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Abstract

Objective: Optimizing peri-operative fluid management has been shown to improve patient
outcomes and the use of stroke volume (SV) measurement has become an accepted tool to guide
fluid therapy. The Transesophageal Doppler (TED) is a validated, minimally invasive device that
allows clinical assessment of SV. Unfortunately, the use of the TED is restricted to the intra-
operative setting in anesthetized patients and requires constant supervision and periodic
adjustment for accurate signal quality. However, post-operative fluid management is also vital for
improved outcomes. Currently, there is no device regularly used in clinics that can track patient’s
SV continuously and non-invasively both during and after surgery.

Methods: In this paper, we propose the use of a wearable patch mounted on the mid-sternum,
which captures the seismocardiogram (SCG) and electrocardiogram (ECG) signals continuously to
predict SV in patients undergoing major surgery. In a study of 12 patients, hemodynamic data was
recorded simultaneously using the TED and wearable patch. Signal processing and regression
techniques were used to derive SV from the signals (SCG and ECG) captured by the wearable
patch and compare it to values obtained by the TED.

Results: The results showed that the combination of SCG and ECG contains substantial
information regarding SV, resulting in a correlation and median absolute error between the
predicted and reference SV values of 0.81 and 7.56 mL, respectively.
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Significance: This work shows promise for the proposed wearable-based methodology to be
used as an alternative to TED for continuous patient monitoring and guiding peri-operative fluid
management.
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l. INTRODUCTION

Peri-operative fluid management has been shown to impact clinical outcomes including
reducing the duration of hospital and/or intensive care unit (ICU) stays. Achieving and
maintaining optimum fluid status is clinically challenging, especially since physiologic
alterations associated with surgery may complicate interpretation of routine parameters.
Clinicians often rely on additional hemodynamic parameters, such as stroke volume (SV), to
guide peri-operative fluid management [1-8]. Several studies have demonstrated the
advantages of fluid management by administering crystalloids or colloids to maintain SV
within 10% of baseline [9-11].

In the last decade, hemodynamic monitoring at the bedside has been evolved remarkably
both in the operating room and ICU. The most significant progression has been the declining
use of the pulmonary artery catheter and increasing adoption of continuous, real time and
less invasive monitoring techniques [12]. Today, a commonly used tool for SV estimation in
the operating room is the Transesophageal Doppler (TED) which measures blood flow
velocity in the descending thoracic aorta [9, 11]. Although the TED is generally considered
to be sufficiently accurate for fluid management intra-operatively, it has some disadvantages.
It requires general anesthesia or deep sedation and therefore must be removed on emergence.
In addition, it requires periodic repositioning and constant supervision by an experienced
professional. Surgical patients often experience significant alterations in volume status post-
operatively, however the TED is not a valid monitor in those situations for these reasons [1,
13]. There is therefore a clinical need for a non-invasive alternative to the TED, that could be
used for monitoring SV in patients during the entire peri-operative period.

Although multiple technologies for non-invasive SV prediction have been described in the
literature, none is suitable for use in the pre-, intra- and post-operative settings. Impedance
cardiography (ICG) involves placing 4-8 electrodes on the thorax, sending a small electrical
current into the body and measuring the subsequent voltage drop to compute thoracic
impedance changes resulting from aortic ejection of blood. While ICG has been
demonstrated to be accurate for SV estimation in some settings, the accuracy is limited in
patients with low cardiac output, subjects with high body mass index, and can be
confounded by other fluids in the thoracic cavity (e.g., edema) [14-17]. Volume-clamping
based continuous blood pressure measurement technologies have also been implemented
with empirical algorithms for estimating SV, however their accuracy has typically been
shown to be low in large studies [18-21]. Ballistocardiography (BCG) based techniques,
quantifying whole-body movements in response to the blood movement in the vascular tree,
have been investigated as well for SV estimation; however, such techniques require
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cumbersome beds or tables and are thus not well-suited to clinical settings and cannot be
applied readily to ambulatory settings [22, 23].

In this study, our primary aim was to develop an alternative to TED, which can track a
patient’s SV continuously and non-invasively both during and after surgery. Our group has
previously developed [24] and studied a wearable patch for ambulatory monitoring in heart
failure patients and found that it accurately reflects changes in clinical status [25, 26]. In this
proof of concept study, we investigated the feasibility of estimating SV with our wearable
patch that measures the seismocardiogram (SCG) and electrocardiogram (ECG) signals in
patients undergoing major gynecologic oncology surgery. To achieve this, an end-to-end
signal processing and regression-based prediction algorithm using the features extracted
from the patch signals was presented. The TED was used as a reference standard against
which the estimates from the wearable patch could be compared. With such a mapping
function, the wearable patch is expected to enable non-invasive and continuous
hemodynamic monitoring and guide fluid management throughout the entire peri-operative
phase.

II. STUDY DESIGN AND SUBJECT DEMOGRAPHICS

This project was conducted under a protocol approved by the Northwestern University
Institutional Review Board (STU00204403, approved on 1/18/2017) and all subjects
provided written consent. A total of 12 female subjects (Age: 52.0+10.1, Weight:
79.2+23.2kg, Height: 162.6+5.4 cm) undergoing major intra-abdominal gynecological
oncology surgery participated in the study. The peri-operative care of all subjects was based
on the Institutional Enhanced Recovery (ERAS) Protocol for Gynecologic Oncology
patients. The protocol included pre-operative hydration and multimodal analgesia. The
wearable patch was applied pre-operatively, to the anterior chest of the subject at the mid-
sternal level. All patients received an opioid sparing total intravenous anesthetic. The TED
was inserted following tracheal intubation. The intravenous fluid therapy protocol was based
on the ERAS protocol, guided by the Doppler parameters to maintain an SV greater than 70
mL/beat. Upon emergence from anesthesia, the endotracheal tube and the TED were
removed in all subjects. Additionally, post-operative analgesia, intravenous fluid therapy,
oral intake and physical activity were based on the ERAS protocol in all subjects.

