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Abstract

Background: Hyperkalemiamonitoringisvery important in patientswith chronic kidney disease (CKD) in emergency medicine.
Currently, blood testing is regarded as the standard way to diagnose hyperkalemia (ie, using serum potassium levels). Therefore,
an aternative and noninvasive method is required for real-time monitoring of hyperkal emiain the emergency medicine department.

Objective:  This study aimed to propose a novel method for noninvasive screening of hyperkalemia using a single-lead
electrocardiogram (ECG) based on a deep learning model.

Methods: For this study, 2958 patients with hyperkalemia events from July 2009 to June 2019 were enrolled at 1 regional
emergency center, of which 1790 were diagnosed with chronic renal failure before hyperkalemic events. Patients who did not
have biochemical electrolyte tests corresponding to the origina 12-lead ECG signal were excluded. We used data from 855
patients (555 patients with CKD, and 300 patients without CKD). The 12-lead ECG signal was collected at the time of the
hyperkalemic event, prior to the event, and after the event for each patient. All 12-lead ECG signals were matched with an
electrolyte test within 2 hours of each ECG to form a data set. We then analyzed the ECG signals with a duration of 2 seconds
and a segment composed of 1400 samples. The data set was randomly divided into the training set, validation set, and test set
according to the ratio of 6:2:2 percent. The proposed noninvasive screening tool used a deep learning model that can express the
complex and cyclic rhythm of cardiac activity. The deep learning model consists of convolutional and pooling layersfor noninvasive
screening of the serum potassium level from an ECG signal. To extract an optimal single-lead ECG, we eval uated the performances
of the proposed deep learning model for each lead including lead I, 11, and V1-V6.

Results: The proposed noninvasive screening tool using a single-lead ECG shows high performances with F1 scores of 100%,
96%, and 95% for the training set, validation set, and test set, respectively. The lead Il signal was shown to have the highest
performance among the ECG leads.

Conclusions: We developed a novel method for noninvasive screening of hyperkalemia using asingle-lead ECG signal, and it
can be used as a helpful tool in emergency medicine.

(IMIR Med Inform 2022;10(6):€34724) doi: 10.2196/34724
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Introduction

Hyperkalemia is a potential life-threatening condition for the
general population, and so it can be a clinical and economic
burden[1]. Normal levels of potassium are between 3.5 and 5.0
mmol/L with levelsabove 5.5 mmol/L defined as hyperkalemia.
Patients with chronic kidney disease (CKD) are predisposed to
hyperkalemia [2], and it is a major risk factor for cardiac
arrhythmias and death [3]. According to some clinical studies,
Serum potassium monitoring can reducetherisk of hyperkalemia
in patients with CKD by more than 71% [4]. Therefore, it is
very important to frequently check the serum potassium level
in patients with CKD.

Potassium is a very important electrolyte for the regulation of
the cell membrane potential and nerve conduction, so abnormal
levels of potassium are known to be associated with changesin
electrocardiogram (ECG) readings. Hyperkalemiais associated
withtall, narrow, and symmetrical T wavesin an ECG, whereas
hypokalemiais associated with flat T waves [5-9]. Monitoring
hyperkalemia is very important in patients with CKD, but so
far blood testing isthe only way to test serum potassium levels.
Closer and more reliable monitoring requires the devel opment
and verification of noninvasive and continuous monitoring
methods.

Electrocardiography is used to detect heart abnormalities in
patients with various diseases. The man ECG changes
associated with hypokalemia include a decreased T wave
amplitude, ST-segment depression, T wave inversion, a
prolonged PR interval, and an increased corrected QT interval
[10]. Thetypical ECG findingsfor hyperkal emiaprogressfrom
tall, peaked T wavesand a shortened QT interval to alengthened
PR interval and aloss of the P wave followed by a widening
QRS complex and ultimately a sine wave morphology [11,12].
These morpholaogic differences of the ECG have been used to
detect and diagnose hyperkal emia events urgently in emergency
rooms [13]. In addition, there are some studies that have
proposed several methods to detect hyperkalemia events using
ECG signals. Among them, some researchers have devel oped
ECG quantification algorithms to predict serum potassium
concentration based on T wave morphology, mainly using the
dopeand width of T waves. The a gorithmswere mostly derived
from continuous patient monitoring, such as during
hemodialysis, with homogeneous ECG morphologies from a
limited set of patients[14,15]. Recently, applying the processing
of T wave morphologies manually has been used to improve
the diagnosis of hyperkalemia[16]. Nevertheless, using T wave
changes aloneto detect dyskalemiasisless sensitive and specific
than a comprehensive ECG interpretation [17]. However, ECG
morphology—based methods have shown insufficient
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performance and reguire some time to extract the morphologic
features required to detect hyperkalemia. Therefore, a more
robust and faster method for hyperkal emia detection is needed
in the clinical practice of emergency medicine.

