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Abstract

The ballistocardiogram (BCG) is an information-rich bio-signal that can give researchers
an additional perspective on the complex dynamics of the cardiac cycle. As a relevant alternative
to the electrocardiogram (ECG), the BCG represents the transduced force produced by the
ejection of blood from the heart around the aortic arch. Due to its characteristic propagation
through the participant’s body and corresponding measurement system, the BCG offers a
combination of physiological information about the participant. In its current state of research,
integrated BCG systems are being developed to predict various physiological health measures.
This thesis seeks to further develop the range of physiological predictions available to BCG,
focusing on Kansas State University’s bed-based BCG acquisition system.

Specific physiological prediction of instantaneous blood pressure is first investigated in
this thesis. Utilizing parallel BCG sensors integrated into a bed, frequency-domain analysis is
used to predict instantaneous blood pressure during simulated apnea events. With 16/20
participants resulting in strongly correlated predicted blood pressure and an average mean
absolute error (MAE) across all participants less than 5 mmHg, this frequency analysis method
could offer improved morphology-independent blood pressure prediction using BCG.
Preliminary classification of apnea events is also performed for a single extended run (~10
minutes) of simulated apnea and rest events. With an average of 95% balanced accuracy across
six folds, further investigation on a larger dataset should be performed to follow up on this
preliminary connection between beat-by-beat apnea classification and the BCG frequency
domain. This analysis seeks to expand the use case of the BCG as an “all-in-one” apnea

detection signal.



The frequency domain is chosen for investigation due to a key limitation often observed
in BCG research. System-level differences and participant-specific body positions can lead to
morphological changes between participants. Time-domain analysis is often limited to individual
systems/participants due to a combination of factors such as system design, sensor coupling, and
cardiac output. With the intuition that the bed-body system can be characterized and has an effect
on the BCG’s morphology, the next logical step in the included research is to identify if the BCG
can be used to predict relevant participant-specific characteristics. Using DEXA as a gold
standard to measure regional and total body fat percentage, the BCG morphology is investigated
to identify any features relevant to body composition. Through the use of a feature search of
common BCG signal characteristics, a baseline improvement from BMI-only body composition
prediction can be observed. The inclusion of BCG features in BMI-based body composition
estimation provides preliminary evidence that BMI-based body composition can be improved.
BCG could offer improved predictive performance, similar to current body composition
estimates, using a combination of predictors (BMI, bioimpedance, anthropometric
measurements, etc.).

After discussing the relevant analysis performed on collected BCG data, this thesis
concludes with design and analysis documentation relevant to Kansas State University’s bed-
based BCG acquisition system. This documentation includes design history and implementation
details that are recommended for future BCG system modifications. To expand future Kansas
State research pathways, the BCG system at Kansas State should be further improved with the

end goal of data collection related to the preliminary investigations discussed in this thesis.
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Chapter 1 - Introduction

Thesis Organization

First, an introductory literature review of the ballistocardiogram (BCG) is documented in
Chapter 1 to give background on the signal and the scope of the surrounding research
community. A review of the history of the field’s development provides insight into the current
applications and paths for future investigation. Following this review, the next two sections
detail BCG signal analysis. The methods included in each section seek to investigate the
relationship between BCG morphology and health predictors. Each section focuses on data
collected from [1] with an extension on unpublished data, conducting breath-hold activities in
parallel to BCG acquisition.

The first physiological parameter to be discussed will be blood pressure. BCG-based
blood pressure prediction is a relevant research subfield with much investigation relevant to
time-domain analysis. Chapter 2 details the connections between BCG morphology (in the
frequency domain) and systolic blood pressure with the end goal of supporting real-time apnea
prediction during sleep. The text included in Chapter 2 is relevant to a future publication planned
for the Journal of Biomedical Health and Informatics. The second physiological parameter to be
investigated is body composition. While the BCG’s primary use case is for cardiac analysis,
Chapter 3 seeks to show the BCG's value in quantifying participant-specific body composition
information. Signal analysis and feature investigation are performed with the end goal of
enhancing basic BMI-based body composition estimations. The text included in Chapter 3
contains the material relevant for patent documentation and is not for public disclosure at this

time.



Finally, BCG acquisition system design is documented in Chapter 4. This Chapter
documents all relevant system-level design decisions and applications relevant to updates
regarding Kansas State University’s bed-based BCG system. These design updates are focused
on the implementation of load cell sensors on adjustable-height hospital beds.

Each chapter will act as its own isolated research subject, briefly giving background on
related BCG topics to focus on results and methods. The goal of this thesis in its entirety is to
document relevant research pathways available to Kansas State University with the goal of

inspiration for future BCG research within the university.
Literature Review & Background

Kansas State’s current bed-based BCG acquisition system employs the use of load cell
sensors embedded in the corners of a bed frame in tandem with electromechanical film sensors
placed under the mattress. This allows for simultaneous measurements that can be fused together
to monitor health parameters beyond the traditional cardiac and respiration-related signals. The
instrumentation arrangement in this system allows for the interpretation of sleep quality and
center of pressure changes during an extended monitoring session. As a point of flexibility, the
BCG can be measured with a variety of different sensors in various configurations based on the
desired research interest. While Kansas State’s bed-based BCG acquisition system may be
tailored more toward longitudinal sleep studies, other researchers may utilize sensors that fit the
form factor or application of their own research interests.

In studies dating back to 1877, the weigh scale has been a consistent tool used to sense
and visualize the BCG. Even before the naming of the BCG by Isaac Starr, the movement of the
needle of an analog weigh scale was observed to move in sync with the heartbeat of a stationary

participant [2]. Now a digital sensor in the modern day, the weigh scale is commonly used to



collect the longitudinal BCG (head-to-foot direction). When used in BCG acquisition systems,
stationary participants stand on modified consumer-grade [3] or custom-designed [4] scales
(utilizing strain gauges as sensors) for short runs of data acquisition in an at-home setting. These
systems have been used to perform a thorough analysis to estimate cardiac, respiration, and
blood pressure parameters. As more sensing applications have been developed, the basic
implementation of the weighing scale has been extended to a variety of sensing mediums with
various form factors. Examples include piezoelectric chair-based BCG systems [5], and bed-
based BCG systems with hydraulic [6] or pneumatic pressure sensors [7].

Accelerometers are common in BCG acquisition systems due to their simple integration
into wearable and static applications. Wearable integration of accelerometers has been proven in
systems that are worn as patches on the body [8] or wristbands [9] to measure cardiac health
parameters. These wearable systems can be used in tandem with traditional weigh scale
applications to better estimate parameters like blood pressure via pulse transit time. Even in bed-
based systems, the accelerometer can be used as the BCG acquisition sensor if coupled to the
medium (the bed in this case) [10]. Research relevant to the mathematical modeling of
longitudinal BCG has used bed-based accelerometer systems to validate models and interpret the
physiological characteristics of the BCG [11]. Accelerometers applied to pre-clinical swine
models have been used to further refine the relationship between the BCG and cardiac dynamics
[12].

Camera-based BCG acquisition systems are relevant for fully contactless applications.
Typically, these systems utilize facial recordings of stationary participants to monitor head
movement due to BCG [13]. These systems can extract heart rate and blood pressure parameters

of a stationary participant if key facial features (mole, facial hair, acne, etc.) stay in frame of the



camera. In the system described in [14], a camera is instead placed on the head of a participant
where the resting head movement due to the BCG is extracted. Contactless vital sign monitoring
via radar presents an alternative method for measuring BCG remotely. While not termed as a
BCQG, the reflection signal of the radar due to the human body’s reflectivity includes respiration
and heart rate variation that can be extracted via signal processing methods. As with traditional
BCG signal analysis, various methods can be applied to extract health parameters from this
reflected radar signal, such as frequency domain analysis [15] and template matching [16].
Contactless vital sign estimation via camera or radar can be used if the system effects of the
measurand (bed, chair, wearable) are not desired.

