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Abstract
In this work, we built a model to classify 12-lead ECGs
based on attention for the PhysioNet/Computing in Cardiology Challenge 2020. We use discrete-time fast Fourier
transform to extract essential characteristics of the given
high-frequency signals. Since information about different
classification outcomes might be present only in specific
segments, we tune our feature representation to show the
frequency distribution shift as we move through time. This
is done by first representing the original signal as a spectrogram, which shows the signal’s frequency spectrum during different time windows where a beat represents each
window. This spectrogram is then inputted to a bidirectional LSTM network where each heartbeat vector represents a time step. The outputs of the bidirectional LSTM
network at each stage are then used as attention vectors.
The attention vectors are then multiplied with the original signal window embeddings before they are summed up
and multiplied by a final linear architecture that provides
an output. Our current approach achieves a score of 0.416
on the leaderboard of the challenge’s official phase (team
name: SBU AI).

1.

Introduction

Cardiovascular disease is estimated to be one of the
leading causes of death worldwide [1]. There are many
types of cardiovascular diseases resulting from different
underlying causes. To detect such causes and understand the kind of intervention needed, the electrocardiogram (ECG) is an important tool used by healthcare professionals to assess and diagnose abnormalities in the
cardiac electrical activity in patients [2, 3]. The PhysioNet/Computing in Cardiology Challenge 2020 is organized to encourage automated, data-driven, and opensource approaches for classifying different types of abnormalities from 12-lead ECGs [4, 5]. In this paper, we
describe in more detail the model we submitted to this
year’s challenge. Our model calculates a discrete-time fast
Fourier transform characteristics for every beat and feeds

that information to an attention mechanism before outputting probability scores, which are later used for classification.

2.

Methods

2.1.

Data processing

We separate our data-set into 70% training and 30% testing. For each data-point, we only process the first 10 seconds of each signal, and we also extract up to a max of 10
heartbeats only due to computational and time limitations.
After that, we extract features from each data-point. Those
features can be separated into fixed-length and variablelength features. Fixed length features are extracted from
the header file, in addition to other characteristics that are
detected from the overall signal, such as the heart rate.
Variable-length features are the ones that are extracted for
every heartbeat.

Fixed length features
• Heart rate
• Heart beat intervals mean
• Heart beat intervals standard deviation
• Heart beat difference intervals mean
• Heart beat difference intervals standard deviation
• Age
• Sex
• Signal gain
Variable length features
• Per heart-beat fast Fourier transform spectrogram.

2.2.

Peak Detection

Since some heart rate signals can be noisy, we first rank
the 12-lead signals by a quality metric that allows us to detect the peak locations accurately for the rest of the signals.
To do that, we select our best lead-signal as follows:
After selecting the best lead-signal, we run our peak detection algorithm on that signal. In the first step, we auto

Algorithm 1 : Select best lead
Input: Normalized signals e1 , e2 ..., e12
Output: Index of signal used for peak detection.
1: procedure G ET B EST L EAD I NDEX
2:
for i = 1 → 12 do
3:
dei ← D IFFERENCE O PERATOR(ei )
4:
5:
6:
7:
8:
9:
10:

qm ←

minimum of top 5 gradients
average gradient of the bottom 50% positive gradients

measures.append(qm)
end for
Return arg mini measures
end procedure

correlate the gradient of the signal with itself. Since we
search for heart rates within the range (30, 240), we only
consider the maximum value within that range in the autocorrelation graph. Moreover, since the autocorrelation plot
can have multiple peaks, some of which are higher than
the first peak, we add a tolerance parameter to accept the
earliest peak if it is greater than or equal to 40% of the
maximum peak in the specified range.
After this step, we are able to identify an approximate
heart rate for the given signal. We use this information to
detect the peaks. We use Scipy’s peak detector. We use a
min distance between peaks of up to 40% of the distance
given the approximate heart rate. We also use a prominence of 60% of the 5th highest gradient. These two parameters allow for an acceptable range of variation along
the amplitude and the period in the derived heart rate signal. The parameters were selected and tuned over a sample of 50 random heart rate signals. We stopped the tuning after the overall peak detection pipeline was able to
detect peaks correctly with more than 99% accuracy. Figure 1 shows the distribution of the heart rates across the
whole challenge dataset after applying our peak detection
pipeline.

Figure 1. Histogram showing the distribution of the heart
rates after applying our peak detection pipeline.

2.3.

Model

We append the patient context features to each heartbeat
feature vector and feed the concatenated vector to a fully
connected layer. After that, we feed the outputs from all
the beats in our datapoint into a bidirectional LSTM. We
apply attention to the outputs of the bidirectional LSTM
as in [6] and then feed the results into a final linear layer.
We apply a softmax to the final layer’s output and use the
binary cross-entropy loss on each of the 24 classes.

2.3.1. Model hyper-parameters and tuning
We fix our model architecture parameters such as the
input embedding dimension (LSTM input dimension) to
512, the LSTM hidden dimension, and all subsequent hidden layer dimensions to 256. We fix a batch size of 64. We
also set the number of training steps to 10 epochs.
As for other learning parameters, we tune the learning
rate, gradient clip norm, λ1 , λ2 , and dropout rate. We
use Bayesian optimization with 40 total trials after separating the training dataset into training and validation to
tune these parameters. The parameters and their ranges are
shown in Table 1. We then select the trial giving the best
performance on the validation set.
Parameter
Learning rate
Gradient clip norm
L1 lambda
L2 lambda
Dropout

Range
[−10, −5]
[0, 10]
[-10, 2]
[-10, 2]
[0.05, 0.1, 0.15, 0.2,
0.3, 0.4, 0.5]

Range type
Log uniform
Uniform
Log uniform
Log uniform
Discrete

Table 1. Search space for tuned hyper-parameters

2.3.2. Model threshold tuning
After training and selecting a model that minimizes the
loss and generalizes well to the validation set, we need to
select thresholds for each class in a way that optimizes for
the challenge metric. Usually, this is easily done in binary classification tasks using a linear time algorithm that
sweeps all possible thresholds and selects the optimal one.
In the given challenge metric, however, this task is more
challenging for two main reasons:
1. The threshold of each class affects the scoring of all
other classes in different ways even if the thresholds of all
those other classes are held constant.
2. The number of classes is large (24), which makes grid
search based optimization of the thresholds intractable.
Given this, we optimize for the thresholds using
Bayesian-optimization. We use 200 trials, and we select

the thresholds that maximize the challenge scoring function on the training set. We also apply an additional optimization to accelerate the threshold search. We limit the
threshold search to be within the 95th quantile of the positive class distribution across the training set. The reasoning behind this range is that higher values mean omitting
that class entirely (all negative predictions). A value below
that range might correspond to outliers whose scores are
very close to 0. Limiting our search space to this narrower
space increased convergence speed compared to searching
the whole range (0 to 1).
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mance, given many limitations. Mainly, we cropped all
signals to 10-second windows. This resulted in a reduced
dataset. We also did minimal feature engineering after getting the peaks, or on the separated heart-beat signals. We
also followed an outcome agnostic approach. In a sense,
we didn’t include special features to account for specific
outcomes. This work aimed to demonstrate this approach’s
applicability in general, and we leave adding improvements to the model to future work. Moreover, since we
are using an attention mechanism, our model can be modified to give more insight by probing the attention weights
or each beat’s contribution to the final probability score
similar to the approach followed in [7].
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