With the revolution of artificial intelligence (Al), many deep
learning models have been developed that show human-level
performance in several clinical fields such as cardiology [18],
radiology [19], ophthamology [20], and pathology [21]. For
instance, convolutional neural network (CNN) models have
achieved very high performancesfor abnormal cardiac rhythms
such asarrhythmia[22], tachycardia[23], and supraventricul ar
dysfunction [24], among other events[25]. Such diagnostic and
prognostic deep learning models could be developed to assist
emergency medicine clinicians in recognizing ECG changes
associated with diverse diseases. Al algorithms have emerged
in clinical decision support systems as “ software as a medical
device” in areal clinical environment [26]. There are some
similar studies conducted by several researchers. Among them,
Galloway et al [11] proposed a CNN-based model to screen for
hyperkalemiausing amultilead ECG signa. They demonstrated
adeep CNN model with complex architecture and evaluated its
performance using big ECG data sets in a multicenter cohort
study. Another study involved the prediction of serum potassium
concentration based on an 82-layer CNN model using a12-lead
ECG signal [12]. They achieved robust performance with more
than 95.8% hyperkalemia detection. However, all these recent
deep learning models are hard to apply to real-time analysisin
clinical practices.

Therefore, this study proposed a novel method for noninvasive
screening of hyperkal emiabased on adeep learning model using
an ECG. For this purpose, we constructed a deep learning
structure using a CNN model, and clinical data were used for
thetraining and testing phases. In addition, we conducted severa
experiments using the different data sets, applying the changes
before and after hyperkalemia events. Finally, a smple and
accurate deep learning model was designed to implement a
noninvasive screening method for hyperkalemia that can be
applied to real-time clinical practices.

Methods

Overview

In this study, we proposed a novel method for noninvasive
screening of hyperkalemia based on a deep learning model,
using ECG. The proposed method consists of the following 3
main parts. 12-lead ECG extraction from the participants,
constructing the ECG data sets, and a deep learning model
(Figure 1). Each part of the study method is explained in more
detail in the following subsections.
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Figure 1. Diagram of the proposed method for noninvasive screening of hyperkalemia. ECG: el ectrocardiogram.
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Ethics Approval

This study was approved by the Institutional Review Board
(IRB) of the Wonju Severance Christian Hospital (CR320162).
Enrolled patients’ informed consent was exempted by the IRB
due to the retrospective nature of the study that used fully
anonymized ECG and health data.

Table 1. Characteristics of the study participants.
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Participants

A total of 2958 patients who have experienced at least 1
hyperkalemiaevent were enrolled at asingle regional emergency
center from July 2009 to June 2019. Among them, 1790 patients
were diagnosed with chronic renal failure (CRF), and the other
1168 patients did not have CRF. The patients who did not have
biochemical electrolyte tests corresponding to the origina
12-lead ECG signa were excluded. We then used the data of
855 patients (555 patients with CRF, 300 patients without CRF)
(Table 1).

Characteristics

Participants (N=2958)

Non-CRF? (n=1168) CRF (n=1790) Totdl

Gender, n (%)°

Femade 496 (39.9) 747 (60.1) 1243 (42)

Male 672 (39.2) 1043 (60.8) 1715 (58)

Totdl 1168 (39.5) 1790 (60.5) 2958 (100)
Age (years), mean (SD) 70.3 (19.0) 72.6 (13.2) 71.7 (15.8)
Height (cm), mean (SD) 155.5 (26.2) 159.4 (14.4) 158.0 (19.7)
Weight (kg), mean (SD) 58.8 (15.5) 62.2 (12.2) 60.9 (13.6)
Myocardial infarction, n (%)° 35(23) 117.(77) 152(5.1)
Heart failure, n (%)° 116 (30) 271 (70) 387 (13.1)
Angina, n (%)° 93 (28.4) 235 (71.6) 328 (11.1)
Dizbetes, n (%" 251 (21.6) 912 (78.4) 1163 (39.9)
Hypertension, n (9%)° 323(23.8) 1037 (76.3) 1360 (46)

8CRF: chronic renal failure.

bThe denominator used to calculate percentages is the sum of the non-CRF and CRF participantsin that category (ie, row).