The variety of BCG systems offers a double-edged sword. The flexible form factor
allows for a multitude of system-level decisions and design choices. However, each
measurement system may acquire a unique view of the BCG’s complex three-dimensional force
propagation. Depending on the system, head-to-foot, supine, or even region-specific (ear, wrist,
neck) signals can be collected, each with a unique perspective of the BCG. The system defined
by the participant and the measurand can also distort morphology. This can make subject-
independent analysis difficult unless great care is given to population selection and experimental
consistency. The combination of such system and participant-specific factors can combine to
obscure physiological and cardiac changes based on individual factors. It is the goal of the
researcher to identify the connection between the changing BCG signal and the various factors
that affect it.

All of the analysis discussed in this thesis is focused on a bed-based BCG system. The
depth of information found in this measurement medium is rich, as seen from the amount of

relevant published research within Kansas State University itself. Future development within the



university should seek to synthesize this information and optimize the bed-based acquisition
system. While the variety of BCG systems varies heavily, the clinical acceptance of the system is
still limited. As BCG research progresses, Kansas State has the opportunity to continue to invest
in a unique, consumer-applicable, information-rich research field that can provide value in a

variety of form factors and applications.



Chapter 2 - Tracking Changes in Blood Pressure via Bed-Based

BCG: Frequency Domain Sensor Synthesis

Introduction

Hypertension is a leading precursor to fatal, life-changing cardiovascular diseases. This is
especially relevant in the United States, where there has been an 86% and 66% county-level
increase in hypertension-related deaths among adults (ages 35-64) and the elderly (ages 65+)
populations, respectively [1]. Awareness of risk factors like high blood pressure, a vital cardiac
metric and CVD risk indicator, is essential for endangered populations like the obese and elderly
[2] [3]. The rate of routine blood pressure measurement inaccuracies leads patients to desire at-
home alternatives due to confounding factors like masked hypertension or the white-coat effect.
Visit-to-visit variation can pose a challenge for patients managing a hypertensive diagnosis, up to
10.6 (+/- 5.1) mmHg [20]. A typical blood pressure measurement for young and healthy patients
is performed at a yearly rate, which only gives a generalized view of a patient’s CVD risk. To
remedy this low sampling frequency of valuable blood pressure data, at-home blood pressure
monitoring systems are becoming commercially popular. This allows for personalized health
care where patients can collect their data at a rate that fits their needs [21]. At home,
measurements may even assist in diagnoses that may be difficult to identify in the doctor’s
office. Nocturnal hypertension and obstructive sleep apnea, for example, are often rarely
diagnosed due to a lack of detection during routine screenings [22].

The ballistocardiogram (BCG) represents the force propagated through the body due to
the blood flow out of the heart during a single cardiac cycle [23]. Using the BCG’s physiological
connection to the electrocardiogram (ECG), pulse transit time (PTT) can be interpreted, directly

correlating to the pre-ejection period (PEP) and blood pressure [24]. The BCG offers flexibility



in form factor as it is frequently integrated into chairs [25], wearables [26], and (in the case of
this analysis) beds [27], [28]. This allows for BCG-integrated designs that fit various
populations' form factors and needs. The BCG is a relevant blood-pressure predictor alternative
that has shown potential using time-domain signal analysis. [29] utilized wearable limb BCG
utilizing PTT and pulse arrival time (PAT), resulting in 7.6 mmHg mean absolute error (MAE)
for systolic blood pressure prediction for 22 young, healthy participants (mean age 24 +5 years).
[3] used the combination of a PPG sensor and commercial weight scale to result in 6.6 mmHg
systolic RMSE for 20 participants (mean age 20.3 + 1.03 years). Recently, [30] derived time-
domain PTT features from BCG and impedance plethysmography (IPG) from a weight scale and
used machine learning optimization to classify heightened systolic blood pressure with 95.3%
accuracy for 17 participants (mean age 20.2 + 1.1 years). All of these works demonstrate
promising results. However, one common limitation is that all approaches rely on time-domain
features, which are often dependent on external noise, system-specific morphology, and
application-specific peak detection algorithms. As more BCG systems are developed for similar
analyses, the variety of algorithmic solutions increases, reducing the standardization and
consistent analysis needed from a health predictive bio-signal (compared to signals like ECG).
Frequency domain investigation could offer morphology and algorithmic independent
analysis. For time-domain BCG analysis, rigorous investigation must be performed to interpret
data from each BCG beat. The sensitivity to motion artifacts can directly obstruct the
physiological interpretation of the BCG. Cross-participant analysis and acquisition system
variations can also produce different morphology due to a lack of standardization. By examining
the distribution of the frequency components in individual BCG beats, beat-by-beat variations

may be more flexibly identified, independent of the measurement medium. In a similar domain,



[31] used piezoelectric bed sensors and transfer learning based on various frequency and time
domain features, resulting in 4.2 mmHg systolic MAE for young, healthy participants and 9.96
mmHg systolic MAE for in-hospital patients. This analysis seeks to identify the limitations and
contributions the frequency domain offers for such blood pressure prediction.

Apneas are commonly diagnosed with an observable change in the patient’s respiration,
heart rate, and blood pressure [32]. In a typical BCG, the heart rate and respiration can be
identified at low frequencies (0.7-1.3 Hz) and very low frequencies (0.2-0.3 Hz), respectively. If
the predictive blood pressure frequency components of a BCG are identified, a BCG monitoring
setup could be useful as a single ‘all-in-one” apnea detection system.

In this chapter, investigation into the frequency-domain specifics of a bed-based BCG
system is performed. Through regression analysis on 20 participants, it is observed that a BCG-
based system can offer non-obtrusive beat-by-beat blood pressure prediction using frequency
domain features that perform within the specification of IEEE Std 1078 (Cuffless Blood Pressure
Monitoring Systems) of 5 mmHg MAE. An additional preliminary investigation into apnea
classification is included. With the confirmation of blood pressure prediction using frequency
domain BCG signals, the frequency domain is utilized in an extended breath-hold trial to predict
the onset of an apnea event. These results are promising for BCG signal analysis and multi-
sensor BCG acquisition systems. This work seeks to support at-home, non-obtrusive, continuous
blood pressure monitoring to provide personalization and health information equity among

various populations.



Methods

Bed-Based System

The bed-based measurement system specified in [1] was used to collect the data included
in this analysis. This system utilized four load cells (FX1901) at each corner of a full-sized bed
and four sheets (11.5x23.5”) of electromechanical film (EMFit L series) placed under the
mattress to acquire BCG signals. Parallel to the BCG acquisition, a Finapres Finometer Pro
obtained instantaneous blood pressure measurements on a beat-by-beat basis via reconstructed
brachial artery pressure (reBAP), and a GE Datex Ohmeda CardioCap 5 vital signs monitor
acquired electrocardiogram (ECG) and photoplethysmogram (PPG) signals.

Data for 45 participants were collected using the measurement system described above.
25 total participants were removed from the analysis due to invalid data collection, duplicate
information, or insufficient amount of collected data. The population demographics of the
remaining 20 participants are shown in Table 1.

Table 1: Analysis Demographics

Analysis Population
Age (years) 42 (£ 17)
Height (in) 67.8 (£ 3.2
Weight (Ib) 178.5 (+ 43.3)
BMI (kg/m2) 27.2 (6.0
Sex 11 (Male) /9 (Female)
Ethnicity 17 (White)/1 (Hispanic)/2 (Asian)

Participants laid supine on the bed and performed voluntary end-expiratory apneas. These
breath-hold techniques elicit a transient increase in blood pressure, similar to spontaneous sleep
apnea. Each participant performed six breath-holds of varying length, taking two-minute breaks

between each action. Each breath-hold was performed for as long as each participant felt



comfortable, resulting in breath-hold durations of varying length. Data were collected under
Kansas State University IRB protocol #9386.
Pre-processing and Filtering

After data acquisition, BCG and reBAP signals were filtered using 1025-coefficient FIR
digital filters to remove out-of-band noise. BCGs were bandpass filtered between 1.5-15Hz, and
the reBAP signal was lowpass filtered at 25Hz. These filters were implemented to remove high-
frequency noise (60Hz) from both signals and remove the DC offset of the BCG signal. FIR
filters were selected due to their constant group delay, allowing for simple offset correction when
time-aligning with other signals. Once filtered and time aligned, the Pan Tompkins algorithm
[33], [34] segmented the reBAP and BCG beats based on the ECG R peaks. Figure 1 shows an

example of the resulting time-aligned, segmented signals.

