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Introduction
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Electrocardiogram (ECQG)

e Abbreviated as “ECG” or “EKG”

e Records electrical activity of the heart using electrodes
o  Generally, 10 electrodes are placed on the body to generate 12 leads
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Sepsis

e Infection-induced syndrome with life-threatening organ dysfunction [5]
o Increase in Sequential Organ Failure Assessment (SOFA) score of 2 or more points
m  Criteriabased on statuses of:
e  Respiration
Coagulation
Liver
Cardiovascular system
Renal function
e  Central nervous system
m  qSOFA for bedside care
e Septic Shock
o  Subset of sepsis with profound circular, cellular, and metabolic abnormalities and higher risk of mortality
m Despite adequate fluid resuscitation, vasopressors needed to maintain Mean Arterial Pressure >=
65mm Hg, and serum lacatate level > 2 mmol/L [5]
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Sepsis

e Riskstratification for sepsis-induced organ dysfunction is difficult because of its heterogeneity.
e Information to compute SOFA may not be immediately available for patients that require care [5].
e Continuous ECG recording is often available for patients in intensive care
o  May be useful to identify those at risk of decompensating to septic shock
o  Structuring multi-lead ECG data as a higher-order tensor can:
m  Preserve the data’s structure
m  Preventloss of information that can occur in traditional machine learning
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A third-order tensor: X € RIXJxK

Image adapted from [3]
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Tensor Analysis

e Why usetensors?
o  Traditional learning methods (RF, SVM, LDA) flatten information into vectors
] Loss of information, structure
m Difficulty seeing interactions among features with respect to time
e Therefore, represent heterogeneous data in sepsis dataset as a tensor
o  Preventloss of information
o Preserve structure
o  View changes and interactions among features over time
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Goals

e The project discussed here is a first step in this research:
o  Development of a tensorial data classification method
o  Testing the method using publicly available ECG data
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Generating Tensors

e Use publicly available Physionet PTB database [1,4]
o  12-lead ECG recordings from 216 unhealthy subjects, 52 healthy controls
m  Unhealthy cases include myocardial infarction, cardiomyopathy, dysrhythmia, etc.
e Processeach 12-lead sample
o  Selectsignals >= 90 seconds
o  Crop ECGsignalsto 90 seconds in length
m 129 unhealthy, 24 healthy
Remove noise and baseline wander with Butterworth filter
Add specified level of Gaussian noise
Apply Taut String [2] with 5 specified parameter values
Extract 6 features from taut string approximation
Yield 12 x 5 x 6 tensor
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Tensor Classification:
Kempf-Ness Multilinear Discriminant Analysis (KNMDA)

e Foreachclass, solve the minimization problem:

argmin(Y, [|(4, B, €) - X;1I?)
(A,B,C)

e Wecaninterpret group action via (A, B, C) as a change of coordinates for centered tensorsin a

given class
o Iterate solving for A, B, C until the norm is reduced beyond a specified tolerance level, or a maximum number
of iterations is reached
e To perform classification on a new tensor Z of unknown class:
o  Compute d = H(4 B.C) - (Z — X)|| for each class
o  Assign Zto the class that generates the smallest distance

10



BCIL

/W \-

iomedical & Clinical Informatics Lab

Classification of Tensors Extracted from ECG

Method Clean SNR = -10 SNR =-30
KNMDA 0.94 (0.03) 0.92 (0.03) 0.88 (0.04)
DATEReig 0.90 (0.04) 0.81 (0.06) 0.80 (0.06)
DATER 0.90 (0.04) 0.83(0.05) 0.82 (0.04)
CMDA 0.91(0.03) 0.80 (0.08) 0.79 (0.07)
ManTDA 0.87 (0.05) 0.72(0.10) 0.70 (0.12)
SVM 0.91(0.03) 0.85 (0.006) 0.85 (0.05)
LDA 0.68 (0.07) 0.59 (0.07) 0.56 (0.07)
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Results

Over thirty iterations, our KNMDA method obtained average area under the receiver operating
characteristic curve (AUC) of 0.94 (SD 0.03), an improvement compared to linear SYM with 0.91 (0.03)
and LDA with 0.68 (0.07) with no additional noise. When signal-to-noise ratio of the ECG signal was
changed to -10, KNMDA achieved average AUC of 0.92 (0.03), compared to SVM with 0.85 (0.06) and

LDA with 0.59 (0.07).
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Impact

The results show that our proposed method can outperform existing ones when using real ECG data. We
can therefore apply this method to our larger goal of improving risk-stratification for septic patients, to
augment physician decision-making and improve patient care.
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