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IMPORTANCE For patients with chronic kidney disease (CKD), hyperkalemia is common,

associated with fatal arrhythmias, and often asymptomatic, while guideline-directed
monitoring of serum potassium is underused. A deep-learning model that enables
noninvasive hyperkalemia screening from the electrocardiogram (ECG) may improve
detection of this life-threatening condition.
OBJECTIVE To evaluate the performance of a deep-learning model in detection of
hyperkalemia from the ECG in patients with CKD.
DESIGN, SETTING, AND PARTICIPANTS A deep convolutional neural network (DNN) was trained
using 1 576 581 ECGs from 449 380 patients seen at Mayo Clinic, Rochester, Minnesota, from
1994 to 2017. The DNN was trained using 2 (leads I and II) or 4 (leads I, II, V3, and V5) ECG
leads to detect serum potassium levels of 5.5 mEq/L or less (to convert to millimoles per liter,
multiply by 1) and was validated using retrospective data from the Mayo Clinic in Minnesota,
Florida, and Arizona. The validation included 61 965 patients with stage 3 or greater CKD.
Each patient had a serum potassium count drawn within 4 hours after their ECG was
recorded. Data were analyzed between April 12, 2018, and June 25, 2018.
EXPOSURES Use of a deep-learning model.
MAIN OUTCOMES AND MEASURES Area under the receiver operating characteristic curve
(AUC) and sensitivity and specificity, with serum potassium level as the reference standard.
The model was evaluated at 2 operating points, 1 for equal specificity and sensitivity and
another for high (90%) sensitivity.
RESULTS Of the total 1 638 546 ECGs, 908 000 (55%) were from men. The prevalence of
hyperkalemia in the 3 validation data sets ranged from 2.6% (n = 1282 of 50 099; Minnesota)
to 4.8% (n = 287 of 6011; Florida). Using ECG leads I and II, the AUC of the deep-learning
model was 0.883 (95% CI, 0.873-0.893) for Minnesota, 0.860 (95% CI, 0.837-0.883) for
Florida, and 0.853 (95% CI, 0.830-0.877) for Arizona. Using a 90% sensitivity operating
point, the sensitivity was 90.2% (95% CI, 88.4%-91.7%) and specificity was 63.2% (95% CI,
62.7%-63.6%) for Minnesota; the sensitivity was 91.3% (95% CI, 87.4%-94.3%) and
specificity was 54.7% (95% CI, 53.4%-56.0%) for Florida; and the sensitivity was 88.9%
(95% CI, 84.5%-92.4%) and specificity was 55.0% (95% CI, 53.7%-56.3%) for Arizona.
CONCLUSIONS AND RELEVANCE In this study, using only 2 ECG leads, a deep-learning model
detected hyperkalemia in patients with renal disease with an AUC of 0.853 to 0.883.
The application of artificial intelligence to the ECG may enable screening for hyperkalemia.
Prospective studies are warranted.
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H

yperkalemia is potentially life threatening for the 35
million American adults with chronic kidney disease
(CKD).1 Owing to the effects of kidney dysfunction on
potassium homeostasis, as well as the recommendation that
these patients be treated with renin-angiotensin-aldosterone
system (RAAS) inhibitors that preserve renal and cardiac function but also inhibit renal potassium secretion, the risk of hyperkalemia in CKD is substantially elevated.2
When present, hyperkalemia is often asymptomatic and
associated with cardiac arrhythmias and death.3 Serum potassium monitoring can reduce the risk of hyperkalemia in patients with CKD by upwards of 71%.4 However, guidelinedirected potassium monitoring5,6 is severely underused: up to
one-third of patients taking RAAS inhibitors receive no monitoring, and only 10% receive potassium monitoring before and
after RAAS inhibitors are started.7,8 We sought to improve detection of hyperkalemia in patients with CKD by developing
and validating a noninvasive screening test using the electrocardiogram (ECG).
Hyperkalemia causes cardiotoxic effects and has been
associated with a defined series of ECG abnormalities,
including peaking of T waves, QRS prolongation, and PR
shortening.9 However, in clinical practice, the sensitivity of
physician readers in the ECG diagnosis of hyperkalemia has
been estimated to be as low as 34% to 43%.10 Deep learning
is a type of artificial intelligence that uses representation
methods to identify meaningful patterns from complex digital files and has been used in medicine to identify lesions in
mammograms or retinal images.11,12 We hypothesized that a
deep-learning model (DLM) could effectively rule out, or
screen for, hyperkalemia. To test this hypothesis, we trained
and validated a DLM to classify hyperkalemia from ECGs in
patients with CKD.
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Key Points
Question Can a deep-learning model classify hyperkalemia from
the electrocardiogram (ECG) in patients with chronic kidney
disease?
Findings In this validation study, a deep neural network was
trained using more than 1.5 million ECGs recorded from 1994 to
2017 from approximately 450 000 patients seen at the Mayo
Clinic in Minnesota and validated on nearly 62 000 ECGs from the
Mayo Clinic in Minnesota, Florida, and Arizona. Using 2 or 4 ECG
leads, a deep-learning model detected hyperkalemia with high
sensitivity and negative predictive value, with an area under the
curve between 0.853 and 0.901.
Meaning Deep learning may enable noninvasive screening for
hyperkalemia in at-risk patients with chronic kidney disease.

