 0.0677
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