Data Sets

The 12-lead ECG recordings were collected at the 3 sections of
hyperkalemic events: pre-event, event, and postevent. The pre-
and postevents were used as hormal or control events, and the
hyperkalemic event was used as the target or abnormal event.
From these 3 sections, the data sets were designed, including
data set | (pre-event vs event), data set |1 (postevent vs event),
and data set Il (pre-event and postevent vs event). The
differences between before- and aftereffects of a hyperkalemia
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event are presented in Table 2. All 12-lead ECG recordings
were matched with an electrolyte test within 2 hours in each
section to form a data set. The waveform of the 12-lead ECG
signal was then extracted and saved with a sampling frequency
of 700 Hz. Finally, an ECG signal segment with a duration of
2 seconds was composed of 1400 samples. For evaluation of
the developed Al agorithm, the ECG data set was randomly
divided by the ratio of 6:2:2 percent into the training set,
validation set, and test set for each data set.
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Table 2. Datasetsfor this study.
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Data sets Dataset |, n Dataset Il, n Dataset I11, n
Training set 1186 879 1426
Validation set 296 220 357

Test set 370 275 446

Total 1852 1374 2229

Deep Learning Model

Deep learning is a method for representation learning that can
learn the complex pattern and structure of the input data by
high-level data abstraction. It can learn the morphology of the
input ECG signal according to the potassium concentrations. A

deep learning model was designed based on a 5-layer CNN by
using a 1-dimensional convolutional operation, max pooling,
and a fully connected layer. The detailed structure of the
proposed deep learning model for noninvasive screening of
hyperkalemia using ECG signal is shown in Table 3.

Table 3. Architecture of the proposed deep learning model for hyperka emia screening.

Number and layers Activation

Filter size Output shape Parameter

1

e batchnorm_1 =

2
« convlD_1 RelLu
«  maxpool_1

3
e convlD_2 RelLu
e maxpool_2
» dropout_2

4
. convlD_3 RelLu
o maxpool_3
« dropout_3

5
. convlD 4 RelLu
o maxpool_4
« dropout_4

6
« cowlD 5 RelLu
o maxpool_5
« dropout_5

7
. flatten 1 Softmax
e dense 1l

Totd « 5conv
« layers

= . 1400x1 4
100@50%1 « 1351x100 5100
2x1 «  675x100

80@50x1 «  626x80 400,080
2x1 « 313x80

p:0.25a . 313x80

60@30x1 e  284x60 144,060
2x1 o« 142x60

p=0.25 « 142x60

40@20x1 « 123x40 48,040
2x1 e  61x40

p=0.25 «  61x40

20@10x1 o  52x20 8020
2x1 e« 26x20

p=0.25 e  26x20

2 o 520x2 1042
124 filters 606,027

p: One of the setting parameters of the dropout technique.

Statistical Analysis

The F1 score was used to evaluate the proposed noninvasive
screening method for hyperkalemia; it evaluates the correct
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classification of each classaccording to class equality. F1 scores
calculated by precision and recall are represented as follows:
TP

recision = — (1
P ™irp O
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recall = _TP Q?) Results
TP + FN

The results of the proposed novel method for noninvasive
screening of hyperkalemia based on deep learning using a
12-lead ECG are shown in Table 4-Table 6 for the test set of
each data set. The results of the proposed method showed that
lead Il achieved the highest performance for hyperkalemia

precision * recall events among other leads for data set | (Table 4).
Fl1=2x 3)
precision + recall

The numbers of true positives (TP), false positives (FP), and
false negatives (FN) are input into the equations. The F1 score
is computed based on the sample proportion of precision and
recall asfollows:

Table 4. The performance of the proposed method for the test set of data set I.