A. Transesophageal Doppler (TED)

Following endotracheal intubation, the TED (CardioQ-ODM, Deltex Medical, Greenville,
SC) was inserted into the esophagus of the subject by an experienced practitioner. Once the
appropriate Doppler signal and waveform were obtained, monitoring commenced [9, 27].
Windows (30 second length) of the resulting velocity-time waveform were used to calculate
various parameters such as mean acceleration, peak velocity, and stroke distance. SV was
calculated from the TED waveform by multiplying the distance a column of blood moves
along the aorta at each left ventricular contraction (stroke distance) with a calibration
constant (the approximate area of the aorta based on patient age, weight and height).
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B. Wearable Patch

The custom wearable patch, which is shown in Fig. 1(a), was applied to the anterior chest of
the subject at the mid-sternal level using three Ag/AgCIl ECG adhesive-backed gel electrodes
(Red Dot 2560, 3M, Maplewood, MN). It weighs 65 grams and has a diameter of 10 cm,
which does not make the subjects uncomfortable during data collection. To capture the ECG,
an analog-front-end (AFE) integrated circuit (IC) with on board analog-to-digital converter,
ADC, (ADS1292 Texas Instruments, Dallas, TX), which connects to these three electrodes,
was used. Each electrode corresponds to either the positive reference, negative reference, or
right-leg drive.

While the ECG waveform measures the electrical activity of the heart, the SCG waveform
assesses the mechanical motions and corresponds to the local thoracic vibrations originating
from the contraction of the heart and ejection of blood from the ventricles. An SCG
waveform is generated for each contraction, which is characterized by several peaks and
valleys. A tri-axial ultralow noise accelerometer (ADXL355, Analog Devices, Norwood,
MA\) is used to capture the SCG signals in lateral (X-axis), head-to-foot (Y-axis) and dorso-
ventral (Z-axis) directions. SCG components each having a specific morphology, can be
observed in all three axes as shown in Fig. 1(b), [23, 28].

The patch includes an ATSAM4LS8B (Microchip Technology, Chandler, AZ) to sample all
sensors (ECG at 1kHz and the accelerometer at 500 Hz) and to save the data to an on-board
microSD card. When interfaced with a computer through a microUSB port, HeartPulse App
(Department of Anesthesiology, Northwestern University, Chicago, IL) communicates with
the microcontroller to download and subsequently delete the data on the microSD card.
Additionally, the inserted microUSB interfaces with the battery charger (BQ24232RGTR,
Texas Instruments) to charge the 150 mAh battery. The battery life of the patch is
approximately 48 hours, which is more than adequate to record the data for the entirety of
most surgeries and the first post-operative day.

C. Pre-processing and Signal Segmentation

The SCGyy,, and ECG signals were filtered using finite impulse response (FIR) Kaiser-
window band-pass filters (1-45 Hz and 0.5-40 Hz, respectively) to reduce the motion
artifacts while preserving the shape of the signals. These cut-off frequencies were
determined based on the existing literature [29, 30]. With these cut-off values, low frequency
noise caused by respiratory chest wall movements was also attenuated as these movements
are usually observed below 0.5 Hz [31, 32]. In addition to the SCGyy,, signals, the total
acceleration magnitude, SCGqqtq), Was calculated using the formula

\/SCGﬁ(t) +SCGy(r) + SCG3(1), where SCG(#), SCGy(#) and SCG,(# represent the

acceleration measured in the X, Y, Z directions at time instant #(Fig. 1(b)). This new signal
represents the total physical activity of the heart by assessing the spatial curve of the
displacement vector instead of separating the vector space into individual axis components
[30, 33]. The TED and patch clocks were aligned using the corresponding timestamps in the
stored data. The heart rate (HR) and SV values were obtained from the TED as the reference
values. Since the TED averages and updates the HR and SV every 30 seconds, the

SCGyy,z total and ECG signals obtained from the wearable patch were processed in a similar
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manner. The ECG and SCGyy, 7 total Signals were split into 30 seconds long segments to
ensure coherence with the TED measurements (Fig. 2).

The first 20 minutes (data recorded during pre-incision) was considered as baseline or pre-
incision data. For the intra-operative data, the patch signals were segmented into non-
overlapping segments in accordance with the TED clock as previously explained (Fig. 2).
The average number of intra-operative data points was 228+128 (min:62, max:418). The
differences between the number of data points were due to either the varying length of the
surgeries or loss in TED/patch signals. For the pre-incision data, a different signal
segmentation method was employed to increase the number of instances. As the TED
updates the SV and HR values every 30 seconds, there were 40 data points in each of the
pre-incision SV and HR vectors. Cubic spline interpolation was applied on these SV and HR
vectors in order to artificially increase the number of data points. Cubic spline interpolation
was chosen as it has been found to be an effective and computationally efficient method in
the literature [34, 35]. It fits a series of unique cubic polynomials between adjacent pairs of
points, so that a smooth and continuous curve is obtained [36]. From the interpolated SV and
HR curves, equally spaced data points were obtained to increase the frequency of the SV and
HR readings. The interval was selected as 3 seconds, so that the reference SV and HR values
could be updated every 3 seconds, rather than every 30 seconds. The pre-incision

SCGyy,z total and ECG signals were segmented in accordance with these interpolated SV and
HR values. A moving 30 seconds long window with 90% overlap (i.e. step size of 3 seconds
for coherence with the interpolated SV and HR values) was applied on the SCGy y ; tota) @nd
ECG signals to obtain the segments (Fig. 3).

Extraction

The R-peaks of the ECG were detected using a simple peak detection algorithm within each
segment. The peaks were used to extract individual beats of the SCG in each of the three
axes. These beats were then truncated to a length of 600 ms and ensemble averaged to
produce a single averaged beat, or frame, per each segment for all three directions [37].
Additionally, for each segment, the average R-R interval duration (tgg) was calculated using
the ratio 60 / trg to obtain the average HR in beats per minute (bpm). These HR values were
compared with the reference HR values obtained from the TED, and any 30 seconds-long
segment was discarded from the analysis unless the reference and calculated average HR
values were in 10% agreement.

SCG signals are characterized by several peaks and valleys, which are labeled in Fig. 1(b)
based on their corresponding physiological events: MC (mitral valve closure), IVC
(isovolumetric contraction), AO (aortic valve opening), RE (rapid ejection), AC (aortic valve
closure), MO (mitral valve opening), and RF (rapid filling) [23]. In the current analysis, the
peaks or valleys were not matched with specific cardiac events as the cardiac events points
are subject specific and prone to instability. Such instability may occur because, 1) SCG
signals have high inter-subject variability and it is not always possible to detect these points
accurately, 2) SCG signal morphology may change depending on the position of the subject
or the location of the patch, 3) The current data set consists of subjects undergoing surgery
rather than healthy subjects, and thus the subjects’ physiological state is not as stable as for
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healthy subjects. Thus, there was a need to account for instability of the signal morphology
in the proposed methodology [28, 38]. Accordingly, rather than putting emphasis on specific
physiological points (AO, MC, etc.), the methods in the literature were followed [37, 39] and
a new feature set was defined consisting of maxima and minima points of the signal (instead
of matching the peaks or valleys with underlying physiological events).