BCG and reBAP Segmentation

reBAP

BCG

Signal Amplitude

Time (s)
Figure 1: Signal Segmentation
The resulting reBAP beats were used to extract the blood pressure labels, and the BCG

beats were used to extract the frequency features used for prediction. Individual beats were

10



removed if reBAP, ECG, or BCG corruption were detected. The criterion for corruption for each

signal is defined in Table 2.

Table 2: Corruption Criteria and Root Cause

Corruption Criterion

Root Cause

Width of ECG (R-R interval) is too ECG during data
ECG large/small (+/- 30% of mean R-R Interval) |acquisition

Disconnection of

Motion artifact/error

Systolic peak/diastolic trough not present in reconstruction of
(peak-peak difference less than 30% brachial artery
reBAP |deviation of mean) pressure
Artifact present in individual beat (standard
deviation larger than 60% mean standard
BCG deviation of individual beat) Motion artifact

These criteria were designed based on visual inspection of the collected signals before

any analysis was performed. Additional examples were removed to ensure that the BCG beats

and reBAP labels are only relevant to the transient increase in blood pressure caused by the

breath-hold activity. Due to the variety of participants, the breath-hold technique did not always

initiate a linear increase in blood pressure for some participants. Individual breath-hold trials

containing less than 10 individual beats of data after data cleaning were removed from analysis.

Finally, participants without sufficient examples (rank sufficient) for the regression (fewer than

60 across all remaining trials) were removed from the analysis. Table 3 shows the summary of

this removal process.

Table 3: Data Cleaning Procedure

Step

Removal Process

Criteria

1

Beat-by-beat removal

Corruption Criteria

Isolate BP increase from breath-hold

Remove beats that are not included in the linear
increase in systolic blood pressure due to breath-hold
technique

Trial based removal

Remove trial from analysis if less than 10 individual
beats remain after step 2

Participant based removal

Remove participant from analysis if less than 60 total
examples among all trials after step 3

11




A one-sided, 8192-point FFT was used to represent each extracted BCG beat in the
frequency domain. Upon observation of increased blood pressure, the morphology of the
frequency response changes. Figure 2 shows an example of this behavior, which will be utilized
for feature extraction. The changing color indicates the progression of time during the breath-

hold activity for identification of frequency response changes.

SBP Change Over Breath-hold

120
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Figure 2: BCG Frequency Response Variation Over Breath-hold

The mean amplitude of each sensor’s BCG FFT at “high” and “low” frequency ranges
was calculated to extract features. This results in 16 total features (two features per eight sensors)
to be used in the regression. Due to the variety of participant-specific resonant peaks in the FFT,
a threshold between the “high” and “low” frequencies was chosen. The selection of this value

will be discussed further in the Regression Pipeline section. The corresponding labels for each

12



BCG beat were extracted using the systolic peaks of the reBAP signal. Upon extraction of
systolic blood pressure (SBP) labels, a 5-beat median filter was applied to correct any
discontinuous individual beats that were not removed via the corruption detection procedure
described above.
Regression Pipeline
With the intent of providing participant-dependent blood pressure prediction, the

prediction scheme illustrated in Figure 3 was utilized.
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BCG Breath Hold Dataset

Subject N Trial 1-6

BH Data

Rest Data

Subject N+1

BH Data

Rest Data

Repeat for all

participants

A 4

Extracted Signals

reBAP
ECG
Film (0-3)
Load Cell (0-3)

A

Preprocessing
(Account for acquisition
delay and filter BCG/reBAP)

v

v

Extract individual
time series beats
from BCG
(All 8 Sensors)

Extract Labels
from reBAP
(Systolic Peaks,
Diastolic
Troughs)

v

Remove Corrupted Data
(re(BAP/ECG outages,
BCG artifacts)

¥

Extract FFT features from
each beat for each sensor

v

A4

Nested K-Fold Cross Validation

1. Splits available trials into
Train/Test/Validate, normalize data
based on train set

2. Optimize frequency split
hyperparameter using internal folds as

validation set

3. Test performance on a per-trial basis

|

Per Participant Testing MAE
(Median across all folds)

Figure 3: Regression Pipeline
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Following preprocessing and data cleaning, blood pressure labels and corresponding
frequency features of the BCG beats for all sensors were extracted. The labels and signals were
split into training, testing, and validation sets using nested k-fold cross-validation (where k is the
number of available breath-hold trials). In this scheme, a single trial is held out for testing. Then,
the internal k-fold cross-validation is performed to generate validation set performance estimates
for each hyperparameter option (in this case, frequency split). The optimal hyperparameter is
selected based on the internal k-fold’s mean performance, and the resulting features are tested on
the held-out trial. Finally, this is repeated such that all breath-hold trials are held out as the
testing set once. A final performance estimate was reported as the mean of all folds.

Z-score normalization was applied to each set, using the mean to normalize the collected
features to a consistent range. This normalization is based on the mean, Ws-4in, and standard
deviation, o,.4in, Of the training set, where X is the matrix of features used in the regression
analysis.

X — U
Xnorm = M (1)

Otrain
Final test performance and hyperparameter validation performance were reported using
mean absolute error (MAE). y; and ¥, represent the true label and the predicted label,

respectively, and N represents the number of samples in a single fold.

§V=1|yi -3l

MAE =
N

(2)

The boundary between high and low-frequency components was utilized as a simple
hyperparameter to account for the individual complexities of the participant’s BCG signal. This
boundary hyperparameter intends to distinguish the difference in significant BCG frequency

components for each participant. The validation set was used to optimize this boundary, varying

15



from 3-12 Hz in 1 Hz increments. The resulting boundary value with the minimum validation
MAE was selected for testing as described in the nested k-fold cross-validation description.

Linear regression is a simple yet reliable benchmark to predict the continuous blood
pressure label. While more complex regression models are available, basic performance
estimation with linear regression allows for a performance benchmark. The nested k-fold
validation scheme reported the mean MAE over all breath-hold trials to present generalizable
results. This reduces the chances of overfitting based on poor distribution of labels in the training
set. A participant-specific mean baseline MAE was also calculated to verify that the model is not
over-dependent on the offset of the data. This baseline was calculated by predicting the mean
blood pressure across all training labels for each participant. To verify an increase in relative
performance, AMAE compared to this baseline was also reported.

A single participant with an abundance of breath-hold data was used for analysis for
apnea classification. Typically, most participants in this dataset perform a breath-hold for
approximately 20 seconds, producing around 120 examples before data cleaning. This single
participant results in 575 examples, after data cleaning, with an observable increase in blood
pressure during each breath-hold trial. Due to the abundance of examples, this participant was
deemed fit to test apnea classification. The same validation scheme as the regression analysis
was used with the addition of rest trials for classification. Due to the difference in size between
the breath-hold and rest trials, an equal section of the rest trial was extracted to enforce class
balance. While this will be slightly adjusted by removing corrupted examples, the overall class
balance remains at ~50%. The breath-hold examples are labeled as 1, while the rest examples are
labeled as 0. Binary logistic regression was used to classify each individual beat based on the

mean low and high frequency features.
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Results

A summarized table of results for all participants is shown in Table 4.