cessing for computed tomographic images of tumors or retinal camera images of diabetic retinopathy.
The model architecture was configured as a convolutional neural network with 11 layers, with the first 10 layers
being convolutional and the last as a fully connected softmax
layer (eMethods and eFigure 1 in the Supplement). The network function receives a 10-second ECG signal from any number of simultaneously acquired ECG leads and produces a parameter output between 0 and 1.
We trained 2 independent models on 4 and 2 leads of the
ECG. Results using cross-validation on the development set indicated that the performance increase obtained by using additional leads beyond leads I, II, V3, and V5 was minimal. We
trained a network on leads I and II because these leads can easily be recorded by dry electrode contact with the hands and
left leg13; these ECG leads have been used to enable patient
self-monitoring.14,15

Development and Validation Data sets

Methods
This study was approved by the institutional review board of
the Mayo Clinic. Clinical data including digitally stored ECGs,
serum potassium values, creatinine levels, race/ethnicity,
age, body mass index (calculated as weight in kilograms divided by height in meters squared), and sex were obtained from
Mayo Clinic. Patients’ informed consent was exempted by the
institutional review board because of the retrospective nature of the study using fully anonymized ECG and health
data. Race/ethnicity and sex information were self-reported
by each patient, and used to assess algorithm robustness across
populations.

Deep-Learning Model
Deep learning is a method premised on learning complex hierarchical representation from the data that constitute multiple levels of abstraction. Deep learning uses many hidden layers of neurons to produce increasingly abstracted, nonlinear
representations of the underyling data. It is well suited for classification of complex graphic data including the ECG; early US
Food and Drug Administration–cleared biomedical applications of deep learning have been in the domain of image projamacardiology.com

A data set was generated consisting of all 12-lead ECGs
recorded on all adult patients at the Mayo Clinic in Rochester, Minnesota, between 1994 and 2017 who had also
received at least 1 serum potassium test within 12 hours
before or after the ECG. The data set included 2 835 059
twelve-lead ECGs and 4 277 183 potassium tests from 787 661
patients. A time stamp to the nearest minute was available
for the blood draws and ECG recordings. The data set was
partitioned randomly by patient, with 60% of patients used
for DLM development (n = 449 380 of 787 661; development
dataset) and 30% for the Minnesota validation data set
(n = 228 421 of 787 661; Figure 1A). The remaining 10% of
patients (n = 109 860 of 787 661) were reserved for future
analysis. The DLM was trained and internally tested using
the development data set.
To validate the model externally, we randomly selected a
subset of the ECG-potassium pairs in patients with CKD from
the Mayo Clinic in Rochester, Minnesota. In addition, additional unique data pairs were obtained from additional Mayo
Clinic sites in Jacksonville, Florida, and Scottdale, Arizona. We
kept the geographically distinct cohorts separate, in 3 validation data sets, to assess the performance of the model on data
(Reprinted) JAMA Cardiology May 2019 Volume 4, Number 5
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Figure 1. Development and Validation Data Sets Generation and Electrocardiogram (ECG) Labeling of Hyperkalemia
A Development

B

Validation
ECGs from random 30% of
patients from Minnesota site

Extract all digital ECGs from adult patients
in Mayo Clinic’s Minnesota site, 1994-2017

Keep ECGs from patients with serum
potassium test ± 12 h from the ECG

Extract all digital ECGs from adult
patients in Mayo Clinic’s Florida
and Arizona sites, 2013-2018

Keep ECGs from patients with serum potassium test
0-4 h after ECG

Keep ECGs from random 60% of patients
(development dataset)

Keep ECGs from patients with estimated glomerular
filtration rate <60 mL/min/1.73 m2a