Index and events Leads
| I V1 V2 V3 \Z V5 V6

Precision

Normal 0.52 0.96 0.47 0.61 0.56 0.66 0.51 0.54

Hyperkalemia 0.61 0.94 0.63 0.70 0.63 0.71 0.64 0.63
Recall

Normal 0.48 0.93 0.56 0.66 0.51 0.66 0.50 0.60

Hyperkalemia 0.64 0.97 0.54 0.65 0.68 0.71 0.65 0.58
F1 score

Normal 0.50 0.94 0.51 0.64 0.53 0.66 0.50 0.57

Hyperkalemia 0.62 0.95 0.58 0.68 0.66 0.71 0.65 0.60

Table 5. The performance of the proposed method for the test set of data set I1.

Index and events Leads
| I V1 V2 V3 V4 V5 V6

Precision

Normal 0.31 0.88 0.28 0.36 0.28 0.52 0.36 0.51

Hyperkalemia 0.75 0.93 0.74 0.73 0.80 0.79 0.76 0.72
Recall

Normal 0.22 0.85 0.17 0.27 0.23 0.50 0.28 0.30

Hyperkalemia 0.82 0.95 0.84 0.81 0.84 0.81 0.82 0.87
F1 score

Normal 0.26 0.87 0.21 0.31 0.25 0.51 0.31 0.38

Hyperkalemia 0.78 0.94 0.79 0.77 0.82 0.80 0.79 0.79
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Table 6. The performance of the proposed method for the test set of data set I11.

Index and events Leads
| I V1 V2 V3 V4 V5 V6

Precision

Normal 0.56 0.95 0.53 0.68 0.65 0.69 0.57 0.61

Hyperkalemia 0.47 0.94 0.74 0.59 0.57 0.60 0.60 0.51
Recall

Normal 0.61 0.96 1.00 0.70 0.62 0.63 0.68 0.59

Hyperkalemia 0.42 0.93 0.00 0.57 0.60 0.66 0.48 0.53
F1score

Normal 0.58 0.96 0.70 0.69 0.64 0.66 0.62 0.60

Hyperkalemia 0.44 0.94 0.00 0.58 0.59 0.63 0.53 0.52

We aso noticed that there are big performance differences
between lead 11 and other leads not only in data set |, but also
indatasets |l and I11. The results showed that V2 achieved the
best performance among the V1-V6 leads throughout the 3
different data sets.

We obtained good performances of the proposed deep learning
model for noninvasive screening of hyperkalemiausing lead |1

signal, with F1 scores of 95%, 94%, and 94% for dataset |, data
set 11, and data set 111 for the test set.

For dataset I, we presented the confusion matrix of thetraining
set, validation set, and test set for lead |1 of the ECG. Theresults
showed good performance, with Flscores of 100%, 96%, and
95% for thetraining set, validation set, and test set, respectively.
The confusion matrix showed that the proposed deep learning
model gained a high and stable rate for the true positives and
false negatives (Figure 2).

Figure 2. Confusion matrix of this study. Confusion matrix of (A) the training set, (B) the validation set, and (C) the test set for the lead Il

electrocardiogram channel of dataset |.

Target

Normal

Hyperkalemia

Normal

Normal
Normal

Prediction
Prediction

Hyperkalemia
Hyperkalemia

A. Training set

Discussion

In this study, we demonstrated a novel method for noninvasive
screening of hyperkal emia based on deep learning using ECG.
We designed an optimal and simple architecture of deep learning
that can be easily implemented for real clinical applications,
especialy in emergency medicine. The proposed model achieved
good performances based on feature extraction of the
characteristics of cardiac activity according to the levels of
electrolytes using ECG.

We havetried to seethe morphol ogical or rhythmical differences
between hyperkalemia pre- and postevents in ECG waveform.
To do this, we set up 3 different data sets that selected from the
pre-event, postevent, and target event sections. data set |
(pre-event vs event), data set 11 (postevent vs event), and data
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set 111 (pre- and postevent vs event). All data sets were applied
to the designed deep learning model for hyperkal emia screening
in training, validation, and test phases. We trained and tested
the 3 different deep learning models using each data set. We
also conducted experiments to find the optimal signal of the
12-lead ECG for each data set one by one. We determined that
an optimal lead for hyperkal emia screening was lead |1 for our
12-lead ECG data sets. In generd, lead 1 contains the most
information on cardiac activity among the leads, which may
have resulted in it having the highest performance for the
hyperkalemia screening. In addition, our results support
conventional studies on hyperkalemia screening using ECG
signals.