Table 4: Regression Results, per Participant

Participant [IMAE (mmHg) |MAE Mean Baseline (mmHg)| AMAE (mmHg) |Correlation
1 5.58 4.48 -1.10 0.24
2 2.70 3.62 0.92 0.82
3 2.91 4.43 1.52 0.76
4 4.18 4.77 0.59 0.76
5 3.23 5.03 1.80 0.84
6 6.39 9.19 2.80 0.72
7 1.39 2.39 1.00 0.80
8 3.62 4.34 0.72 0.60
9 4.08 3.00 -1.08 0.88

10 3.15 3.38 0.22 0.61
11 5.78 6.00 0.21 0.45
12 6.06 6.58 0.52 0.51
13 6.31 8.95 2.64 0.23
14 2.94 4.41 1.48 0.84
15 4.50 6.46 1.96 0.67
16 4.56 8.09 3.53 0.77
17 8.54 6.00 -2.53 0.38
18 7.49 7.01 -0.48 0.31
19 3.73 4.75 1.01 0.80
20 7.42 6.80 -0.62 0.61

Due to inter-trial variation, the median MAE across all folds was reported for both the
regression model and the baseline mean method. The correlation is also averaged across all trials,
utilizing the Fisher transform (which compensates for the skewed distribution of the correlation
coefficient) [35]. Based on IEEE Std 1078, a grade of ‘A’ describes a system with a MAE of less
than 5 mmHg [36]. For this analysis, 12/20 participants fall into this specification, resulting in an
average MAE of 4.73 mmHg across all participants. It can also be observed that 15/20

participants had an increase in performance compared to the baseline mean method. Finally,
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16/20 participants showed a moderate to strong (>0.40) average correlation across all trials
between predictors and reference labels.

Figure 4 shows the summary of performance across all participants. A positive delta
MAE indicates less error in the regression model compared to the baseline mean method,
indicating increased performance. Across all participants, the regression model commonly

outperformed the baseline mean method by ~1 mmHog.
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Figure 4: Performance Difference from Mean Baseline Method, All Participants
A common problem encountered in the validation of physiological prediction is

overfitting without correlation to the reference. While the baseline mean method may perform

comparably (or rarely better) than the regression model, there is no correlation between the
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predicted instantaneous blood pressure and the true label. Following the prediction of a single
participant, a Bland-Altman, correlation plot, and reference mean baseline Bland-Altman were
generated based on the recommendation for validation from [37]. Minimal bias from the Bland-
Altman and a linear trend in the reference plot indicate a model with meaningful predictive
power. Figure 5, Figure 6, and Figure 7 show these plots for a single trial of a well-performing
participant. Thus, a strong correlation and tighter Bland-Altman error bounds imply an

improvement in performance from the baseline method.
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Figure 5: Bland-Altman Regression Model, Well-Performing Trial
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Bland-Altman Single Trial Testing Performance, Mean Baseline
Mean Error: 2.5 + 4.6 mmHg