No. of serum potassium tests per ECG
Exclude ECGs with left bundle branch block
If ≥ 1 serum potassium test

1 serum potassium test

Exclude ECGs in Florida or Arizona datasets if
from patients also in Minnesota dataset

Gaussian process to estimate
potassium level at time of ECG

If estimated potassium level ≥5.5
mEq/L then hyperkalemia ECG

Exclude ECG if potassium level closest to ECG
>5.3 mEq/L or <5.7 mEq/L
If potassium level ≥5.5 mEq/L
then hyperkalemia ECGa

If potassium level ≥5.7 mEq/L then hyperkalemia ECGb

Keep 1 ECG per patientc (validation dataset)

To convert potassium to millimoles per liter, multiply by 1.
a

b

Estimated glomerular filtration rate calculated from the Chronic Kidney
Disease Epidemiology Collaboration equation, using the mean serum
creatinine values within 24 hours prior to time of ECG recording.

c

Random ECG selected for Minnesota dataset. Most recent ECG selected
for Arizona and Florida datasets.

Given error in serum potassium, and to avoid potentially irrelevant

with different patient sociodemographics, extent of CKD, and
treatment patterns. The validation data sets were created as
per Figure 1B. For the Florida and Arizona data sets, any 12lead ECG recorded from January 1, 2013, through March 31,
2018, was obtained. The Minnesota data set was composed of
the previously partitioned original data set (30%). All ECGs
within 4 hours before a serum potassium draw were
identified.16 We included patients with stage 3 or greater CKD.
A priori, we excluded ECGs with left bundle branch block because of the concern that the peaking of T waves and the widening of the QRS complex that occurs with hyperkalemia could
be masked with a baseline left bundle branch block. If multiple ECGs were recorded within 4 hours of a potassium draw,
the ECG closest in time to potassium was selected. In total,
61 965 ECG-potassium pairs were used for validation.

Hyperkalemia
We defined hyperkalemia as a serum potassium value of at least
5.5 mEq/L (to convert to millimoles per liter, multiply by 1) because this is a commonly used cutoff to prompt treatment for
hyperkalemia.17,18 Several studies have shown a rapid increase in the risk of death as serum potassium levels exceed
5.5 mEq/L.3 The approach used to label hyperkalemia in the
development data set is described in the eMethods in the
Supplement. For validation, to avoid potentially irrelevant mis430

misclassification rates around hyperkalemia threshold, ECGs with serum
potassium greater than 5.3 mEq/L or less than 5.7 mEq/L were excluded.

classification rates around the 5.5-mEq/L threshold, an analysis of ECGs with serum potassium levels either 5.3 mEq/L or
less or at least 5.7 mEq/L was the focus of the analysis. The exclusion of ECGs with potassium levels near the threshold is
similar to a phase II biomarker design.19 The 0.2-mEq/L potassium laboratory draw error rate was estimated based on our
prior work.20

Statistical Analysis
The sample size for each validation data set was determined
to be 6133 ECGs and was based on the maximal sample size
needs of the area under the receiving operating characteristic
curve (AUC) (eMethods in the Supplement).
The DLM was evaluated at 2 operating points selected from
the development data set, one selected for equal sensitivity
and specificity and the other for high (90%) sensitivity. These
thresholds were applied to the validation data sets to characterize the sensitivity and specificity of the algorithm. Exact 95%
confidence intervals were used for all measures of diagnostic
performance except for AUC. The confidence interval for AUC
was determined based on Sun and Su optimization of the Delong method using the pROC package in R (R Foundation).21
Statistical significance for differences in patient characteristics was defined as a 2-sided P value of less than .05. Measures of diagnostic performance were summarized using
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Table 1. Baseline Characteristics of Development and Validation Data sets
ECGs
All
(n = 1 576 581)

Hyperkalemia
(n = 30 184)a

Not Hyperkalemia
(n = 1 546 397)

P Value

Men, No. (%)

875 002 (55.5)

18 533 (61.4)

856 469 (55.4)

<.001

Age, mean (SD), y

64.5 (15.8)

66.4 (15.4)

64.5 (15.8)

<.001

BMI, mean (SD)

29.2 (7.0)

29.1 (7.9)

29.2 (7.0)

.04

eGFR, mean (SD), mL/min /1.73 m2c

65.1 (27.3)

38.0 (26.5)

65.6 (27.0)

<.001

Characteristic
Development data set

Potassium, mean (SD), mEq/L

4.26 (.53)