A total of 65 features were extracted for the analysis (Table I): 64 of these features were
from the SCGyy 7 total frames, i.e. 16 features were extracted from each SCG signal. These
features included maxima-minima amplitudes and locations, powers, and peak-to-peak
amplitudes. As the final feature, calculated average HR values were used. All features were
stored in a matrix, and the same feature extraction procedure was repeated for each subject.
For " subject, we denote the feature matrices obtained from the pre-incision and intra-
operative data by B, and S,, respectively. A sample feature matrix is shown in Fig. 2. In
these feature matrices, each row corresponds to a 30 seconds-long segment, and is of the
form: (F; v)), where F;i= (X1, Xj2, ---, Vj1, Vj2s -1 Zj1s Zj25 -+ b1, G2, -, HR) are the 65
features extracted as described in the previous section, and v;is the SV values we obtained
from the TED.

E. Regression Model and Validation

Random forest-based regression was used to estimate SV values as it can achieve high
accuracy without overfitting. In this method, rather than relying on a single tree, multiple
trees are bootstrapped by using randomized subsets drawn from the original dataset. The
trees are trained in parallel independently and their final predictions are averaged to obtain
the predicted target value [40, 41]. During the training phase, the model learned the
relationship between the reference SV values and extracted features. This trained model was
then used to predict the SV values for the incoming unseen segments.

The model was validated using leave-one-subject-out cross-validation (LOSO-CV). The
feature matrices obtained from each subject from the pre-incision and intra-operative data
were called as B, and S, respectively. In each fold /, we left the intra-operative data (S))
from the 77 subject out and trained our model using the remaining S,, where 7% / and all
pre-incision data (B ). This effectively simulates the clinical scenario of requiring a
calibration period with TED B after which time the TED would no longer be required intra-
or post-operatively. The combination of these matrices and the corresponding SV values
were the training data and training targets, respectively. The model was then tested on S;and
the predicted SV values were stored. A simplified representation of the proposed LOSO-CV
framework is presented in Fig. 4. The same procedure was repeated for each subject.

The correlation coefficient (r-value) and the median absolute error (MedAE) between the
reference and predicted SV were computed to assess the performance of the model. Beyond
correlation, Bland-Altman methods were used to quantify the agreement between the SCG-
based SV values and the reference standard values from TED [42]. Although a Bland-
Altman plot presents the bias and limits of agreement, it does not provide direct information
on whether the difference between the reference and predicted values is clinically
acceptable. The most important reason is inter-subject variability, i.e. one limit of agreement
might be acceptable for a subject with high SV, but it may be too high for a subject with low
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SV [43]. One of the methods to overcome this problem is to calculate the percent error (PE)
for each subject, i.e. dividing the limits of agreement by the mean reference SV value [43,
44]. This error should be within £30% to consider the new method as “interchangeable”
with the reference method. It should be noted that in this study, rather than using the limits
of agreement across all subjects, each subject’s own limits of agreement and mean reference
SV value were used to remove the effect of inter-subject variability. In the MedAE
calculation, first the prediction error, i.e. the difference between the reference and predicted
SV values of all segments from all subjects, was calculated. Then the absolute value of the
errors was computed, and their median was calculated. This yielded the MedAE of the
model. MedAE was selected rather than mean error to reduce sensitivity of the assessment to
outliers.

F. Elucidating Mechanistic Insight Regarding Stroke Volume Correlations to SCG

The analysis pipeline was built using the features from both SCG and ECG signals as
explained in the previous section. To show that SV prediction would benefit from an electro-
mechanical approach rather than relying only on electrical or mechanical schemes, different
models were trained using: (i) features from SCG axes (only mechanical), (ii) features from
ECG, i.e. HR (only electrical), and (iii) features from SCG axes and ECG together (the
electro-mechanical approach presented in the previous section). Then the performance
metrics described above (correlation coefficient and MedAE) were calculated.

In addition, the importance of using multiple directions of acceleration (dorso-ventral,
lateral, and head-to-foot), and their effect on the regression result were examined to
investigate which acceleration direction(s) provide(s) better mechanistic insight into the
physiological underpinnings of the signal. Different models were trained using the features
derived from each direction (or their combinations) and the correlation coefficient and
MedAE value were calculated.

After investigating the effect of acceleration direction, each feature’s individual contribution
to SV prediction was calculated by obtaining the feature importance scores from the random
forest model. In each tree, every node splits the values of a feature based on impurity
(variance) criteria, so that the similar feature values are grouped under the same set.
Therefore, feature importance scores can easily be obtained by calculating each feature’s
contribution to decreasing the weighted impurity [45]. Leveraging this fact, the feature
importance scores were obtained from the model and ranked in descending order. While
calculating the feature importance scores, two different approaches were employed to
investigate the bias and outlier effects on the model: (i) obtaining the feature scores in each
fold and averaging them across all folds, (ii) re-training the random forest model on the
whole dataset and computing the feature importance scores.

Finally, to investigate feature contributions further, the Pearson correlation coefficients
between feature pairs were calculated. Pearson correlation analysis measures the strength
and direction of the relationship between two variables [46]. If any feature pair has an
absolute correlation coefficient close to 1 (high correlation), this means that these two
features are linearly dependent and have almost the same effect on the dependent variable, in
this case: SV. On the other hand, having lower absolute correlation coefficient means that
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these two features have distinguishable effect on the dependent variable. Thus, having less
correlated features, and therefore diversification within a feature set, is actually better for
information gain, thus model training.

G. Comparison with State-of-the-Art

1) Contribution of the Acoustic and Vibration Components: In the literature, it
was shown that the SCG signal is composed of two main components: low frequency (i.e.
vibration, 1 < 7<20Hz) component emerging from the cardiac output and high frequency
(i.e. acoustic, f>20Hz) component originating from the heart sounds [47, 48]. The latter is
also known as the phonocardiogram (PCG) waveform (Fig. 1(b)). In this paper, in addition
to investigating the SCG signal as a whole, the individual contributions of the PCG and
vibration components were also investigated. However, it should be noted that the sensor
placement was not optimized for PCG and thus it is not quite a fair head to head comparison.