20
_15F .
on
T

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, o
é 10 F 4
=)
]
S o
2
3 st ° 1
" o
8 777777777777770713 7777777777777777777777777
S o
4 0©
m
-10 - .
107 108 109 110 111 112 113 114 115
Average SBP (mmHg)
Figure 6: Bland-Altman Mean Baseline
Predicted vs Reference Label
Correlation: 0.87
118 o
e
// (@]
Ve
116 © e
Ve O
e
Ve
~~~ //
= 114 e
g © -
é O //
W //OO O
2112 P
= o’
o s/
5 e
B 1ot °
(=9 s
/@
s OO
7/
108 | e
Ve
7
s
(@]
106 1 1 1 1 1 |
102 104 106 108 110 112 114 116 118 120 122

Reference SBP (mmHg)

Figure 7: Correlation Review, Well-Performing Trial
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The results above show significant predictive power for a subset of the analyzed
population. With the validation of successful blood pressure prediction using these frequency
features, preliminary apnea classification was performed on a single participant with an
abundance of examples. Figure 8 shows the cumulative confusion matrix for all six folds of
analysis. Table 5 shows the individual balanced accuracy for each fold and the resulting mean

classification accuracy for the participant.

CUMULATIVE CONF MATRIX FOR 6 FOLDS

True Class

Predicted Class

Figure 8: Confusion Matrix for Apnea Classification Task

Table 5: Per-Trial Balanced Accuracy

Fold Balanced Accuracy (%)

92.50
95.47
95.69
98.31
97.54
92.81
Mean 95.39

OO |WIN]|F
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Discussion

Based on traditional machine learning rule of thumb, more data often means better
predictive power (especially in the case of linear regression). While there may be some trials or
participants where specific sensors did not include relevant data, an advantage of this system is
its spatially diverse representation of the BCG throughout its propagation through the bed. This
variety of sensors allowed the linear regression model to weight specific sensors depending on
the individual participant’s BCG. Not all BCG systems employ eight different sensors, which
indicates that systems with fewer acquisition channels may not perform as well.

Table 6 shows the results of commonly weighted sensors and features for the regression
analysis. It can be observed that Film0 and Film1 were frequently weighted heavily by the
regression model. This may tie into their proximity under the participant's head and chest,
collecting a more “direct” BCG signal. With a majority of sensors being utilized for their “high-
frequency” features, investigation into specific, tighter frequency bands may give insight into
blood-pressure-specific information. Morphology changes between sensors in different locations
should be investigated to identify the importance of “low-frequency” vs “high-frequency”
components in this sensor configuration.

Table 6: Commonly Weighted Sensor/Features in Regression, per Participant

Sensor |Number of Participants |Low Features |High Features
Film0 5 3 2
Filml 4 0 4
Film2 2 2 0
Film3 1 0 1
LCO 2 1 1
LC1 4 1 3
LC2 0 0 0
LC3 2 1 1
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While a majority of participants performed well, there was a minority that clearly did not
extract meaningful BCG information relevant to blood pressure prediction. Upon demographic
investigation, it was observed that BMI may play a relevant role in predictive strength. Figure 9
shows a scatter plot with a resulting correlation of 0.79 (significant within 5% CI) between BMI

and resulting MAE.

BMI vs MAE, All Participants
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Figure 9: Correlation Visualization of Participant BMI and MAE
To better understand why BMI had such a clear effect on the MAE of the regression

method, feature and label distributions were investigated for each participant. Following this
investigation, it can be observed that for this dataset, BMI has a connection to the variability of
blood pressure ranges. Figure 10 shows the relationship between these parameters, with a

correlation of 0.70 (significant within 5% CI).
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BMI vs Label Variation Across Trials, All Participants

14
O All Participants
=) O Poor Performing Participants ©
T 12
g
g
o 10+ ©
=
72}
175]
=
~ 3r 0
; s :
m 6- 0
2 oo o °©
2 ©
&
o ¢ oo
o o
= 2r o ©
n
O 1 1 | 1 1 |
15 20 25 30 35 40 45

BMI (kg/m?)

Figure 10: Correlation Visualization of Participant BMI and Per-Trial SBP Variation
This correlation likely means that the larger BMI participants had a harder time

performing the breath-hold activity consistently. For some outlying, large BMI participants, the
standard deviation between blood pressure change during breath-holds was as large as 14 mmHg.
This ties in well to the observation that outlying trial performance often skewed individual
performance. It appears that this regression method, while predictive, has trouble when the
variation of blood pressure differs greatly between the training and test sets. Given the known
limitation of linear regression as a predictive method, this makes sense. Future investigation into
prediction for larger BMI participants should be performed, as this population has an increased
risk of hypertension [38].

Through the design and implementation of this analysis, multiple assumptions are made.
Based on these assumptions, future works are recommended to investigate the effects of the
resulting limitations. The participant-dependent workflow should be verified via follow-up data

collection events. Since all breath-hold trials were collected sequentially for each participant, an
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important validation step would include performance estimation for non-sequential blood
pressure measurement trials (ex. days or weeks later). While this model assists in estimating
blood pressure, additional investigation of performance for participants with CVD should be
conducted. The population of this analysis was not designed for direct investigation of CVD.
While some participants may be at risk for CVD, there is no demographic-level information
available for self-reported CVD. Another limitation present in this analysis is its offline setting.
In an online setting, real-time sampling, filtering, and blood pressure prediction take a discrete
amount of time. Additionally, the segmentation via the ECG is especially relevant to the success
of the offline analysis. In an online setting, the complex process of automatic beat detection and
segmentation must be performed consistently to prove successful. Understanding the
delays/implementation limitations for the design of an embedded system is essential when
moving this analysis from an academic setting to the patient’s bedside. Finally, the inclusion of
voluntary end-expiratory apneas in the experimental design has a clear connection to obstructive
apnea events. [39], [40] indicates a clear connection between the breath-hold and nocturnal
apneas common to hypertension. However, for diagnoses involving blood pressure increases at a
slow rate of change (over hours rather than seconds), the breath-hold may not produce similar
effects. Other activities that raise blood pressure, like mental arithmetic or cold-press [41], [42],
are relevant alternatives to the breath-hold techniques used in this analysis.
Conclusion

Bed-based blood pressure prediction using BCG can provide more equitable health
awareness and valuable information on rarely screened diagnoses like obstructive apnea. Blood
pressure prediction using the frequency domain features of multiple BCG signals can perform

comparably to IEEE Std 1078 with an ‘A’ grading of 4.73 mmHg MAE. With the end goal of
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apnea detection, preliminary classification results using these features offer an accurate
prediction of apnea events in a well-performing participant. While the analysis is specific to bed-
based BCG systems, the frequency domain representation of the BCG should be further
investigated to see if comparable performance can be observed on alternative systems. Since the
frequency domain was chosen for analysis due to the lack of standardization of time-domain
BCG analysis, it is hoped that this investigation can support the broader understanding of the
BCG’s frequency response during apnea events. Similar frequency-domain strategies could
simplify BCG signal analysis between different systems, supporting the standardization and
clarity of BCG processing. The results discussed in this chapter can support further development
into at-home blood pressure prediction devices, allowing for better access to personalized health

information.
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Chapter 3 - Enhancing BMI-Based Body Composition Prediction

Introduction

Among Americans of all ages, obesity is a present epidemic that causes an increased risk
for cardiac disease [43] and cancer [44]. Based on data from the National Health and Nutrition
Examination Survey (NHANES) from 2021-2023, 40% of adults surveyed were classified as
obese [45]. This 40% prevalence has remained consistent within the last eight years of NHANES
surveys. To classify obesity, Body Mass Index (BMI) is utilized as a simple and inexpensive
screening tool for surveys and first-principal identification. While BMI gives an estimate of
weight proportional to a standard, there are limitations for specific body types and demographic
populations. Obesity is often classified based on static cutoffs without consideration for
additional lifestyle and genetic factors. This is commonly listed as a research limitation for any
studies predicting obesity based on BMI-only screening [46]. While there are known limitations,
BMI offers a baseline obesity prediction that can be improved with additional screening
techniques like body fat distribution (DEXA, ADP) [47] and anthropometric measurements [48].
Key body fat distributions in the stomach (visceral and subcutaneous fat areas) indicate an
exceeding risk of obesity comorbidities and all-cause mortality [49]. Due to the severity of
obesity in America, it is important for the population to understand their risk of comorbidities
based on the use of measurement principles. This means that measurement devices should seek
to be as accurate and accessible as possible for consumers of all backgrounds.

With the limitations of BMI, many modern techniques exist for at-home and professional
body composition measurement. Each technique comes with its own standards and limitations.
Bioimpedance analysis (BIA) is an example of a common at-home method of body composition

prediction that can be integrated into digital scales. Bioimpedance measures the electrical
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impedance between two contact points on the body. The impedance can change based on the
composition of the electrical path through the tissue between the contact points. Generally, this
provides a relationship between the impedance coefficient and the volume of water in the
measurand. Since different tissues in the body (fat vs lean mass) have different water ratios, the
impedance coefficient can be used to predict body composition. Body fat is calculated through
the prediction of Fat-free Mass (FFM), which is based on regression using the impedance
coefficient aided by demographic/anthropometric measurements [50]. While commercially
common, there are often accuracy limitations per participant. The accuracy of the prediction is
highly dependent on measurement standardization and demographic corrections included in the
bioimpedance prediction equation. BIA data can vary as the body changes throughout the day
due to factors like food/beverage consumption, hydration, and exercise. These factors, coupled
with measurement inconsistencies, can produce significant errors when predicting body
composition [51], [52]. Commonly known as the gold standard for body composition and bone
