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Abstract 

Objective. Cardiac resynchronization therapy (CRT) is commonly used to manage heart failure 

with dyssynchronous ventricular contraction. CRT pacing resynchronizes the ventricular 

contraction, while AAI (single-chamber atrial) pacing does not affect the dyssynchronous 

function. This study compared waveform characteristics during CRT and AAI pacing at similar 

pacing rates using seismocardiogram (SCG) and gyrocardiogram (GCG), collectively known 

as mechanocardiogram (MCG). Approach. We included 10 patients with HFrEF (Heart Failure 

with reduced Ejection Fraction) and previously implanted CRT pacemakers. ECG and MCG 

recordings were taken during AAI and CRT pacing at a heart rate of 80 bpm. Waveform 

characteristics, including energy, vertical range (amplitude) during systole and early diastole, 

electromechanical systole (QS2) and left ventricular ejection time (LVET), were derived by 

considering 6 MCG axes and 3 MCG vectors across frequency ranges of >1 Hz, 20-90 Hz, 6-

90 Hz and 1-20 Hz. Main results. Significant differences were observed between CRT and AAI 

pacing. CRT pacing consistently exhibited higher energy and vertical range during systole 

compared to AAI pacing (p < 0.05). However, QS2, LVET and waveform characteristics 

around aortic valve closure did not differ between the pacing modes. Optimal differences were 

observed in SCG-Y, GCG-X, and GCG-Y axes within the frequency range of 6-90 Hz. 

Significance. The results demonstrate significant differences in MCG waveforms, reflecting 

improved mechanical cardiac function during CRT. This information has potential implications 

for predicting the clinical response to CRT. Further research is needed to explore the differences 

in signal characteristics between responders and non-responders to CRT. 

Keywords: accelerometer, gyroscope, heart failure, resynchronization therapy, smartphone 

 

1. Introduction 

Heart failure is a clinical syndrome characterized 

by dyspnea and exercise intolerance due to 

impairment of ventricular filling or ejection of 

blood to circulation or both. Heart failure with 

reduced ejection fraction (HFrEF) occurs when the 

left ventricular EF is 40% or less and is 

accompanied by compensatory ventricular 

dilatation. Treatment of HFrEF includes the use of 

evidence based disease-modifying drugs and in 

selected cases accompanied by device therapies [1]. 

Dyssynchronic ventricular contraction caused 

usually by left bundle branch block exacerbates the 

symptoms and worsens the prognosis in quarter of 

heart failure patients [2]. Modern cardiac 

resynchronization therapy (CRT) can, however, 

synchronize and improve ventricular contraction 
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leading to improved exercise tolerance, health-

related quality of life, and reduced mortality [3]. 

Unfortunately, up to one third of patients do not get 

clear benefit of CRT pacing and upfront 

identification of these patients is difficult [4]. Some 

of this handicap can be relieved by optimization of 

pacing settings using electro- and 

echocardiographic indexes, but at present there is 

no consensus on which method to use for 

optimization [4–6]. 

Mechanocardiography (MCG) including 

seismocardiography (SCG) and gyrocardiography 

(GCG) records the microvibrations caused by 

movements of cardiac mass and blood in the large 

vessels with micro-accelerometers and gyroscopes 

placed on body surface [7–9]. In earlier studies, it is 

shown that a smartphone application using MCG 

can be used for screening of atrial fibrillation 

yielding a good diagnostic accuracy compared with 

devices using photoplethysmography [10]. 

Previous research has demonstrated that waveforms 

derived from SCG and GCG reproduce the main 

events seen in left ventricular twist and strain rate 

obtained from echocardiography [8,11]. 

Importantly, abnormalities caused by myocardial 

infarction and heart failure can also be detected 

using this technology [12–14]. Clinical data on 

these techniques in heart failure is still limited, but 

MCG may help to assess the clinical status of 

patients with heart failure [15,16]. In this study, we 

investigated whether MCG could be used to detect 

improvement of cardiac mechanical function 

caused by CRT pacing which could be helpful in 

prediction of the clinical response to CRT.  