In accordance with the frequency cut-off presented in the literature, the SCG signals were
split into PCG and vibration segments: 7>20Hz (PCGgternum) and 1 < £ <20Hz (SCGyjip).
Again, the lower frequency cut-off was selected as 1 Hz to remove any chest movements
originated from respiration (generally f<0.5Hz) [31]. After segmenting the SCGy y 7 total
signals into PCG and vibration segments, the whole analysis pipeline was run with the same
features and same ML model (random forest including 20-min of calibration) for
PCGsternum» SCGyip, and the combination of PCGgternum and SCGyip cases.

2) Comparison with the Existing Literature: Previously the relationship between
SCG and SV was investigated in 8 individuals by recording their uni-axial SCG signals
(using 393C, PCB Piezotronics) in two separate sessions at least a day apart [49]. In that
study, the following features were extracted from each beat: the time between the ECG R-
wave and the opening of mitral valve (t\o), the maximum of rapid ejection (REpax) and the
slope of its increase (mrg), the area under curve during rapid systolic ejection (AUCREg),
isovolumic contraction time (tpc_ao) and its slope (mypc-pa0), systolic ejection time
(tao-ac) and isovolumic relaxation time (tac_pmo). For each subject, a /inear regression
mode/ was trained on the first recording session and the second session was used for testing.

To provide a fair comparison with [49], the points corresponding to the cardiac events (the
features above) were extracted from each of the SCGy y,; total Signals. Then for each subject,
the first half of the SCG signal was used to train a linear regression model and the second
half was used for testing the model. It should be noted that there were several differences in
the experimental setups of this study and the one being compared. In this study, (i) the
recordings were taken at a single session where the subjects were undergoing surgery (i.e.
their hemodynamic state was varying), (ii) instead of a uni-axial accelerometer, a 3-ax/s
accelerometerwas used, (iii) the features were extracted from the ensemble averaged frames
derived from 30-sec long segments as the TED was updating the SV every 30 seconds.
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RESULTS AND DISCUSSION

A. Machine Learning Based Estimation of Stroke Volume

The regression model trained on the combination of the SCG and ECG features was
correlated to the TED reference standard (r = 0.81) with a relatively low MedAE (7.56 mL)
across all subjects. Using the cardio-mechanical information only (i.e., SCG signal features
alone) resulted in a correlation value of 0.67 and a MedAE of 9.51 mL, whereas using only
the electrical (ECG) information resulted in a correlation value of 0.31 and a MedAE of
14.75 mL. Fig. 5(a) provides the regression plot for the electro-mechanical approach, with
each subject represented by a different color for ease of visualization.

The results of this study demonstrated that the combination of the SCG and ECG features
contains salient information for enabling estimation of SV with sufficiently high correlation
and low MedAE across all subjects. The error is higher in SV values greater than 100 mL,
and in particular quite high for SV values above 150 mL. According to the Bland-Altman
results (Fig. 5(b)), the differences between the reference and predicted SV values are closer
to zero within the 60—100mL range, which justifies that the model achieves higher
prediction performance within this range. Most of the data points are within the 95%
confidence interval (limits of agreement: +33.08mL and —32.86mL), and the scatter around
the bias line (mean difference: 0.11mL) increases as the average SV increases,
demonstrating that the variability is not consistent throughout the graph. One reason for the
greater error at higher values of SV is the high inter-subject variability in the dataset, as
shown with different colors in Fig. 5(a,b); since most of the datapoints at these higher values
of SV were from one subject, the model trained on other subjects with lower SV values did
not perform as well for this case. In addition to the Bland-Altman plot, PE for each subject
was calculated to investigate whether the proposed algorithm could be considered as
“interchangeable” with the reference method. This analysis resulted in average PE of
37.5+22.45 for the lower limit (6 subjects being <%30), and 25.6+16.7 for the upper limit (9
subjects being <%30).

B. Interpretation of Acceleration Directions and Features

In contrast to the ECG signal which has been studied for more than a century and is well
understood regarding its mechanistic underpinnings, the SCG signal is not as well
characterized. The literature reports that the dorso-ventral component of the signal
represents a combination of body acceleration responses to both heart and blood movement
in the thoracic cavity [23]. Our group has previously reported that the head-to-foot
component may better reflect blood movement [25]- due to the anatomical alignment of the
aorta and the large component of the body acceleration that is originated from the change of
direction of blood through the aortic arch — and thus a sub-hypothesis of this work aimed at
elucidating physiological mechanistic insight was that the head-to-foot SCG components
would better reflect hemodynamic forces (e.g., stroke volume). In the current study
similarly, a relatively higher correlation was obtained between the predicted and reference
SV values when the features from the head-to-foot axis were used to train the model
(r=0.65) compared to the dorso-ventral (r=0.50) or lateral (r=0.22) axes. In contrast, the
dorso-ventral axis, which represents a combination of body acceleration responses to both
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heart and blood movement in the thoracic cavity, resulted in smaller MedAE (10.86 mL)
compared to other axes. When the total heart activity signal was used, the correlation and
MedAE values were calculated as 0.56 and 10.49mL, respectively. The regression results of
the models trained using features from each SCG axis and their combinations are presented
in Table I1.

Each feature’s contribution to SV prediction was investigated by analyzing the feature
importance scores obtained from the random forest models. Regardless of the method used
(averaging across folds vs. re-training on the whole dataset), the same features were
obtained as the top 15 most important features. In Table 11, the importance scores from the
first method (averaging across all folds) are presented. The feature which has the highest
importance is heart rate obtained from the patch ECG. This is followed by the amplitude of
the minimum point within the first 250 ms of the dorso-ventral signal. From a physiological
perspective, this point corresponds to the start of isovolumetric contraction, which occurs
immediately before systolic ejection. Since stroke volume is defined as the difference
between the end diastolic and end systolic volumes, finding isovolumetric contraction as one
of the most prominent features is consisted with the underlying physiological events.

Secondly, amplitude values of the maxima and minima points are dominating the location
(timing) values of these points. As SV is directly related to the contraction and strength of
the heart, it was expected to have mostly the amplitude-related features in the top features.
Lastly, most of the top features belong to either the head-to-foot or dorso-ventral axes. These
scores are consisted with the findings of the proposed regression analysis, and explain why
dorso-ventral and head-to-foot axes resulted in relatively higher performance compared to
the lateral axis. In contrast, none of the total heart activity features appeared in the top 15
list.