There are some similar studies that proposed a screening or
detection tool for hyperkalemiausing ECG signals. The earliest
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one was proposed by Wrenn et a [10] in 1991. This study
compared hyperkalemia detection by 2 independent and
experienced physicians using ECG signals. The results showed
a sensitivity of 62.0% for the first reader and 55.0% for the
second reader and the k value was 0.73. This showed how
difficult it was to detect hyperkalemia from the ECG signal
without any biochemical electrolytetests. Another study on the
correlation between hyperkal emia and ECG morphol ogies was
conducted by Levis[27] in 2013. They published aclinical case
study on ECG signals observed as a hyperkal emiaevent occurs.
The authors demonstrated 2 different cases of older adultswith
acute renal failure and hyperkalemia. They confirmed the ECG
morphology changes with peaked T waves, shortened QT
interval, and lengthening PR intervals corresponding to the
hyperkalemia or changes of serum potassium levels.

Recently, deep learning model s have been applied to studies on
detection and screening of hyperkalemiafrom the 12-lead ECG
recordings made in emergency departments. Galloway et a [11]
developed and validated a deep learning model to screen for
hyperkalemia using ECG. The authors designed an 11-layer
deep CNN model, and it wastrained and validated with 449,380
patients with CKD. They used 2 data setsfor 2 leads (1 and 11)
and 4 leads (I, Il, V3, and V5); each patient had a serum
potassium count drawn within 4 hours after their ECG was
recorded. In thismulticenter cohort study, adeep learning model
was devel oped with complex architecture, using big ECG data
sets[11]. However, they achieved agood performance, with an
area under the curve (AUC) of 88.83% and a sensitivity of
91.3%for the 2 leads' datasets. In contrast, we proposed adeep
learning model with alight weight and high performance using
asingle-lead ECG signal.

Lin et al [12] developed a 12-channel sequence-to-sequence
model with an 82-layer CNN structure to predict serum
potassium concentration by using a 12-lead ECG signal. They
modified DenseNet architecture to read the 12-lead ECG
waveforms and detect hypokalemia and hyperkalemia events,
and named it ECG12Net. ECGI12Net achieved robust
performances, with an AUC of 95.8% and 97.6% for
hyperkalemiaand severe hyperkal emia, respectively. However,
ECG12Net requires very high computational power to read the
12-lead ECG signal since it is composed of an 82-layer CNN
model. Our method is comparable in performance with this

Urtnasan et al

model, and it iswell optimized and trained for a 1-channel ECG
signal to detect hyperkalemia events. In addition, it is easy to
make it into a tool that can be used in the final clinical field
because the deep learning engine isrelatively lighter.

The proposed new method for noninvasive screening of
hyperkalemia based on deep learning using ECG signals
surpasses similar previous studies, and the developed model
can be applied directly to clinica situations. This noninvasive
method does not require any blood test or invasive chemistry
diagnosis. In addition, the physicians or clinicians can check
the results quickly, within 3 minutes, which is faster than
previous invasive diagnostic methods. Thisis because the deep
learning model hasasimple structure and iswell optimized and
trained by the pre- and postevent’s ECG signals to screen for
hyperkalemia events. In addition, the proposed deep learning
model can proceed with feature extraction and classification at
once from the input ECG signal for noninvasive screening of
hyperkalemia because we do not use any handcrafted
preprocessing that extracts input ECG components such asthe
RR interval or P wave. Finaly, we achieved a higher
performance of the proposed noninvasive method based on a
deep learning model; it can consider the complex and cyclic
characteristics of ECG affected by levels of electrolytes.

This study has some limitations, such as the small study
population, and there are many comorbidities including heart
failure, diabetes, and hypertension in the study groups. In
addition, all participants of this study are enrolled at a single
regional emergency center, so further study should cover large
and diverse populations from multiple centers.

We demonstrated a novel method for noninvasive screening of
hyperkalemia based on deep |learning using ECG. We obtained
high performances with an F1 score of 95% from the ECG
signal. In addition, we developed a simple and accurate deep
learning model for the noninvasive screening of hyperkalemia
that can be used in real-time clinical settings. Therefore, the
proposed deep learning model may be appropriate for the
noninvasive screening of hyperkalemiausing asingle-lead ECG
signal without any feature extraction (eg, T wave and QT
interval). Furthermore, a validation study should be conducted
for the proposed deep learning model that useslarger and more
diverse data sets based on a single-lead ECG signal.
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