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Abstract

Heart failure (HF) is an escalating public health problem, with few effective methods for home 

monitoring. In HF management, the important clinical factors to monitor include symptoms, fluid 

status, cardiac output, and blood pressure – based on these factors, inotrope and diuretic dosages 

are adjusted day-by-day to control the disorder and improve the patient’s status towards a 

successful discharge. Previously, the ballistocardiogram (BCG) measured on a weighing scale has 

been shown to be capable of detecting changes in cardiac output and contractility for healthy 
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subjects. In this study, we investigated whether the BCG and electrocardiogram (ECG) signals 

measured on a wireless modified scale could accurately track the clinical status of HF patients 

during their hospital stay. Using logistic regression, we found that the root-mean-square (RMS) 

power of the BCG provided a good fit for clinical status, as determined based on clinical 

measurements and symptoms, for the 85 patient days studied from 10 patients (p < 0.01). These 

results provide a promising foundation for future studies aimed at using the BCG / ECG scale at 

home to track HF patient status remotely.

I. Introduction

Despite advances in treatment and relative improvement in survival, the rate of heart failure 

(HF) hospitalizations has surpassed one million yearly, with HF becoming the leading 

hospital diagnosis for Medicare patients [1, 2]. Of the $30B per year in HF related health 

care costs [3], 70% are due to hospitalizations – this represents an increase of 155% in the 

past two decades [4]. HF is the leading cause of hospitalization for elderly patients, and the 

most recent estimates of HF readmission rates to the hospital after a discharge for HF are 

25% after 30 days, and 45% after 6 months [5–7]. This rapid time-to-readmission, often 

faster than the next scheduled physician visit, has necessitated the development of home 

monitoring solutions, ranging from phone calls from a nurse [8] to implantable 

hemodynamic monitoring devices [9].

The most commonly used home monitoring solution for HF is daily bodyweight monitoring. 

In 2007, Chaudhry, et al. found that changes in bodyweight measured daily were associated 

with HF hospitalizations, and significant changes in weight preceded admission by one week 

[10]. However, recently, Chaudhry, et al. ran a large randomized control trial with 1653 

patients in an attempt to reduce readmission rates using daily weight measurement and 

telemonitoring – unfortunately, the results showed no improvement in readmission rates or 

mortality [11]. Furthermore, body weight monitoring is not reliable over longer periods of 

time since bodyweight can change for a number of other reasons [12, 13].

In addition to body weight measurements, hemodynamic monitoring at home could provide 

a more specific and sensitive means of monitoring HF patient status, with the potential to 

reduce rehospitalization rates while improving the overall quality of care. Recently, 

ballistocardiogram (BCG) measurements on a weighing scale have been demonstrated by 

two of the authors of this paper in previous work at Stanford University, and others, as a 

means of measuring changes in cardiac output [14], contractility [15], and beat-by-beat left 

ventricular function during arrhythmias [16]. The BCG is a measure of the reaction forces of 

the body in response to the heartbeat, and can be measured by the weighing scale as small 

fluctuations in bodyweight associated with displacements of the body center of mass. 

Furthermore, initial BCG studies with HF patients in clinic demonstrated that the 

morphological consistency of the BCG signal from one heartbeat to the next might be 

indicative of a patient’s clinical status [17].

In this study, a multi-disciplinary collaborative effort between engineers and cardiologists, 

we planned to explore the capability of longitudinal BCG and electrocardiogram (ECG) 

measurements taken on a wireless modified weighing scale to classify the changes in clinical 
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status of HF patients. Specifically, we aimed to address the question: Can changes in the 

root-mean-square (rms) power of the BCG – a feature previously found to be correlated to 

changes in cardiac output [14] – be used to classify whether clinical status improved or did 

not improve from one day to the next? This work would then provide the foundation for 

future studies using the BCG / ECG measurement hardware at home, aimed at creating 

predictive models for worsening or improving status for HF patients. A block diagram 

illustrating this work in the context of our previous efforts, and those previously published in 

the existing literature is shown in Figure 1.