Finally, the heatmaps showing the Pearson correlation coefficients between the feature pairs
are presented in Fig. 6. Based on these heatmaps, most of the feature pairs have correlation
coefficients ranging between —0.25 and 0.50. In the literature, especially in medical
research, this range falls under negligible-low correlation group (0-0.3 negligible
correlation, 0.3-0.5 low correlation) [50-52]. Therefore, it can be inferred that the features
are not linearly dependent and each feature has a unique contribution to the analysis.

C. Comparison with State-of-the-Art

1) Contribution of the Acoustic and Vibration Components: After segmenting
the SCGy y,; total Signals into PCG and vibration segments, the whole analysis pipeline was
run with the same features and same ML model (random forest including 20-min of
calibration) for PCGgternum: SCGyip, and the combination of PCGgternum and SCGyp, cases.
Results in Table IV show that the combination of PCGgternum and SCGip sSegments has
superior performance (r=0.76, MedAE=9.87 mL) compared to using only-PCGsternum
(r=0.69, MedAE=11.67 mL) or only-SCG;, (r=0.35, MedAE=12.67 mL) segments.
Moreover, using the ECG features, i.e. HR, increases the estimation performance. Indeed,
the combination of PCGgernym, SCGyip and ECG resulted in similar correlation (r=0.81) and
MedAE (7.99 mL) values to the method presented in this paper (r=0.81, MedAE=7.56 mL).
Therefore, SV estimation benefits from both the acoustic and vibrational characteristics of
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the cardiovascular system. In addition, although the most important feature was heart rate in
our proposed algorithm, when PCGgternum and SCG, i, components were separated from
each other, the first and second minima of the total acceleration magnitude (0—250ms) and
the peak-to-peak amplitude of the head-to-foot direction (0—250ms) outperformed heart rate.
In a typical PCG, the first oscillation (S1 heart sound) corresponds to the closing of the
mitral valve. Thus, having features related to S1 heart sounds as the key features is indeed
consistent with the underlying physiological events as stroke volume is defined as the
difference between the end diastolic and end systolic volumes [53].

2) Comparison with the Existing Literature: Finally, the analysis pipeline offered
by Tavakolian et a/. was applied on the current dataset to provide a quantitative comparison.
It should be noted that the comparison was not head to head as there were differences in the
experimental setups of the two studies (mentioned in Section 11-G2). In addition, the
analysis pipeline presented in this study was based on training a global model and validating
with LOSO-CV, whereas in [49] subject-specific models were used. Thus, the correlation
and MedAE values were calculated for each subject separately and presented as meantstdin
Table 1V. Overall, the MedAE results of the two studies were close to each other, however
there was a great difference between the correlation values. In addition, there was a great
variance among the correlation and MedAE values of the subjects, e.g. one subject had a
correlation value of 0.71, whereas another one had a correlation value of 0.01. One reason
might be the insufficiency of linear regression as it assumes a linear relationship between
both the dependent and independent variables. Another reason might be the errors during the
detection of the cardiac event points (AC, AQ, etc.). As the subjects in the current dataset
were undergoing surgery, it was challenging to locate and detect these fiducial points
accurately. Therefore, it can be deduced that detecting the maxima and minima amplitudes
and locations instead of the actual cardiac event points indeed contributes to such
frameworks by providing a more representative feature set.

D. Limitations and Future Work

The limitations of this study are the relatively small sample size, and that the study was
conducted at a single clinical site. Future studies will be necessary to assess the
reproducibility of the methods including larger and more diverse datasets in patients having
various diseases, and undergoing a variety of surgical procedures or different anesthetics
techniques. For example, more extensive studies with serial measurements under various
surgical conditions (such as fluid loading etc.) needs to be done to ensure accurate stroke
volume prediction. Similarly, an increase in the number of subjects in the training set will
improve the generalizability of the algorithm as well as the determination of key SCG
features associated with SV prediction. Once the generalizability is achieved through
validation in larger datasets, potential ways to achieve real-time monitoring will also be
studied. Future versions of the wearable patch will attempt to minimize form factor and
improve comfort as well.

Another drawback of this study is the additional prediction error introduced by inter-subject
variability. The current problem was framed as monitoring the changes in SV throughout
and after the surgery relative to the reference SV values taken in pre-incision period,
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therefore some baseline data was included in the training set for each subject. This reduced
the added inter-subject variability error in SV prediction, but requires a brief calibration
period (pre-incision) during which both the wearable device and TED were being used. To
adapt the wearable patch as an alternative to the TED, the ideal scenario would be having a
model without any baseline data. Therefore, future work will also focus on methods to
eliminate the effects of inter-subject variability, and the need for a baseline set to enhance
the prediction performance of the trained model.

IV. CONCLUSION

The results of this study demonstrate the feasibility of a wearable patch system to monitor
the SV continuously and non-invasively that is applicable to pre-, intra- and post-operative
periods. With this proposed technology, the wearable sensor could be applied to conscious,
ambulatory patients and used to monitor SV without requiring anesthesia or any invasive
intervention. There are obvious benefits of this technology from a patients’ perspective. It
eliminates the discomfort and risks associated with other techniques for hemodynamic
monitoring. Additionally, this technology also has several benefits for healthcare providers.
The rapidity and ease with which the device is applied to the patient and the lack of the risks
associated with inadvertent needlesticks and exposure to bloodborne infections cannot be
underestimated.

In conclusion, the proposed wearable patch system could be a viable alternative for peri-
operative hemodynamic monitoring of surgical patients throughout the entire encounter.
Combined with appropriate remote capabilities, it could facilitate monitoring the patients
remotely after discharge to their homes as well. In addition, as the success of fluid
management protocols based on monitoring intra-operative SV has been recently shown, this
wearable technology can also be used in the future to potentially guide peri-operative fluid
management.

Acknowledgments

This material is based on work supported by the National Institutes of Health under Grant 1R01HL130619-A1.

REFERENCES

[1]. Abbas SM and Hill A, “Systematic review of the literature for the use of oesophageal doppler
monitor for fluid replacement in major abdominal surgery,” Anaesthesia, vol. 63, no. 1, pp. 44—
51, 2008. [PubMed: 18086070]

[2]. Miller TE, Roche AM, and Mythen M, “Fluid management and goal-directed therapy as an
adjunct to enhanced recovery after surgery (eras),” Canadian Journal of Anesthesia/Journal
canadien d’anesthésie, vol. 62, no. 2, pp. 158-168, 2015.