mineral density estimation, dual-energy X-ray absorptiometry (DEXA\) is used for professional
body composition measurement. The DEXA functions are based on the principle of photon
absorptiometry. As the dual photon radiation is applied to the body, the absorption can be
measured and compared to standard water/tissue absorption. In the derivation of lean versus fat
tissue mass, assumptions must be made to predict the ratio in the measured area [53]. Originally
engineered for the prediction of bone mineral density, the DEXA has commercially expanded to
body composition prediction for consumer use. Minor drawbacks include radiation (similar in
dose to one day of background radiation at sea level) and absolute calibration validation once

installed [54].
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There are many different devices and sensors that can be used to monitor body
composition, each with its own tradeoffs. For a consumer, valuable traits of a sensing system
include low cost, accurate measurement, and a range of health predictors. At-home scales have
recently been integrating cardiac health sensing systems like the electrocardiogram (ECG). A
relevant alternative to this signal is the ballistocardiogram (BCG), the propagation of force
through the body in response to the blood flow around the aortic arch [23]. The BCG has been
proven to be able to track cardiac features like heart rate and blood pressure [55], [56]. The
propagation of this force signal through a participant’s body adds additional information not
captured in the ECG.

Studies have shown that the addition of bioimpedance data can increase BMI-based body
composition estimation based on demographic models [57]. Following the success of this
strategy, this analysis investigates the addition of BCG information and its effect on BMI-based
body composition estimation. Understanding the BCG’s predictive power relevant to body
composition would allow for the future development of all-in-one, at-home, health monitoring
devices. Aided by the flexibility of the BCG’s form factor, products could vary from integrated
beds [25], scales [58], or even wearables [59]. The following sections discuss BCG data
acquisition, model construction, and performance estimation of BCG-aided body composition
prediction. This analysis shows that the inclusion of BCG signal features can improve the

predictive estimation of total body fat percentage compared to BMI-only prediction.
Methods

Simultaneous BCG and ECG signals were recorded following the methods described in
[1]. The resulting dataset includes four electromechanical film BCG signals, four load cell BCG

signals, and four center of pressure (COP) load cell signals, along with cardiac monitor signals
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(PPG, Respiration, Heart Rate, ECG, Blood Pressure). This dataset is saved as participant-
specific MATLAB .mat files. After these signals were recorded, a DEXA scan was taken for
each participant. The DEXA scan produces an XPS file for each participant, including
demographic information (height, weight, age, sex, race), body composition information (per
region body fat distribution), and bone density information (per region bone mineral density, t-
score, z-score). Using Python, a script was generated to convert these to PDF files, which were
parsed and output into .mat files to be utilized with the bio-signal files discussed above.

This dataset includes bio-signal and DEXA data for 47 total participants (DATASET-A).
Note that for this analysis, data from an additional 44 participants (DATASET-B) were included
from an in-house unpublished dataset (discussed in Chapter 2). This unpublished dataset includes
the same type of information acquired in DATASET-A (bio-signals and DEXA scan). The
demographic information for the combined 91 participants is shown in Table 7.

Table 7: Population Demographics

Mean |Std Ethnicity  |Count
Age (years)| 35.89]|16.18]Sex Count [White 78
Weight (Ib) | 169.77|40.18|Male 43| Asian 8
Height (in) | 67.36| 3.83|Female 48|Hispanic 5

Before extracting features from the BCG signal, it must be preprocessed to remove noise
artifacts and isolate inter-beat sections. The BCG signal was bandpass filtered at 1 and 10 Hz
corners to remove the DC offset and higher frequency noise (specifically 60 Hz coupling to the
body).

The ECG signal was used to segment the BCG signal into beat-by-beat intervals. The
ECG is often paired with the BCG signal as a point of reference for cardiac activity to validate
the occasionally distorted BCG beats. With the Pan-Tompkins peak detection algorithm [34],

[60], the R peak of the ECG can be used to separate each individual beat of the BCG. Once
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segmented, each inter-beat interval of the BCG was averaged together to create an ensemble
BCG waveform. This removes beat-by-beat variation and motion artifacts to create a single
reference signal for each of the sensors in the acquisition system. Features used in this analysis
were extracted from the resulting BCG ensemble. The BCG signal utilized in this analysis is the
electromechanical film placed below the participant’s thoracic region. This sensor was selected
as it is physically closest to the heart and should have the least corrupted signal in the system.

Features were selected based on biological hypotheses and previous success in BCG
signal characterization. While not all features may be relevant based on the results of the
analysis, it is important that there is a scientific basis for each inclusion. This can provide further
insight into the interpretation of the results of this exploratory analysis.

The first features identified were relevant to the frequency domain of the ensemble BCG.
These features include the peak frequency of the ensemble BCG spectrum (1) and the peak
amplitude of the ensemble BCG spectrum (2). A common peak around the 4-6 Hz range of the
ensemble BCG’s frequency spectrum is common among all participants. Since the ensemble
BCG represents each participant’s characteristic BCG, the most prominent (resonant) frequency
component could be coupled with a participant’s physiological features, like body composition.
An 8192-point FFT (for sufficient frequency resolution between 1-10 Hz BCG bandwidth) was
used to view the frequency spectrum of the ensemble and retrieve the peak amplitude and
frequency.

Following the logic described above, the energy related to each frequency component
was also investigated. Since lower frequency (1-2 Hz) components are often attributed to cardiac
information, the energy in the higher 2-10 Hz frequency ranges (3) could provide relevant non-

cardiac information. The ratio between the energy in each band (4) and the <2 Hz frequency (5)
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was also recorded. Examples of the frequency and time-domain representations of the BCG

where these features were extracted is shown in Figure 11 and Figure 12.
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Time domain features relevant to signal propagation were also investigated. Commonly
utilized for estimating pulse transit time, the RJ interval between the ECG and BCG is a common
feature used in BCG analysis. This interval represents the time between the ECG's R peak and
the BCG's resulting J peak. While dependent on cardiac parameters like blood pressure, it could
also be affected by attenuating effects as the BCG propagates through each participant’s body to
the sensor. To record this information, each beat’s RJ interval and J peak amplitude were
recorded. Then the mean and standard deviation of all beats were also utilized as features (6-9)

An additional research path relating to the system characterization of the bed-body
system is also relevant to the investigation. This work, initially investigated in [61], sought to
quantify the characteristic ring observed on the time domain BCG signal with the end goal of
removal/compensation. Adaptive filtering techniques and frequency-domain convolution were
utilized to remove the ring. However, this system characterization of the ring could contain
information relating to the combined system of the bed and participant body. To characterize the
ring observed in BCG, the modeled 2nd-order system coefficients were used as features (10).
Adaptive filtering using Linear Predictive Coding (LPC) also provides some information
relevant to this characteristic signal ring. LPC will generate coefficients that attempt to predict
new samples of data based on historic time series BCG data. Since the characteristic ring is
commonly constant for each BCG beat, the LPC coefficients are used as features (11), assuming
they represent information about this common signal component

Originally, height and weight were considered as two separate features (12,13) included
in the analysis. However, the direct conversion to the BMI feature (14) was included after the
original feature search.

Table 8 shows the description of the original feature set investigated.
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Table 8: Relevant Features Chosen for Investigation

Feature Description

1|Peak Frequency Component of Ensemble BCG Spectrum
2|Peak Amplitude of Ensemble BCG Spectrum
3|High Frequency Energy
4|LF/HF Energy

5|Low Frequency Energy
6

7

8

9

Mean RJ Interval

Std RJ Interval

Mean J Peak Amplitude

Std J Peak Amplitude

10|2nd Order System Coefficients
11|LPC Coefficients

12|Height

13|Weight

14|BMI

Once the list of features was chosen for investigation, an initial benchmarking step was
performed as a reference for performance. In this benchmarking step, only DATASET-A was
utilized in the analysis. Since many arbitrary features were selected for analysis, this
benchmarking step was used to reduce the total number of features and identify a core feature set
to be used in the final analysis. The features mentioned above were all included in the analysis.

Initial benchmarking of prediction was performed using linear regression in a leave-one-
example-out (LOO) validation scheme. To explore the feature space relevant to body
composition prediction using the BCG, the features described in Table 8 were all utilized in a
feature search. This search aimed to remove irrelevant features and give insight into how certain
features contribute more to predictive power. The feature search was utilized as a simple but
inefficient way to identify which features perform better and in what combination. The feature
search is based on the n choose k number of combinations of features provided to the regression.

Since each individual combination provides a different resulting error, each combination is
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searched until the optimal performance (minimal mean absolute error for total body fat
percentage) is achieved.

After the benchmarking step, feature sets were selected, and all 91 examples
(combination of DATASET-A and DATASET-B) were utilized for testing performance. The

features above were utilized in the machine learning pipeline described in Figure 13.

Repeat 10 times for generalizability
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Figure 13: Machine Learning Pipeline
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Each example and corresponding label were split into a 60%/20%/20%
train/test/validation scheme. The purpose of this split was to train the model on a majority of the
data and optimize hyperparameters based on the validation set. If the subset examples from
DATASET-A were to be included in the testing set, this would induce a data leakage due to
meta-information about the performance of the original dataset. Since the performance of
DATASET-A was quantified by looking at the testing results, the performance across both
datasets could be skewed by examples from DATASET-A. To remedy this, all examples that