II. Methods

A. Subject Population

This study was conducted under a protocol reviewed and approved by the University of 

California, San Francisco (UCSF) and Georgia Institute of Technology (GT) Institutional 

Review Boards (IRBs). All subjects provided written informed consent before 

experimentation.

Ten subjects with HF participated in the study, where BCG and ECG measurements were 

taken periodically (approximately once every day or every two days) throughout their 

treatment in the clinic. A total of 85 patient days were studied from these subjects. In 

addition to BCG and ECG recordings, the inotrope and diuretic dosage, fluid status (in and 

out), blood pressure, and symptoms were recorded or obtained from the patient’s medical 

record.

B. Hardware and Software

The BCG and ECG signals were measured as previously described [18], with the strain 

gauges and handlebar electrodes from the scale being interfaced to custom electronics. In 

this implementation, a microcontroller and Bluetooth radio were also used to send the 

signals wirelessly to a laptop for storage. The BCG signals were sampled at 120 Hz and the 

ECG at 1 kHz. All BCG and ECG recordings were administered by clinical personnel – 

nurses, medical students, or study coordinators – not engineering team members. The 

personnel simply instructed the subjects to remain as still as possible while on the scale.

A computer application was designed and implemented in C#, allowing for the real-time 

visualization of the data and facilitating the connection of the device to the laptop via 

Bluetooth SPP. The data were stored in comma-separated-values (CSV) format on the 

laptop.

C. Data Analysis

1) Clinical Score—The clinical status of the patients from one day to the next was 

quantified by combining different aspects of patient health that are most relevant to HF 

management. Specifically, based on the patient’s diuretic and inotrope dosages (DD and ID), 

symptoms (Sx), and blood pressure (BP), a clinical score (CS) was derived to determine if 

the patient’s condition improved, or did not improve, from one day to the next. For each 

attribute, if the patient improved compared to the previous day, a value of +1 was given; if 
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remained the same, 0; if worsened, −1. For example, if on day k the patient developed 

shortness of breath compared to the previous day, then Sxk = −1; if a different patient’s 

diuretic dosage decreased on day k compared to the previous (indicating improved 

condition), then DDk = +1. The clinical score was calculated as an average of these four 

attributes as follows:

(1)

As a result, the composite clinical score could take on values ranging from −1 to +1. Similar 

methods for developing a clinical score for quantifying HF patient status have been 

proposed in the existing literature by Packer [19].

2) BCG and ECG Signal Processing—The BCG and ECG signals were processed 

using Matlab® to reduce measurement noise, extract features of interest automatically, and 

use logistic regression to quantify the goodness-of-fit for the rms power of the BCG to the 

composite clinical score. The pre-processing of the BCG and ECG signals were as described 

in previous work [16, 18]; briefly, the signals were band-pass filtered to reduce out-of-band 

noise, the ECG R-waves were used as a trigger for ensemble averaging the BCG heartbeats 

(20–30 beats used per subject), and rms power was computed for each ensemble averaged 

BCG beat. One ensemble averaged BCG beat was computed for kth day’s recording for a 

patient, and the rms power was calculated for this beat (BCGrms,k). Since the clinical score 

measures changes in status from one day to the next, a similar relative measure was created 

for the BCG rms power for one day versus the previous day, as simply the difference 

ΔBCGrms,k =BCGrms,k −BCGrms,k-1.

3) Statistical Analysis—Logistic regression was used with ΔBCGrms as the feature 

vector, and CS as the target vector to determine the goodness-of-fit, and area under the 

receiver operating characteristic (ROC) curve (AUC). The level of statistical significance 

was set at p < 0.05. The fit of BCG rms power to each attribute within the clinical score 

(DD, ID, Sx, BP) was also investigated and the same criteria were used for evaluating 

significance.