[3]. Gan TJ, Soppitt A, Maroof M, EI-Moalem H, Robertson KM, Moretti E, Dwane P, and Glass PS,
“Goal-directed intraoperative fluid administration reduces length of hospital stay after major
surgery,” Anesthesiology: The Journal of the American Society of Anesthesiologists, vol. 97, no.
4, pp. 820-826, 2002.

[4]. Mythen MG and Webb AR, “Perioperative plasma volume expansion reduces the incidence of gut
mucosal hypoperfusion during cardiac surgery,” Archives of Surgery, vol. 130, no. 4, pp. 423-
429, 1995. [PubMed: 7535996]

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2022 May 11.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Semiz et al.

Page 13

[5]. Walsh S, Tang T, Bass S, and Gaunt M, “Doppler-guided intra-operative fluid management during
major abdominal surgery: systematic review and meta-analysis,” International journal of clinical
practice, vol. 62, no. 3, pp. 466-470, 2008. [PubMed: 18031528]

[6]. Noblett S, Snowden C, Shenton B, and Horgan A, “Randomized clinical trial assessing the effect
of doppler-optimized fluid management on outcome after elective colorectal resection,” British
Journal of Surgery: Incorporating European Journal of Surgery and Swiss Surgery, vol. 93, no. 9,
pp. 1069-1076, 2006.

[7]. Wakeling H, McFall M, Jenkins C, Woods W, Miles W, Barclay G, and Fleming S, “Intraoperative
oesophageal doppler guided fluid management shortens postoperative hospital stay after major
bowel surgery,” British journal of anaesthesia, vol. 95, no. 5, pp. 634-642, 2005. [PubMed:
16155038]

[8]. Roche AM, Miller TE, and Gan TJ, “Goal-directed fluid management with trans-oesophageal
doppler,” Best Practice & Research Clinical Anaesthesiology, vol. 23, no. 3, pp. 327-334, 2009.
[PubMed: 19862891]

[9]. Chamberlain BM and Willshire RJ, “Oesophageal doppler monitor (odm) guided individualised
goal directed fluid management (igdfm) in surgery-a technical review,” surgery, vol. 19, p. 21,
2010.

[10]. Singer M, “Continuous haemodynamic monitoring by oesophageal doppler (md thesis),” London:
University of London, 1990.

[11]. CardioQ-ODM Product Brochure, Deltex Medical, www.deltexmedical.com, 2019.

[12]. Teboul J-L, Saugel B, Cecconi M, De Backer D, Hofer CK, Monnet X, Perel A, Pinsky MR,
Reuter DA, Rhodes A et al., “Less invasive hemodynamic monitoring in critically ill patients,”
Intensive care medicine, vol. 42, no. 9, pp. 1350-1359, 2016. [PubMed: 27155605]

[13]. Makaryus R, Miller T, and Gan T, “Current concepts of fluid management in enhanced recovery
pathways,” British journal of anaesthesia, vol. 120, no. 2, pp. 376-383, 2018. [PubMed:
29406186]

[14]. Kieback AG, Borges AC, Schink T, Baumann G, and Laule M, “Impedance cardiography versus
invasive measurements of stroke volume index in patients with chronic heart failure,”
International journal of cardiology, vol. 143, no. 2, pp. 211-213, 2010. [PubMed: 19144427]

[15]. Lorne E, Mahjoub Y, Diouf M, Sleghem J, Buchalet C, Guinot P-G, Petiot S, Kessavane A,
Dehedin B, and Dupont H, “Accuracy of impedance cardiography for evaluating trends in cardiac
output: a comparison with oesophageal doppler,” British journal of anaesthesia, vol. 113, no. 4,
pp. 596-602, 2014. [PubMed: 24871872]

[16]. Cybulski G, Michalak E, KoZluk E, Piatkowska A, and Niewiadom-ski W, “Stroke volume and
systolic time intervals: beat-to-beat comparison between echocardiography and ambulatory
impedance cardiography in supine and tilted positions,” Medical and Biological Engineering and
Computing, vol. 42, no. 5, pp. 707-711, 2004. [PubMed: 15503973]

[17]. Etemadi M, Inan OT, Giovangrandi L, and Kovacs GT, “Rapid assessment of cardiac contractility
on a home bathroom scale,” IEEE transactions on information technology in biomedicine, vol.
15, no. 6, pp. 864-869, 2011. [PubMed: 21843998]

[18]. Kamoi S, Pretty C, Balmer J, Davidson S, Pironet A, Desaive T, Shaw GM, and Chase JG,
“Improved pressure contour analysis for estimating cardiac stroke volume using pulse wave
velocity measurement,” Biomedical engineering online, vol. 16, no. 1, p. 51, 2017. [PubMed:
28438216]

[19]. Hirschl MM, Binder M, Gwechenberger M, Herkner H, Bur A, Kittler H, and Laggner AN,
“Noninvasive assessment of cardiac output in critically ill patients by analysis of the finger blood
pressure waveform,” Critical care medicine, vol. 25, no. 11, pp. 1909-1914, 1997. [PubMed:
9366778]

[20]. Rang S, de Pablo Lapiedra B, van Montfrans GA, Bouma BJ, Wesseling KH, and Wolf H,
“Modelflow: a new method for noninvasive assessment of cardiac output in pregnant women,”
American journal of obstetrics and gynecology, vol. 196, no. 3, pp. 235—e1, 2007. [PubMed:
17346534]

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2022 May 11.


http://www.deltexmedical.com

1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Semizetal. Page 14

[21]. Obata Y, Mizogami M, Nyhan D, Berkowitz DE, Steppan J, and Barodka V, “Pilot study:
Estimation of stroke volume and cardiac output from pulse wave velocity,” PloS one, vol. 12, no.
1, p. e0169853, 2017. [PubMed: 28060961]

[22]. Ashouri H, Orlandic L, and Inan O, “Unobtrusive estimation of cardiac contractility and stroke
volume changes using ballistocardiogram measurements on a high bandwidth force plate,”
Sensors, vol. 16, no. 6, p. 787, 2016.