5.85 (.43)

4.23 (.47)

<.001

ECGs with >1 serum potassium test, No. (%)d

371 681 (23.6)

16 395 (54.3)

355 286 (23.0)

<.001

Patients, No.
ECGs per patient, mean (SD)b
Validation data sets

449 380

19 243

430 137

<.001

3.51 (5.52)

1.65 (1.65)

3.46 (5.39)

<.001

Minnesota (n = 50 099)

Florida (n = 6011)

Arizona (n = 5855)

Men, No. (%)

26 552 (53.0)

3170 (52.7)

3276 (56.0)

NA

Age, mean (SD), y

69.0 (13.8)

71.6 (13.9)

72.2 (13.8)

NA

Race/ethnicity, No. (%)
White

NA

5077 (84.5)

5271 (9.0)

NA

Black

NA

650 (1.8)

193 (3.3)

NA

Asian

NA

103 (1.7)

91 (1.6)

NA

Other

NA

181 (3.0)

300 (5.1)

NA

BMI, mean (SD)e

29.2 (6.6)

28.6 (6.3)

28.4 (6.3)

NA

eGFR, mean (SD), mL/min/1.73 m2f

42.5 (13.8)

4.2 (16.4)

41.1 (16.1)

NA

eGFR <15 mL/min/1.73 m2, No. (%)

2908 (5.8)

499 (8.3)

406 (6.9)

NA

Potassium, mean (SD), mEq/L

4.3 (.6)

4.37 (.67)

4.45 (.62)

NA

Potassium, range, mEq/L

1.4-9.2

2.20-8.10

2.10-8.00

NA

Potassium ≥5.7 mEq/L, No. (%)g

1282 (2.6)

287 (4.8)

270 (4.6)

NA

Time to potassium test after ECG, mean (SD), h

0.89 (0.98)

0.84 (0.94)

0.69 (0.75)

NA

Abbreviations: BMI, body mass index (calculated as weight in kilograms divided
by height in meters squared); ECG, electrocardiogram; eGFR, estimated
glomerular filtration rate; NA, not applicable.

for race/ethnicity because it was not available.
d

When more than 1 serum potassium available within 12 hours prior and
12 hours after ECG, a Gaussian process was used to estimate potassium at time
of ECG recording.

SI conversion factor: To convert potassium to millimoles per liter, multiply by 1.
a

Hyperkalemia defined as serum potassium level associated with ECG ⱖ5.5
mEq/L.

e

Missing values: BMI values were missing for 11 786 patients from Minnesota,
518 patients from Florida, and 771 patients from Arizona.

b

For patients with more than 1 ECG in the data set, ECGs were recorded more
than 24 hours apart such that potassium values were not used as labels for
more than 1 ECG.

f

c

eGFR estimated by the Chronic Kidney Disease Epidemiology Collaboration
formula: 175 × (Scr)-1.154 × (Age)-0.203 × (0.742 if female), with no accounting

GFR estimated by Chronic Kidney Disease Epidemiology Collaboration for the
Rochester data set using the following formula: 175 × (Scr)-1.154 × (Age)-0.203 ×
(0.742 if female), with no accounting for race for the Minnesota data set.
Race/ethnicity was available and used for the Florida and Arizona data sets.

g

ECG excluded if potassium was more than 5.3 mEq/L or less than 5.7 mEq/L.

2-sided 95% confidence intervals. Analyses were computed
using software R, version 3.4.2 (R Foundation).

Results
The development data set included 1 576 581 ECGs, of which
30 184 (2.0%) were associated with a serum potassium value
of at least 5.5 mEg/L (Table 1). About 3.8% of all ECGs were
obtained from patients with end-stage renal disease (ESRD)
(estimated glomerular filtration rate [eGFR], <15 mL/min/
1.73 m 2 ). Hyperkalemia ECGs were more likely to be
recorded in patients who were older and men and who had
stage 3 or greater CKD.
Table 2 summarizes patient demographics from the 3 sites
of validation: Minnesota, Florida, and Arizona. Of the total
number of patients, 53% to 56% were men. Mean eGFR was
40.2 to 42.5 mL/min/1.73 m2. Mean time to serum potassium
jamacardiology.com