2. Methods 

2.1 Patients 

   This study is part of MECHANO-HF study - a 

joint effort of the Heart Center, Turku University 

Hospital, Turku; and the Department of Computing, 

University of Turku, Turku, Finland – and included 

10 patients with HFrEF and previously implanted 

CRT pacemaker. The inclusion criteria for the study 

were: (1) the patient’s age at least 18 years, (2) 

he/she was capable of understanding and willing to 

sign an informed consent form, (3) and no 

significant valve disease or rhythm irregularities 

and stable clinical condition. Baseline 

characteristics of study population are presented in 

Table 1. MECHANO-HF studies and the protocol 

were approved by the Ethics Committee of the 

Hospital District of Southwest Finland. The study 

was performed in accordance with the Declaration 

of Helsinki as revised in 2002. All patients gave 

their written informed consent.  

2.2 Data Acquisition 

Variable        

Age (year)  Mean (±SD)  73.98 (±7.52)  

Sex  
   

Males, n  8  

Females, n  2  

Height (cm)  Mean (±SD)  172.20 (±6.97)  

Weight (kg)   Mean (±SD)  92.80 (±22.95)  

BMI (kg/m²)  Mean (±SD)  31.00 (±5.59)  

Left ventricular 

ejection 

fraction (%)* Mean (±SD)  39.90 (±8.77)  

NYHA class  
       

I, n  1  

II, n  4  

III, n  4  

IV, n  1  
*After introduction of optimal medical treatment and CRT 

Table 1. Baseline characteristics of patients included in 

the study. Note that age information was not obtained for 

one patient and left ventricular ejection fraction was 

measured after treatment. 

 

Figure 1 The device is placed on the patient's lower portion 

of the chest, measuring 3-axis acceleration, 3-axis rotation, 

and one lead ECG while the patient lies in supine position.  
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All recordings were performed in supine position 

after 15 minutes rest in a quiet environment. 

Patients were asked to breath normally and avoid 

talking and unnecessary movements. Pacemaker 

was programmed in a random order to AAI or CRT 

mode and heart rate was set at 80 bpm to get similar 

stable heart rate during the whole recording. In AAI 

mode, only atrium is paced leading to 

dyssynchronic ventricular function and optimized 

CRT mode should resynchronize the ventricular 

contraction caused by intraventricular block.  

A custom-designed device was used to collect 

measurements. The device included a 3-axis 

accelerometer (ADXL355, Analog Devices Inc., 

Wilmington, MA, USA), a 3-axis gyroscope 

(LSM6DS3, STMicroelectronics, Geneva, 

Switzerland), and a single-lead ECG. The device 

was designed for short data acquisition and not 

continuous use. Accelerometer and gyroscope 

measurement ranges were  +−2 g and +−250 dps 

respectively. Noise density of the accelerometer 

was 25 μg/√Hz and rate noise density of the 

gyroscope was 7 mdps/√Hz.  

The measurements were taken with the sensor 

placed on the lower portion of the chest with 

double-sided tape without hair removal (Fig. 1). 

Each measurement included one accelerometer and 

one gyroscope signal for each of the 3 axes, and a 

single-lead ECG. A simultaneous recording of 

MCG and ECG was conducted. 

2.3 Preprocessing & Feature Extraction 

Total duration of the recordings in our dataset 

ranged from 8 minutes to 12 minutes. A resampling 

to 400 Hz and synchronization operation were 

performed on the ECG and MCG signals. Segments 

with motion artifact or low signal quality were 

excluded manually. Thereafter, a 30-second 

segment was randomly selected to represent each 

pacing mode in the final analyses and three 

successive 10-second segments were extracted from 

these 30-second segments to enrich our analysis. As 

a result, for each subject, we extracted six segments; 

three in the AAI mode and three in the CRT mode. 