were used in the feature search from DATASET-A were always included in the 60% train set to
avoid inducing data leakage based on feature selection. The performance reported in the results
section of this analysis is based on the testing set. To normalize the data, z-score standardization
was performed on the training set. This allows for all examples to be standardized within the
same data range, reducing overfitting to outliers. The testing and validation sets were similarly
standardized based on the mean and standard deviation found from the training set.

A variety of predictors were included in the DEXA scan reports, including total body fat
percentage, regional android (midsection area) fat percentage, regional gynoid (hip area) fat
percentage, segment-specific body fat percentage (arm, leg, trunk), as well as fat mass ratios
between regions. In the results of this analysis, only the total body fat, android and gynoid
regions are investigated. Each of these predictors (labels) is a decimal number for the sample
population. The regression models used in this analysis predict each participant’s body fat within
the range of available training labels (4.4-58.3% for total body fat percentage). The performance
was estimated based on Mean Absolute Error (MAE) (units of fat percentage points) between the

prediction and the known label.
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The choice of machine learning model is often an important design decision based on the
expected behavior and format of the data. In this analysis, the strategy of model selection was
based on the concept of model complexity. The higher the complexity, the more likely the results
are to overfit the data. A balance between complexity and generalizability of the results must be
made. The hypothesis of the analysis is that the addition of BCG signal features to BMI can
improve body composition prediction. Regardless of the machine learning model, the research
question comes down to enhancing regression performance based on the feature set provided. To
support this hypothesis, basic multivariable linear regression was used first as a benchmark. If
even a mild improvement in accuracy can be seen via Linear Regression, more advanced
machine learning algorithms can be investigated to optimize this performance based on observed
non-linearities. Based on other machine learning applications related to BCG signal analysis, the
Regression Support Vector Machine (rSVM) was used as a follow-up model, which boasts
increased performance in identifying non-linear relationships.

Another benefit of advanced machine learning algorithms is their ability to be optimized.
This optimization comes from modifications to hyperparameters, included in the creation of the
model. For Linear Regression and rSVM models, hyperparameters are often included to optimize
the generalizability of the model in the forms of constraints to their typical solutions. For Linear
Regression, the ridge parameter A can be included as a hyperparameter (Ridge Regression) when
multiple correlated features are included in the model. Equations 3 and 4 show the adaptation
from the ordinary least-squares solution to the ridge solution, where 6 is the regression
coefficient vector, X is the feature matrix, y is the label vector, and n is the number of examples.

Bors = XTX)7*(X"y) (3)

eridge = (XTX + nyu)_l(XTy) (4)
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For rISVM, the a and € define limits on the “support vectors” included in the rSVM
model. The introduction of regularization may reduce the minimum validation accuracy, but it
means that the result given for testing accuracy is not overfitted to the partitioned testing set.

Following the hyperparameter optimization on the validation set, the resulting optimized
model was tested on the unseen testing set. This results in a final quantification of the
generalized error for the optimized model predicting using BMI and additional BCG features.
This seeded data segmentation scheme was repeated 10 times to present generalized results and
effective error bounds for the reported performance.

Results

In the benchmarking phase (DATASET-A, LOO cross-validation, predicting total BF%),

the feature search produces a variety of comparably well-performing datasets. Table 9 shows the

top five performing feature sets identified by the feature search.

Table 9: Feature Search Performance

Body Fat % (Total)
Features A B C D E
Feature Selection MAE (% BF) | 5.66] 5.70| 5.71] 5.71] 5.75
Testing MAE (% BF) 7.88| 12.30f 10.50| 7.59| 9.21
Testing R"2 0.62 0.51 0.56] 0.64| 0.59
Feature Selection Rank 1 2 3 4 5
Testing Rank 2 5 4 1 3
Feature Set A B C D E
BMI BMI BMI BMI BMI
Peak Spectrum Amplitude |Peak Spectrum Amplitude [Peak Spectrum Amplitude |Peak Spectrum Amplitude |Peak Spectrum Amplitude
LF Energy LF Energy LF Energy LF Energy LF Energy
Features HF Energy HF Energy HF Energy Avg RJ Interval HF Energy
Avg RJ Interval LF/HF LF/HF LF/HF
Avg RJ Interval Avg RJ Interval Avg RJ Interval
Std RJ Interval Std RJ Interval

Mean J Peak Amplitude

Based on the results of the feature search, BMI, along with the commonly included

features 1-9, were utilized in the final analysis. Since peak frequency, energy, and RJ features
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consistently were included in the feature search, all relevant supporting features (mean, standard
deviation) were included in the analysis. The features (10,11) seemed to have poor benchmark
performance and spurious values on outlying participants. Some participants had clearly visible
ringing effects, while others had much clearer signals. Since these features depended on a clear
ring to model the 2nd-order system coefficients, this feature proved inconsistent for all 91
participants. While these features did not result in meaningful prediction for all participants,
further investigation into quantifying the system effects of the bed-based BCG acquisition
system may provide additional insight into the results shown in this analysis.

A benchmark performance with Linear Regression with a LOO testing scheme on
DATASET-A is shown in Table 10.

Table 10: DATASET-A LOO Benchmark Performance

MAE

(Total BF %)
BMI + BCG 5.73
BMI ONLY 7.63

This benchmark is used to identify the base performance of BMI-only vs BMI+BCG
features. Figure 14 utilizes a Bland-Altman [62] plot to characterize systematic bias and error

bounds in the BMI+BCG prediction results.
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Figure 14: Bland-Altman Plot for BMI+BCG Benchmark Results
Since Table 10 and Figure 14 show that comparable body composition prediction can be

performed with BMI+BCG features, the full testing and optimization scheme described in Figure

13 is performed. Table 11 shows the comparative results for the different regression models, with

and without hyperparameter optimization for multiple body composition predictors. The mean

MAE (standard deviation) is reported with bolded results corresponding to statistically

significantly different results (t-test, 5% confidence interval). BMI-only ridge regression was not

reported since ridge regression needs more than a single feature to optimize.

Table 11: Full-Scale Testing Results
MAE

Ridge Regression

8.95 (1.20)

Linear rSVM Optimized

11.35 (1.18)

10.01 (2.12)]9.49 (1.10) [11.20 (1.69) [10.83 (1.72)[11.12 (2.51)|11.10 (0.87)

10.00 (1.44)

Total BF % Android Fat % Gynoid Fat %
Model BMI+BCG |BMI BMI+BCG |BMI BMI+BCG [BMI
Linear Regression 8.58 (1.29) [9.29 (0.64)[10.50 (1.31) |10.73 (1.04)|9.37 (1.49) |11.02 (0.53)
Linear rISVM 8.66 (1.41) [9.05(0.58)[11.30 (1.43) |10.76 (0.99)|9.56 (1.60) |10.96 (0.76)
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MALE (Fat Percentage Points)

Table 11 shows that the baseline performance of BMI-only prediction of body

composition can be increased with the inclusion of BCG related features. Total body fat

percentage is the best predictor, with an increase of 1-2 percentage points worth of MAE. Since

the prediction was repeated multiple times for generalizability, the distribution of error for the

gynoid region can be shown in Figure 15.

Gynoid Fat %

Gynoid Fat %
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T T

Gynoid Fat %
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Figure 15: Boxplots of BCG+BMI Models Compared to BMI-Only Performance
It can be seen that often the upper boundary of MAE was comparable to BMI-only prediction,

while a decrease in overall MAE was seen across all models.

Conclusion

The simplicity of the BMI metric allows for practitioners of all skill levels to estimate

physical health in a fast and easy way. The tradeoff of this metric is its inaccuracies across broad

populations. To aid the accuracy and accessibility of body fat measurement, BCG signal features

can be combined with traditional BMI measures. Feature selection is an important and often

bias-filled step when utilizing machine learning. To avoid bias and user overestimation, features




were selected based on the criterion of consistent performance and algorithmic selection. Based
on these criteria, some features that may be worth further investigation were removed from the
analysis. Further development on features relevant to single-sensor and multi-sensor
configurations is worth investigation.

While sex and demographic data were collected for all participants, this information was
not included in the analysis. In obesity classification, it is common for BMI cutoffs to be defined
per ethnicity [63], age [64], or even height [65]. Future investigation with a more diverse dataset
could provide corrections to the baseline prediction discussed above. This preliminary analysis
comes with some fair limitations considering the exploratory nature of the research question.
Due to the offline nature of this exploratory analysis, further development of a real-time system

to integrate and process BCG signals is needed.
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Chapter 4 - BCG Acquisition System Design: Hospital Bed

Integration

Introduction

This chapter focuses on bed-based BCG sensor instrumentation design to be integrated
with adjustable-height hospital beds in a sleep study setting. The bed-based modality provides
constraints in the overall BCG acquisition system design. Design decisions like sensor choice
and mounting position primarily affect the signal quality of the resulting BCG. In Kansas State
University’s bed-based BCG system, electromechanical film sensors are placed under the
mattress, and load cells are placed under the double bed's four posts. The variety of sensors
included in the bed system provides a comprehensive view of the BCG signal and body position
throughout a night of sleep or a recording trial.

A current limitation of this system is its dependence on the framing and design of the
bed. In settings where non-obtrusive health monitoring is needed for typically stationary patients,
the bed design utilized in Kansas State’s system requires design updates due to its typical four-
post bed frame. Depending on the use case, possible settings like sleep labs, assisted living
facilities, or hospitals could all be ideal locations to integrate BCG acquisition systems. As
patients lose mobility, typical beds (and bed frames) are replaced with medical-grade hospital
beds. The four posts supporting the bed are often replaced with caster wheels for improved
mobility, which proves difficult to instrument with load cells. The bed frame under the mattress
may not support the size or stability required for EMFI film acquisition. Additional risks in terms
of safety and durability are more relevant for such elderly or sensitive populations. These are all

system-level constraints that affect the overall implementation of the BCG system.
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To remedy these risks, this chapter focuses on the design and fabrication of load cell