draw after ECG was 41 to 53 minutes. The patients were diverse from a racial/ethnic and kidney disease perspective. Mean
age was 69 years in Minnesota compared with 71 to 72 years
in Florida and Arizona. More than 10% of patients in Florida
were black (n = 650 of 6011) compared with 3.3% in Arizona
(n = 193 of 5855). Only 5.8% in Minnesota (n = 2908 of 50 099)
had ESRD compared with 6.9% (n = 406 of 5855) to 8.3%
(n = 499 of 6011) at the other sites. Fewer than 3% in Minnesota had hyperkalemia (n = 1282 of 50 099) compared with
4.6% (n = 270 of 5855) to 4.8% (n = 287 of 6011) in Florida and
Arizona, respectively.
The algorithm performed well in identifying hyperkalemia in the validation data sets (Table 3). For detection of hyperkalemia using ECG leads I and II, the DLM achieved an AUC
of 0.883 (95% CI, 0.873-0.893) in Minnesota; 0.860 (95% CI,
0.837-0.883) in Florida; and 0.853 (95% CI, 0.830-0.877) in
Arizona (Figure 2). The AUC was 0.02 to 0.03 higher using ECG
leads I, II, V3, and V5.
(Reprinted) JAMA Cardiology May 2019 Volume 4, Number 5
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Table 2. Validation Data Set Performance for Hyperkalemia From 2 and 4 Leads of the ECG
Value (95% CI)
2-Lead ECGa
Validation Data Set

4-Lead ECGb

Sensitivity = Specificity

High Sensitivityc

Sensitivity = Specificity

High Sensitivity

Minnesota (n = 50 099)
AUC

0.883 (0.873-0.893)

0.883 (0.873-0.893)

0.901 (0.892-0.911)

0.901 (0.892-0.911)

Sensitivity, %

79.9 (77.6-82.0)

90.2 (88.4-91.7)

81.3 (79.0-83.4)

89.3 (87.5-91.0)

Specificity, %

81.3 (80.9-81.6)

63.2 (62.7-63.6)

84.2 (83.9-84.5)

70.0 (69.6-70.4)

NPV, %

99.4 (99.3-99.4)

99.6 (99.5-99.7)

99.4 (99.3-99.5)

99.6 (99.5-99.7)

PPV, %

10.1 (9.5-10.7)

6.0 (5.7-6.4)

11.9 (11.2-12.6)

7.2 (6.8-7.7)

Florida (n = 6011)
AUC

0.860 (0.837-0.883)

0.860 (0.837-0.883)

0.885 (0.863-0.907)

0.885 (0.863-0.907)

Sensitivity, %

80.5 (75.4-84.9)

91.3 (87.4-94.3)

84.0 (79.2-88.0)

92.3 (88.6-95.1)

Specificity, %

75.2 (74.0-76.3)

54.7 (53.4-56.0)

77.1 (75.8-78.0)

60.5 (59.2-61.7)

NPV, %

98.7 (98.3-99.0)

99.2 (98.8-99.5)

99.0 (98.6-99.2)

99.4 (99.0-99.6)

PPV, %

14.0 (12.3-15.7)

9.2 (8.1-10.3)

15.4 (13.7-17.3)

10.5 (9.3-11.7)

Arizona (n = 5855)

Abbreviations: AUC, area under the
receiver operating characteristic
curve; ECG, electrocardiogram;
NPV, negative predictive value;
PPV, positive predictive value.

AUC

0.853 (0.830-0.877)

0.853 (0.830-0.877)

0.880 (0.860-0.901)

0.880 (0.860-0.901)

Sensitivity, %

78.1 (72.7-82.9)

88.9 (84.5-92.4)

82.6 (77.5-86.9)

92.6 (88.8-95.4)

a

2-Lead ECG using leads I and II.

Specificity, %

75.3 (74.1-76.4)

55.0 (53.7-56.3)

77.0 (75.9-78.1)

60.3 (59.0-61.6)

b

NPV, %

98.6 (98.2-98.9)

99.0 (98.6-99.3)

98.9 (98.6-99.2)

99.4 (99.1-99.6)

4-Lead ECG using leads I, II, V3,
and V5.

c

PPV, %

13.3 (11.6-15.0)

8.7 (7.7-9.8)

14.8 (13.0-16.7)

10.1 (9.0-11.4)

Operating point at sensitivity
of 90%.