Figure 2 2 (a). The signal processing pipeline. For each patient, three segments were extracted from recordings with AAI 

and CRT pacing modes and the fiducial points of the segments were detected. For each axis in the segment, we extracted the 

synchronized averages according to the detected fiducial points and the average cycles were then passed through to the feature 

extraction pipeline. 2 (b). Distribution of the segments to different sets. For each subject, features of the first, second, and third 

segments of the corresponding mode are distributed into set-1, set-2, set-3 respectively. 2 (c). Data analysis algorithm. A 

statistical test was performed on each of the separate paired sets, and we rejected the null hypothesis if the null hypothesis is 

rejected all parallel tests.  
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Each segment contained seven signals; ECG, SCG-

X, SCG-Y, SCG-Z, GCG-X, GCG-Y, and GCG-Z.  

Four different fiducial points, Q wave, R-peak, 

aortic valve opening (AO), aortic valve closure 

(AC), were identified and used in the analysis. For 

each segment of ECG signal, R-peaks were detected 

using the algorithm proposed by Hamilton and Q 

waves were detected using the wavelet based ECG 

delineation algorithm available in NeuroKit2 

toolbox [17–19]. Q wave and R-peak detection in 

ECG were followed by a peak search in the SCG-Z 

axis. In the literature, peak detection in SCG-Z axis 

was used for estimating AO and AC locations and 

based on that study, each AO was identified as the 

maximum peak of the SCG-Z signal within the first 

125 ms after the corresponding R-peak [16]. The 

search window for AC point was based on left 

ventricular ejection time index (LVETI) and LVET 

reported in the literature [20,21]. Accordingly, the 

AC was located as the maximum peak of the SCG-

Z cycle in interval between 240–300 ms after 

corresponding AO.  

We detected all R-peaks and AO points within 

each 10-second segment. For extracting a 

representative cycle for each axis to be used in the 

feature extraction, each axis of SCG and GCG 

signals were filtered with a first order Butterworth 

filter with a passband of one from the following 

options 20-90 Hz, 6-90 Hz, 1-20 Hz, or >1 Hz (high 

pass). As an additional step, we created SCG and 

GCG vector signals by combining all SCG and 

GCG axes using the Euclidean formula to represent 

the total movement of the SCG and GCG sensors. 

MCG vectors were also created by accounting for 

range differences among the measurement units, 

scaling SCG and GCG vectors to the [0,1] range 

using the maximum and minimum values computed 

for the entire set of vectors within the respective 

frequency ranges, and subsequently combining 

them with the Euclidean formula. Subsequently, we 

extracted average cycles in each axis by aligning the 

detected R peaks and AO points separately. At the 

end of this step, we ended up with a dataset that 

contained 12 average cycles for each individual axis 

and vector signal, i.e an R-peak and an AO point 

averaged cycles were calculated for each of the 6 

segments of the corresponding signal (6 segments * 

2 different average cycles = 12 cycles).  

We aimed to reveal differences between CRT and 

AAI mode comparing their MCG waveforms. Inline 

with this objective, we needed to define systolic and 

early diastolic regions on signals by detecting AO 

and AC points on SCG-Z averages before the 

feature extraction pipeline. AO points were already 

known for AO point averaged cycles since they 

were matched in a specific point during 

synchronization operation. We detected AO points 

on R-peak synchronized averages and AC points on 

Figure 3 Waveform analysis to show the definitions of extracted features of interest from AO point averaged SCG-Z 

cycles in a heart failure patient while on CRT pacing (left panel) and AAI pacing mode (right panel).  
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both R-peak and AO point averaged cycles 

according to our definition. We performed the peak 

detection operations only on the SCG-Z signals and 

used same locations on the other axes that was 

acquired from the same segment and synchronized 

with the same reference with the corresponding 

SCG-Z signal. For each of the average cycles, two 

windows with duration of 150 ms were created. One 

window was centered on the detected AO as 

described in the previous study but with a shorter 

window [22] to avoid the noise of more distant parts 

and the other window was placed right after AC to 

focus on early diastolic region (Fig. 3). 