[23]. Inan OT, Migeotte P-F, Park K-S, Etemadi M, Tavakolian K, Casanella R, Zanetti J, Tank J,
Funtova I, Prisk GK et al., “Ballistocardiography and seismocardiography: A review of recent
advances,” IEEE journal of biomedical and health informatics, vol. 19, no. 4, pp. 1414-1427,
2014. [PubMed: 25312966]

[24]. Etemadi M, Inan OT, Heller JA, Hersek S, Klein L, and Roy S, “A wearable patch to enable long-
term monitoring of environmental, activity and hemodynamics variables,” IEEE transactions on
biomedical circuits and systems, vol. 10, no. 2, pp. 280-288, 2015. [PubMed: 25974943]

[25]. Inan OT, Baran Pouyan M, Javaid AQ, Dowling S, Etemadi M, Dorier A, Heller JA, Bicen AO,
Roy S, De Marco T et al., “Novel wearable seismocardiography and machine learning algorithms
can assess clinical status of heart failure patients,” Circulation: Heart Failure, vol. 11, no. 1, p.
€004313, 2018. [PubMed: 29330154]

[26]. Etemadi M and Inan OT, “Wearable ballistocardiogram and seismocardiogram systems for health
and performance,” Journal of Applied Physiology, vol. 124, no. 2, pp. 452-461, 2018. [PubMed:
28798198]

[27]. Oates C, Cardiovascular haemodynamics and Doppler waveforms explained. Cambridge
University Press, 2008.

[28]. Khosrow-Khavar F, Tavakolian K, Blaber AP, Zanetti JM, Fazel-Rezai R, and Menon C,
“Automatic annotation of seismocardiogram with high-frequency precordial accelerations,” IEEE
journal of biomedical and health informatics, vol. 19, no. 4, pp. 1428-1434, 2014. [PubMed:
25265620]

[29]. Zia J, Kimball J, Hersek S, Shandhi MMH, Semiz B, and Inan OT, “A unified framework for
quality indexing and classification of seismocardiogram signals,” IEEE Journal of Biomedical
and Health Informatics, vol. 24, no. 4, pp. 1080-1092, 2019. [PubMed: 31369387]

[30]. Tadi MJ, Lehtonen E, Hurnanen T, Koskinen J, Eriksson J, Pankaéla M, Terds M, and Koivisto T,
“A real-time approach for heart rate monitoring using a hilbert transform in seismocardiograms,”
Physiological measurement, vol. 37, no. 11, p. 1885, 2016. [PubMed: 27681033]

[31]. Pandia K, Inan OT, and Kovacs GT, “A frequency domain analysis of respiratory variations in the
seismocardiogram signal,” in 2013 35th Annual International Conference of the IEEE
Engineering in Medicine and Biology Society (EMBC). IEEE, 2013, pp. 6881-6884.

[32]. Aguirre A, Wodicka G, Maayan C, and Shannon D, “Interaction between respiratory and rr
interval oscillations at low frequencies,” Journal of the autonomic nervous system, vol. 29, no. 3,
pp. 241-246, 1990. [PubMed: 2341698]

[33]. Migeotte P-F, Tank J, Pattyn N, Funtova I, Baevsky R, Neyt X, and Prisk GK, “Three
dimensional ballistocardiography: methodology and results from microgravity and dry
immersion,” in 2011 Annual International Conference of the IEEE Engineering in Medicine and
Biology Society. IEEE, 2011, pp. 4271-4274.

[34]. Dyer SA and Dyer JS, “Cubic-spline interpolation. 1,” IEEE Instrumentation & Measurement
Magazine, vol. 4, no. 1, pp. 44-46, 2001.

[35]. Conte SD and De Boor C, Elementary numerical analysis: an algorithmic approach. SIAM, 2017.

[36]. McKinley S and Levine M, “Cubic spline interpolation,” College of the Redwoods, vol. 45, no. 1,
pp. 1049-1060, 1998.

[37]. Shandhi MMH, Semiz B, Hersek S, Goller N, Ayazi F, and Inan O, “Performance analysis of
gyroscope and accelerometer sensors for seismocardiography-based wearable pre-gjection period
estimation,” IEEE journal of biomedical and health informatics, 2019.

[38]. Hersek S, Semiz B, Shandhi MMH, Orlandic L, and Inan OT, “A globalized model for mapping
wearable seismocardiogram signals to whole-body ballistocardiogram signals based on deep
learning,” IEEE journal of biomedical and health informatics, 2019.

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2022 May 11.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Semiz et al.

[39].

[40].
[41].

[42].

[43].

[44].

[45].

[46].

[47].

[48].

[49].
[50].
[51].
[52].

[53].

Page 15

Ashouri H, Hersek S, and Inan OT, “Universal pre-ejection period estimation using
seismocardiography: Quantifying the effects of sensor placement and regression algorithms,”
IEEE sensors journal, vol. 18, no. 4, pp. 1665-1674, 2017. [PubMed: 29867294]

Breiman L, “Random forests,” Machine learning, vol. 45, no. 1, pp. 5-32, 2001.

Prasad AM, Iverson LR, and Liaw A, “Newer classification and regression tree techniques:
bagging and random forests for ecological prediction,” Ecosystems, vol. 9, no. 2, pp. 181-199,
2006.

Bland JM and Altman D, “Statistical methods for assessing agreement between two methods of
clinical measurement,” The lancet, vol. 327, no. 8476, pp. 307-310, 1986.

Odor PM, Bampoe S, and Cecconi M, “Cardiac output monitoring: Validation studies—how
results should be presented,” Current Anesthesiology Reports, vol. 7, no. 4, pp. 410-415, 2017.
[PubMed: 29200975]

Critchley LA and Critchley JA, “A meta-analysis of studies using bias and precision statistics to
compare cardiac output measurement techniques,” Journal of clinical monitoring and computing,
vol. 15, no. 2, pp. 85-91, 1999. [PubMed: 12578081]

Rodrigues JM, Cardoso PJ, Monteiro J, Lam R, Krzhizhanovskaya V'V, Lees MH, Dongarra JJ,
and Sloot PM, Computational Science-ICCS 2019: 19th International Conference, Faro,
Portugal, June 12-14, 2019, Proceedings. Springer, 2019, vol. 11536.

Benesty J, Chen J, Huang Y, and Cohen |, “Pearson correlation coefficient,” in Noise reduction in
speech processing. Springer, 2009, pp. 1-4.

Castiglioni P, Faini A, Parati G, and Di Rienzo M, “Wearable seismocardiography,” in 2007 29th
annual international conference of the IEEE engineering in medicine and biology society. IEEE,
2007, pp. 3954-3957.