Table 3. Confusion Matrix for Classification of Hyperkalemia, Deep-Learning Model vs Serum Potassium
No. (%)a
True Positiveb

False Positive

False Negative

True Negative

Accuracyc

SN = SP, 2 ECG leads

1032 (2.1)

9578 (19.1)

250 (0.5)

39 239 (78.3)

40 271 (80.4)

SN90, 2 ECG leads

1153 (2.3)

17 809 (35.5)

129 (0.3)

31 008 (61.9)

32 161 (64.2)

SN = SP, 4 ECG leads

1058 (2.1)

8495 (17.0)

224 (0.4)

40 322 (80.5)

41 380 (82.6)

SN90, 4 ECG leads

1153 (2.3)

15 372 (30.7)

129 (0.3)

33 445 (66.7)

34 598 (69.0)

Validation Data Set
Minnesota (n = 50 099)

Florida (n = 6011)
SN = SP, 2 ECG leads

225 (3.7)

1374 (22.9)

62 (1.0)

4350 (72.4)

4575 (76.1)

SN90, 2 ECG leads

262 (4.4)

2499 (41.6)

25 (0.4)

3225 (53.6)

3487 (58.0)

SN = SP, 4 ECG leads

239 (4.0)

1308 (21.8)

48 (0.8)

4416 (73.4)

4655 (77.4)

SN90, 4 ECG leads

263 (4.4)

2149 (35.7)

24 (0.4)

3575 (59.5)

3838 (63.9)

SN = SP, 2 ECG leads

209 (3.6)

1322 (22.6)

61 (1.0)

4263 (72.8)

4472 (76.4)

SN90, 2 ECG leads

237 (4.0)

2434 (41.6)

33 (0.6)

3151 (53.8)

3388 (57.8)

SN = SP, 4 ECG leads

223 (3.8)

1275 (21.8)

47 (0.8)

4310 (73.6)

4533 (77.4)

SN90, 4 ECG leads

249 (4.3)

2095 (35.8)

21 (0.3)

3490 (59.6)

3739 (63.9)

Abbreviations: SN, sensitivity,
SP, specificity; SN90, sensitivity at
90%; ECG, electrocardiogram.
SI conversion factor: To convert
potassium to millimoles per liter,
multiply by 1.
a

Percentage value is value divided by
the total sample size.

b

Hyperkalemia defined as serum
potassium ⱖ5.5 mEq/L.

c

Accuracy calculated as number of
true positives and true negative
divided by total sample size.

Arizona (n = 5855)

Using the operating point with equal sensitivity and specificity, for ECG leads I and II, the DLM’s sensitivity and specificity were 79.9% (95% CI, 77.6%-82.0%) and 81.3% (95% CI,
80.9%-81.6%) in Minnesota; 80.5% (95% CI, 75.4%-84.9%) and
75.2% (95% CI, 74.0%-76.3%) in Florida; and 78.1% (95% CI,
72.7%-82.9%) and 75.3% (95% CI, 74.1%-76.4%) in Arizona.
Given the less than 5% prevalence of hyperkalemia, these findings correspond to a negative predictive value of 98.6% to
99.4% across the validation data sets.
The operating point with high sensitivity reflects an
output that would be used for a screening tool. The algorithm’s sensitivity and specificity for validation were 90.2%
(95% CI, 88.4%-91.7%) and 63.2% (95% CI, 62.7%-63.6%)
432

in Minnesota; 91.3% (95% CI, 87.4%-94.3%) and 54.7%
(95% CI, 53.4%-56.0%) in Florida; and 88.9% (95% CI,
84.5%-92.4%) and 55.0% (95% CI, 53.7%-56.3%) in Arizona.
These findings correspond to a negative predictive value of
99.0% to 99.6%.
We evaluated algorithm performance after adjusting for
age, sex, race/ethnicity, eGFR, and body mass index to
ensure consistency across a wide range of putative confounding variables (eTable 1 in the Supplement). The DLM
had significantly better performance than use of patient
demographics alone to detect hyperkalemia; the addition of
patient demographics did not significantly improve the
DLM’s performance (eFigure 2 in the Supplement).
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Figure 2. Validation Data Set Performance for Hyperkalemia
From Lead I and II of the Electrocardiogram
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The number of false-positive, false-negative, truepositive, and true-negative results for each model, as well as
accuracy, is presented in eTable 3 in the Supplement. Between 50% and 70% of patients in the validation data sets did
not have hyperkalemia predicted by the DLM, with less than
1% of all test results being false-negative; on the other hand,
up to 42% of all test results were false-positive. For the DLM
using 2 ECG leads and the high sensitivity operating point, we
performed a medical record review of the 58 patients from the
Florida (n = 25) and Arizona (n = 33) validation data sets with
false-negative results. The median blood potassium was 5.9
mEq/L (range, 5.7-7.2, mEq/L). Of these patients, 34 (59%) were
hospitalized, 18 (31%) had diabetes, 9 (16%) had ESRD, and in
8 (14%), the ECG demonstrated atrial fibrillation. A subsequent blood potassium measurement within 8 hours was less
than 5.5 mEq/L in 30 patients (52%). Eight patients (14%) were
treated for hyperkalemia. Two patients (3%) had platelet counts
greater than 500 ×103/μL (to convert to ×109/L, multiply by 1)
and in 1 patient (2%), the blood sample was hemolyzed.
We performed a sensitivity analysis with the exclusion of
data from patients with ESRD (eTable 2 in the Supplement) because there are several case reports demonstrating that the
usual electrocardiographic manifestations of hyperkalemia are
less frequent in persons with ESRD.22 The exclusion of data
from patients with ESRD, which decreased the validation sets’
size by 10%, did not substantially change the AUC.
Additional sensitivity analyses were conducted with all patients with CKD but with no potassium range exclusion
(eTable 3 in the Supplement). The inclusion of all ECGs and serum potassium values decreased the AUC across all models by
0.02 to 0.04; with a higher prevalence of hyperkalemia, the
positive predictive value increased by 3 to 5 percentage points.