sensors integrated into a hospital bed leg form factor. The background research, design process,
fabrication specifications, and system testing are documented in this chapter. This design and
fabrication process was conducted over three weeks for a quick-turn test installation with a

potential clinical partner.
Hospital Bed Specifications

This design focuses on a roll-in-low, adjustable-height Night Rider SHD, a three-function
48x80” hospital bed with 5” casters. This hospital bed is designed with a scissor lift height-
adjustment feature. The height can be reduced to support the bed on its 5” caster wheels to move
the hospital bed as needed. Once positioned, the height can be increased to fit the patient's needs.
Additional head and foot angles can be adjusted as well. Figure 16 shows the hospital bed in its
typical configuration for a sleep lab setting. Figure 17 shows a close-up of the 5” caster wheels

that will be applicable to the design.

Figure 16: Night Rider SHD Hospital Bed
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Figure 17: 5™ Caster Wheels Utilized in Hospital Bed
When reviewing the possible instrumentation locations for this bed, the caster wheels

provide a challenge for integrating load cells. Ideally, a load cell should be placed under a
directly coupled, axial force produced by the weight of the bed and patient. In this configuration,
there is no convenient way to place a load cell under the caster or roller wheels without removing
stability or mobility from the bed.

Design

Key Design Criteria

1. Safety

The bed legs must be designed to support the weight of the hospital bed and the variable range of
patient weights and body positions. The average hospital bed weighs around 200Ibs with an

upper limit of acceptable capacity of 600 Ibs. As such, each bed leg should be able to support at
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least 10001bs to reach a factor of safety of 1.25. Since off-the-shelf components are utilized in
this design, proper material safety ratings and weight limits are required. Consideration and
testing of both safe and unsafe patient operation of the hospital bed must be performed. External
wires that may lie across the floor and other walkways should be minimized.

2. Coupling/Fastening
The design of this equipment leg is focused on integration with the specific model of the Night
Rider SHD hospital bed. Using the dimensions of the bolted caster wheels, proper hole
dimensions and equipment leg geometry must match. The critical alignment components of this
design include four 5/8” holes on the mounting surface of the equipment leg following the

dimensions shown in Figure 18.

3.50
3.00

Figure 18: Caster Wheel/Bed Leg Mounting Holes
3. Timeline

Due to the quick turnaround for this design, lead time and fabrication time must be minimized.

To do this, off-the-shelf parts and expedited in-house fabrication techniques will be used. This
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will reduce the bill of materials of the overall design and allow for better control over

individually fabricated components. 3D printing will be used for non-structural components.

Design Modeling

Based on the design criteria above, a rough model of the bed and instrumented equipment legs

was first created. Figure 19 and Figure 20 show the design of the bed system.

Electromechanical Film

Load Cell Embedded i
Bed Legs x4

Figure 19: Simplified Hospital Bed BCG Acquisition System

Figure 20: Height Adjustable Feature of Hospital Bed
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Instead of creating a design to accommodate the caster wheels that the bed utilizes, this
design replaces the caster wheels with static equipment legs. These legs allow for direct axial
force to be applied to each integrated load cell sensor. To install these legs, the 5” caster wheels
are replaced during a measurement trial, and the bed is lowered until the four installed bed legs
support it. Once the measurement has ended, the height can be adjusted to remove the support
from the bed legs, and the caster wheels can be replaced if needed. While this requires specific
mounting geometry based on the caster wheel fasteners, it provides a comparable design to
Kansas State University’s system with the added benefit of load cell stability inside the bed leg.
Additional investigation into load cell-integrated caster wheels was performed. Based on the
timeline and safety requirements, it was not deemed feasible to implement such a design.

Due to timing constraints on fabrication time and cost, it was decided to purchase the

equipment leg as an off-the-shelf component. A Component Hardware 1-5/8” OD x 6”H

stainless steel security equipment leg with adjustable flanged toe with holes was selected for the

body of the equipment leg. Originally designed to support industrial equipment and institutional
applications, this product includes a static load rating of 2,000 Ibs. (within the necessary safety
factor). This allowed for a reliable safety rating to be included in the design without additional
safety testing. After modeling this equipment leg in SOLIDWORKS, the sensor mounting and
alignment plates were modeled around the leg’s critical geometry. The resulting assembly is

shown in Figure 21. Figure 22 shows the bill of materials and exploded view of this design
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https://www.amazon.com/Component-Hardware-Stainless-Equipment-Adjustable/dp/B0C6V5HYK2/
https://www.amazon.com/Component-Hardware-Stainless-Equipment-Adjustable/dp/B0C6V5HYK2/

BCG Load Cell Leg Mount

TEM NO. FART NUMBER Qry.
1 Equipment Leg 1
2 Load Cell Sensor 1
3 Mounting Plate 1
4 316 Stainless Steel Washer 2
5 18-8 Stainless Steel Hex 2
Head Screw
& Load Cell Alignment Plates 2

Figure 22: Exploded View and BoM
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Fabrication and Testing

After modeling the design, the alignment and mounting plates were fabricated. Based on
the geometry of the selected equipment leg, fastening plates were water-jet machined in-house.
The design included four 5/16” holes for mounting. Two of these holes are threaded to align with
the equipment leg. The other two holes are included to insert the alignment plates that hold the
load cell in place. These alignment plates were 3D printed for quick fabrication time and reduced
dependency on tolerancing.

Figure 23 shows the mounting plate with load cell installed. Note that the red, 3D-printed
load cell alignment plates are recessed compared to the load cell sensor, allowing for direct
coupling of force on the sensor (without any contact on the weak 3D-printed PLA). Figure 24

shows the assembled load cell instrumented equipment leg.

Figure 23: Fabricated Load Cell Mounting and Alignment Plates
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Figure 24: Fabricated Bed Leg Assembly

Without access to the clinical partner’s hospital bed, testing still needed to be performed
to quantify the quality of the BCG signal. Through the design process, it was ambiguous whether
the additional mounting components would affect the measurement of the BCG signal. To test
the set of four assembled bed legs, a temporary bed system was created. A wooden tabletop and
foam mattress were used as the testing bed. The equipment legs were fastened to the wooden
tabletop to ensure proper coupling and support of a single participant. Figure 25 shows the
testing setup for the signal quality tests, including the acquisition laptop running LabVIEW, NI
DAQ, and the bed testing fixture. Figure 26 shows the NI DAQ’s connection to each load cell.

Figure 27 shows the connection from the NI DAQ to the acquisition laptop.
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Figure 25: Bed Leg Testing

Load Cell
Instrumented

Figure 26: Individual Load Cell Connections
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Figure 27: NI DAQ to Acquisition Computer
The resulting signals were collected via LabVIEW and processed via MATLAB to

visualize the BCG signal from each bed leg. Figure 28 shows an annotated example of one of

these trials where a single participant laid supine on the bed.
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04 Filtered BCG Collected from Bed Leg Design
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Figure 28: Collected BCG Signals from Bed Leg Design
It can be observed that the sensors fitted near the head (BCG2 and BCG3) get clearer

-0.

—=

BCG signals compared to the sensors fitted near the foot of the bed (BCGO and BCG1). Initial fit
tests were also performed with the model hospital bed in the sleep study setting. Figure 29 shows

an example of one of the caster wheels replaced with the designed bed leg.
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Figure 29: Fit Test at Sleep Lab

Conclusion

Utilizing the constraints relevant to the specified model of hospital bed, the bed leg
design documented in this chapter fulfills the planned design intent. With a load rating far
exceeding the rating of the hospital bed, this design offers a simple, small BoM alternative for
instrumenting hospital beds with load cells. While this design is limited in scope to hospital beds
with the specified caster configuration, small updates to the mounting plate can be made in future
iterations to offer implementations in other models of hospital beds.

Further iterations of load cell mounting configurations should be investigated for
different bed-based BCG system designs. Due to the variety of consumer and medical bed
frames, multiple mounting designs could be investigated with the end goal of providing flexible
integration into any bed form factor. As future BCG research is conducted at Kansas State

University, this “library” of BCG integrated mounting designs and fixtures could offer flexibility
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when partnering with clinical and academic partners. This would also allow for an expanded
understanding of the system effects induced by sensor mounting configuration. This chapter is
documented with the intent to contribute to Kansas State University’s “library” of BCG

acquisition designs.
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Chapter 5 - Conclusion

At the time of writing this, there are only two commonly cited BCG datasets utilizing a
variety of parallel reference sensors [1], [66] (one of which is Kansas State University). While
there are many additional smaller-scale datasets (often published with analysis) [67], [68], [69],
BCG investigation is often performed in-house and on small sample populations. Future external
verification should be investigated from one (or many) of these datasets as a way to bolster the
results discussed in the bed-based-BCG-specific analyses of Chapters 2 and 3. These chapters
offer insight into the deep range of biological health information relevant to BCG. External
collaboration and comparison between sensing modalities may be able to connect this research
with other successful health-predictive BCG features.

Due to the variety of BCG acquisition systems, standardization is a key limitation of BCG
research. While other physiological signals like EEG and ECG have clear standards for design
and interpretation [70], [71]. Standardization relevant to the BCG has not developed in recent
years beyond Isaac Starr’s original investigation in the 1950s [72], [73], [74]. Utilizing the system
design work in Chapter 4, additional investigation relevant to sensor and mounting effects on
BCG morphology should be conducted. Through continued curiosity about the BCG’s various
interpretations, Kansas State University and the broader BCG research community have the
opportunity to develop a new standard physiological signal that provides valuable insight into the

inner workings of one’s body.
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