III. Results

A. Example Results for One Subject

Figure 2 shows BCGrms measurements for one subject over time, alongside the clinically 

relevant “events”. The subject was admitted for management of cardiac amyloidosis, and the 

condition worsened to the point of receiving a heart transplant on hospital day 37. Each time 

the subject had a negative clinically relevant “event,” such as an infection, the BCG rms 

power decreased on or near that day. In the days leading up to the heart transplant, the 

subject’s condition was poor, and the BCG rms power was consistently low. Following the 

heart transplant, the rms power increased substantially. Each event produced a 

corresponding change in the BCG signal that was consistent with the clinical course.
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Figure 3 shows ensemble averaged BCG waveforms before and after the heart transplant. 

Following transplant, the BCG signal amplitude and rms power increase substantially (0.21 

to 0.40) indicating an increase in cardiac output. The BCG R-J interval increased by 13 ms 

following the transplant, reflecting the decreased inotrope dosage, as inotropes are no longer 

required for the donor heart.

B. Statistical Results for All Subjects

Changes in the BCG rms power were found to be a good fit for the clinical score (p < 0.01, 

AUC = 0.68, Se = 0.62, Sp = 0.62). The direction of the fit was as expected physiologically, 

with increasing BCG rms power indicating a likelihood of improving clinical score. Among 

the attributes, the BCG rms power was found to best fit DD, ID, and Sx (p < 0.05), and 

trended such that increasing BCG rms power indicated improvement in all of these attributes 

(e.g. less reported symptoms and decreased ID and DD).

IV. Discussion, Limitations, and Future Work

The results support our hypothesis that the BCG rms power changes on a day-by-day basis 

can be used to model the clinical status changes using logistic regression techniques. This 

further reinforces the importance of the BCG rms power as a feature relevant to monitoring 

HF patient status with BCG signals.

One limitation of this study was that 45 of the 85 patient days were derived from one 

subject. In future work, we plan to expand the datasets from the other subjects as well to 

provide better balance in the overall results. Additionally, other features from the BCG will 

be considered, such as the frequency domain features and time intervals. Furthermore, it is 

important to note that this approach would detect changes in clinical status, not the clinical 

status itself.

It should also be noted that this study was conducted in the clinic, not at home; 

consequently, the degree of changes in clinical status from one day to the next were, aside 

from major events, relatively small. The purpose of the treatment is to improve the patient’s 

status gradually with interventions until discharge. We anticipate that at home, the changes 

in clinical status over time will be much more drastic than in the clinic, as a person will 

change from feeling well at discharge, to decompensation upon the next admission to the 

emergency room or clinic. Consequently, for these larger changes, the BCG should provide 

stronger ability to track clinical status.

In future studies, where BCG and ECG equipped weighing scales will be provided to HF 

patients after discharge, we plan to use more sophisticated machine learning algorithms to 

predict worsening status in advance. This type of technology would not only allow 

physicians to adjust diuretic dosages remotely, but would also empower patients, giving 

them a tool for self-monitoring and the ability to take control over their therapy. Eventually, 

graded action plans similar to those established for asthma control, could be constructed for 

optimal titration of medication and improved quality of life.
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Figure 1. 
Block diagram showing system components – hardware, software, clinical data – required 

for advancing BCG based HF monitoring research. Previously completed and published 

work is referenced for each of the blocks. This paper presents results from a study aimed at 

investigating logistic regression as a tool for fitting BCG rms power to clinical status for HF 

patients in the clinic.
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Figure 2. 
BCG rms power (in arbitrary units) and clinical events recorded during an HF patient’s 

treatment in the hospital (note that some clinical events occurred in between BCG 

measurements). Each positive event (antibiotics, heart transplant) lead to an increase in the 

BCG rms power, and each negative event (transient hypotension, infection, increased 

creatinine) lead to a decrease in BCG rms power. Note the worsening overall trend in BCG 

rms power until day 37, when the patient had a heart transplant and the BCG rms power 

increased substantially.
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Figure 3. 
BCG ensemble average for (left) pre and (right) post heart transplant. J interval is observed, 

reflecting the decreased inotrope dosage upon transplant. The post-transplant signal exhibits 

higher signal amplitude. An increased R-Pacemaker artifact is noted at the right of each 

figure.
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