Original Investigation Research

0.6

0.4

0.2

0
1.0

0.8

0.6

0.4

0.2

0

Specificity
C

Discussion

Arizona
1.0

jamacardiology.com

0.8
AUC: 0.853 (95% CI, 0.830-0.877)

Sensitivity

In patients with CKD, hyperkalemia is common and life
threatening.23,24 On average, patients with CKD spend up to
9% of their time with serum potassium levels 5.5 mEq/L or
greater. 2 The 1-day odds of mortality are up to 13 times
higher for patients with CKD with outpatient serum
potassium levels of at least 6.0 mEq/L compared with
patients without CKD with potassium levels of less than 5.5
mEq/L.3 Although treatments for hyperkalemia are effective
and readily available, 2 5 including the US Food and
D r u g Ad m i n i s t r at i o n – a p p rove d p o t a s s i u m b i n d e r s
patiromer26 and zirconium cyclosilicate,27 the diagnosis of
hyperkalemia, particularly outside of the hospital or clinic, is
challenging because patients are often asymptomatic, and
guideline-directed blood potassium monitoring is severely
underperformed. The ability to noninvasively screen for
hyperkalemia using ECG data would represent a major
advance in patient care of this life-threatening condition.
In training and validating using a retrospective database
of more than 1.6 million ECGs, the DLM had a high AUC of 0.853
to 0.901 for identifying hyperkalemia among patients with CKD
from 2 or 4 ECG leads. The model was robust across diverse
patients, geography, and year. At a high-sensitivity operating
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AUC indicates area under the receiver operating characteristic curve.

point, the DLM performed well as a potential screening tool
to rule out hyperkalemia, with a negative predictive value
greater than 99%. The model performance was better than
other common screening tests, such as mammography for
breast cancer (AUC, 0.78, positive predictive value, 3%-12%)28
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and stool DNA testing for colorectal cancer and advanced precancerous lesions (AUC, 0.73).29 For patients with CKD with a
clinical indication for serum potassium evaluation, such as with
RAAS inhibitor medical management, the application of artificial intelligence to the ECG may enable noninvasive screening for hyperkalemia.
A prospective study is warranted to determine the association of the DLM in patients with the most to gain from improvements in the state-of-art hyperkalemia detection: those who
take RAAS inhibitors (including ACE inhibitors, angiotensin receptor blockers, and mineralocorticoid receptor antagonists
[MRAs]), of whom only 10% receive comprehensive guidelinerecommended potassium monitoring.7 In patients with heart failure, MRAs reduce cardiovascular mortality, but only a small
fraction (less than one-third of eligible patients) receive them at
hospital discharge.30 A heightened fear of MRA-associated hyperkalemia and hyperkalemia-associated mortality31 and the
complex potassium monitoring requirements for MRA initiation
and titration6 are 2 potential reasons for underuse. A DLM that
enables noninvasive potassium monitoring could assuage the
fears of health care clinicians and enable more patients with CKD
with heart failure to receive target doses of MRAs and other
guideline-recommended medications, potentially improving care
and outcomes.
This DLM used 2- or 4-lead ECG inputs from a traditional,
supine 12-lead ECG in the clinic or hospital setting. It remains
to be determined whether algorithm performance would be
similar using other ECG inputs, such as from a 2-lead ambulatory ECG device, where the signal-to-noise ratio is lower, and
in other settings such as the home; a DLM with this application would be convenient and patient friendly.15 For those
patients with a clinical indication for blood potassium monitoring, such as patients with CKD taking RAAS inhibitors, a nothyperkalemia result would reassure patient and physician of
the absence of hyperkalemia, therefore avoiding a blood test.
A hyperkalemia result would prompt a confirmatory and already clinically indicated serum potassium draw.
To our knowledge, this is the first deep-learning approach to evaluation of potassium levels from the ECG. Previous approaches have used standard regression models to
estimate potassium and have highlighted the importance of
T-wave width, T-wave amplitude, and descending T-wave slope
as predictors of hyperkalemia.16,32 In contrast with traditional statistics methods, DLMs do not offer algorithmic transparency: we are unable to understand precisely how the algorithm’s heuristic arrived at its final destination. To try to
understand how the DNN builds up its understanding of images for hyperkalemia over many layers, we performed feature visualization on the mean ECG beat33-35 (eFigure 3 in
the Supplement); sometimes, expected changes in QRS and
T-wave morphology were seen. In other high-probability
visualizations, QRS and T-wave features were not present because there are features the DNN extracts that surpass human visualization.