Pandia K, Inan OT, Kovacs GT, and Giovangrandi L, “Extracting respiratory information from
seismocardiogram signals acquired on the chest using a miniature accelerometer,” Physiological
measurement, vol. 33, no. 10, p. 1643, 2012. [PubMed: 22986375]

Tavakolian K, Blaber AP, Ngai B, and Kaminska B, “Estimation of hemodynamic parameters
from seismocardiogram,” in 2010 Computing in Cardiology. IEEE, 2010, pp. 1055-1058.
Hinkle DE, Wiersma W, and Jurs SG, Applied statistics for the behavioral sciences. Houghton
Mifflin College Division, 2003, vol. 663.

Ramlaul A and Hogg P, Medical imaging and radiotherapy research: skills and strategies.
Springer, 2010.

Mukaka MM, “A guide to appropriate use of correlation coefficient in medical research,” Malawi
medical journal, vol. 24, no. 3, pp. 69-71, 2012. [PubMed: 23638278]

Taebi A, Solar BE, Bomar AJ, Sandler RH, and Mansy HA, “Recent advances in
seismocardiography,” Vibration, vol. 2, no. 1, pp. 64-86, 2019.

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2022 May 11.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuepy Joyiny

1duosnuely Joyiny

Semiz et al.

Microprocessor
=
Q
=
1
bt
b
5
[a}
(a)
R -]
.
8 —— |0 E
= =}
Q S -1 4
= 5x 103
ol
w i~
23 )
- -5x103
2 3
& 8x 10
-2
- 0
23
é” -8x 1073
= A0
Ng MC A g AC & 001
o
g 0
@ E -0.01
8l we " '
3 0.014
318
oS 007
O E
©» o 0
=]
5 _ - 0.01
e
i [©
u [\
o 4 -0.01

Fig. 1.

Amp. () Amp. (g) Amp.(g) Amp.(g) Amp.(V)

Amp. (g)

Page 16

(a) Custom-made patch hardware. (b) A representative beat from the ECG, SCGyy, 7 total and
PCGgternum Signals (for PCG, only Z-axis is shown as the other axes are less commonly
used). The portion within each R-R interval is called a beat, which is usually around ~ 600 —
1000 ms. The R-peak locations on the ECG signal are used to split the SCG into individual

beats. The peaks and valleys on the SCG signals correspond to specific cardiac events.
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Fig. 2.
The block diagram for the data acquisition and signal processing. The wearable patch was

mounted on the mid-sternum while the patient was undergoing a surgery. The ECG and
SCGy y,; signals were recorded throughout the surgery while the SV values were being
acquired with the TED. In addition to the SCGy y ; signals, the total acceleration magnitude,
SCGiotal, Was calculated. As the TED was averaging and storing the SV values every 30
seconds, the ECG and SCGy y; total Signals were split into 30 seconds-long segments. Within
each segment, the R-peak locations were found on the ECG and used to detect the individual
beats on the SCGy y; total- The ensemble average of the detected beats was calculated, so per
segment there was one single ensemble averaged frame for each axis. In total 65 features
were extracted for the analysis. Then a random forest regression model was trained to
predict the corresponding SV values.
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Interpolated SV and HR values

Cubic spline interpolation was performed on the pre-incision SV and HR vectors to increase
the number of instances. From the interpolated SV and HR curves, equally spaced (3
seconds) data points were obtained to increase the frequency of the SV and HR readings.
Similarly, the patch signals were segmented using a 30 seconds long moving window with
90% overlap (step size = 3 seconds).
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Fig. 4.

A simplified representation of how leave-one-subject-out cross-validation (LOSO-CV) was
performed. In each fold, intra-operative data from one subject was left out (S;). The model
was trained using the remaining S, where r#/and all B,,. The model was then tested on S;
and the predicted SV values were stored. This step was repeated for each subject.
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Fig. 5.
(a) The reference vs. predicted SV values are presented. 65 features were extracted and used

to train a random forest regression model. This resulted in a correlation coefficient (r-value)
of 0.81 and MedAE of 7.56 mL. (b) The Bland-Altman graph for the reference and predicted
SV values. Horizontal line in the middle represents the bias line, whereas the area between
the upper and lower horizontal lines represent the 95% confidence interval, (mean +
2*standard deviation).
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Table I.

Features extracted from the signals

Feature Names

Number of Features

SCGyxy,z total 0-250ms

First and second largest maxima (amp. and
loc.)

First and second largest minima (amp. and loc.)
RMS

power

Peak-to-peak amplitude

10 (4 signals=40)

Largest maximum (amp. and

loc.)
SCGyy.z 1o 250-500ms | Largest minimum (amp. and loc.) 6 (4 signals=24)
power
Peak-to-peak amplitude
ECG Average HR derived from R-R interval length 1
Total 65 features
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Table II.
Experiments with axis-combinations
Correlation (r-value) | MedAE (mL)
SCGy 0.22 13.76
SCG, 0.65 12.46
SCG, 0.50 10.86
SCGiota 0.56 10.49
ECG (HR) 0.31 14.75
SCG, and ECG 0.58 9.64
SCG, and ECG 0.74 8.44
SCG, and ECG 0.67 9.29
SCGita and ECG 0.71 9.65
SCGy,y 0.48 10.81
SCGy 0.53 11.80
SCGy, 0.61 10.94
SCGyy and ECG 0.77 7.93
SCG,; and ECG 0.74 8.73
SCGy, and ECG 0.73 8.86
SCGyy, 0.64 10.63
SCGyy. total 0.67 9.51
SCGyy,, and ECG 0.80 7.61
SCGyyz 011 aNd ECG 0.81 7.56
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Random Forest Feature Importance Ranking

Table lll.

Feature Names Normalized Feature Scores
Wearable Heart Rate (HR) 0.314
0-250ms, First Min. Amp, Z 0.125
0-250ms, First Max. Amp, X 0.079
0-250ms, Peak-to-Peak, Y 0.050
0-250ms, First Min. Loc, X 0.048
0-250ms, First Min. Loc, Z 0.041
0-250ms, First Min. Loc, Y 0.035
0-250ms, Second Max. Amp, Z 0.026
0-250ms, First Max. Loc, Z 0.024
0-250ms, First Max. Amp, Z 0.020
250-500ms, Peak-to-Peak, Y 0.017
0-250ms, RMS Power, Y 0.014
250-500ms, First Min. Amp, Z 0.013
250-500ms, First Min. Amp, Y 0.013
0-250ms, Second Min. Amp, Y 0.012
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