Limitations
Our work is best understood in the context of its limitations.
The data used were retrospective, and we did not have access
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to clinical data such as medication use and medical history.
However, given that the network was trained using data from
nearly 450 000 patients over 23 years, it is highly likely that
most drugs and disease states were represented in the training set, ensuring robustness. This is supported by performance from 3 validation sets composed of geographically and
racially/ethnically diverse populations. Furthermore, we evaluated algorithm performance after adjusting for age, sex, race/
ethnicity, eGFR, and body mass index, and the association of
the DLM output with serum hyperkalemia did not substantially or significantly change in the multivariable logistic regression analysis (eTable 1 in the Supplement).
Because the DLM was developed and validated using
12-lead ECG data in the clinic/hospital setting, additional, prospective testing is required to analyze the performance of the
DLM using ECG data inputs in the home setting and, importantly, to determine whether the model improves hyperkalemia detection, care, and outcomes.
Hyperkalemia is often present in the setting of acute CKD.
The DLM does not offer an analysis of renal function. However, the patients who most likely require an assessment of renal function are those patients with possible hyperkalemia, for
whom the envisioned screening test would require a confirmatory blood test that typically includes renal function in addition to potassium level.
As a proposed screening test, of highest clinical concern
for the DLM is false-negative results, in which the DNN predicts normokalemia, but blood tests show hyperkalemia; in
this situation, the ECG test result may lead to false reassurance and undertreatment of life-threatening hyperkalemia.
However, it is important to acknowledge that false-negative
results may not necessarily be false because the ECG-based
test, which depends on the response of cardiac tissue to
blood potassium levels, is more physiologic than chemistrybased blood tests; an ECG-derived potassium level may be
more germane to health and arrhythmia risk than the blood
test. Another possibility is that there may have been errors in
the blood tests in these patients, leading to falsely elevated
potassium test results despite normokalemia. The ECGbased tests are not susceptible to mechanical, temperature,
contamination, or the other potential errors associated with
processing blood. One study found that 30.2% of patients
with normokalemia had a pseudohyperkalemic blood test
result. 20 In false-negative patients, the medical record
review suggested that 3 of 58 patients may have had spuriously elevated potassium blood test results owing to thrombocytosis or hemolysis. Among 52% of patients with a DLM
false-negative result, a subsequent potassium measurement
within 8 hours was less than our 5.5 mEq/L threshold, often
without specific treatment.
Finally, the DLM is a screening test with low specificity,
with upwards of 42% false-positive results, which may cause
anxiety and inconvenience for patients. The risk of falsepositive results will also increase over time with repeated
testing. There are several potential strategies to reduce falsepositive results. A personalized DLM, trained on multiple ECGpotassium pairs from a person, could improve specificity, but
we did not have enough repeated measures data to develop
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such a model. Additional refinement of the ECG-based exclusion criteria for the DLM, such as left ventricular hypertrophy
with severe repolarization abnormalities, may help reduce the
likelihood of a false-positive result. Further investigation is
needed to identify these and other risk factors for falsepositive results. Finally, when a possible hyperkalemia result
does occur, whether a true-positive or false-positive result, the
education and communication of the results, as well as the
messaging of the instructions for repeated ECG-based or subsequent lab testing, will be of the utmost importance.
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