The windows around AO and after AC  were 

referred as systolic and early diastolic window, 

respectively. In feature extraction step, we extracted 

energy and vertical range of the signals in the 

systolic and early diastolic windows. Energy (Ex) 

and vertical range (Rx) were defined as  

 

𝐸𝑥 = ∑ |𝑥[𝑛]2|     𝑅𝑥 = max(𝑥[𝑛])

∞

𝑛 = −∞

−  min(𝑥[𝑛]) 

  

  

Additionally, we extracted left ventricular ejection 

time (LVET) and electromechanical systole (QS2) 

by computing the time interval from detected AO to 

AC  and the time interval from Q wave to AC, 

respectively. The extracted systolic and early 

diastolic features are shown in the Fig 3. Finally, we 

added all extracted features in 9 axes (3 SCG axes, 

3 GCG axes, 1 SCG vector, 1 GCG vector, and 1 

MCG vector) to our feature set for each segment 

that represented separate parts of the recording and 

differed based on pacing mode and timing in the 

recording (Fig. 2 (b)).  

2.2 Data Analysis 

We aimed to search for potential differences in 

the MCG waveform between CRT and AAI modes 

in all SCG and GCG axes, by using varying filtering 

options and synchronized averaging methods which 

differ in terms of their reference fiducial point used 

in the synchronization. For each distinct 

experiment, we put the corresponding features of 

the first, second, and third segments of CRT and 

AAI mode into the set-1, set-2, and set-3, 

respectively. Hereby, three separate paired sets 

were constructed, each consisting of one value pair 

for each subject (Fig. 2 (b)). The paired tests were 

then applied to evaluate the presence of statistical 

differences within each set. With this analysis 

protocol, we aimed to double-check the validity of 

our results by repeating the experiments on three 

separate time segments of the recordings. 

 Statistical comparisons between the pacing 

modes were performed by using Wilcoxon signed-

rank test [23] and p < 0.05 as a significance 

threshold. The differences between pacing modes 

were considered significant only when the null 

hypothesis was rejected in all distinct paired tests. 

If all of the tests did not result in the rejection of the 

null hypothesis, we did not accept and report the 

alternative hypothesis (Fig. 2 (c)).  

 

3. Results 

The vertical range (Rx) of systolic contraction 

during CRT mode pacing was higher than in AAI 

mode. The difference was significant (p < 0.05) in 

every SCG & GCG axis. SCG, GCG, and MCG 

vectors exhibited also a consistent vertical range 

differences during systole (Fig. 4). Similarly, the 

energy (Ex) of the systolic contraction increased 

when the pacing mode changed from AAI to CRT. 

This difference was statistically significant in SCG-

Y, SCG-Z, GCG-X and GCG-Y axes, and in SCG,  

GCG and MCG vectors. The differences were most 

prominent in the 6-90 Hz frequency band, and 

visible also when the frequency range was 

extended. The mean differences of systolic energy 

and vertical range between the pacing modes are 

shown in each axis, frequency range and by 

synchronization method in Figure 4.   

The pipeline with R-peak or AO point 

synchronization showed generally comparable 

results (Fig 4). The vertical range difference in 

GCG-Z axis was, however, significant only in R-
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peak synchronization, while the difference in SCG-

X was significant only with AO point 

synchronization. Mean systolic energy and vertical 

range differences in GCG-X axis for each subject 

are presented in Figure 5. In contrast with systolic 

features, we did not find any consistent differences 

in energy or vertical range after aortic valve closure 

between CRT and AAI mode; additionally, the QS2 

and LVET were not significantly different between 

these modes.  

4. Discussion 

Resynchronization of ventricular function by 

CRT pacing resulted in concordant changes in 

MCG signals in all heart failure patients as shown 

in Figure 5. The consistent finding was a significant 

increase in systolic energy and range measured 

from MCG. The differences between the pacing 

modes were most remarkable in systolic range i.e. 

maximum peak-to-peak systolic amplitude around 

AO. SCG-Y, GCG-X & GCG-Y axis together with 

the frequency range 6-90 Hz were optimal to reveal 

the differences. On the other hand, we could not 

observe any consistent changes in any of the early 

diastolic waveform parameters after 

resynchronization of ventricular function and no 

statistically significant difference was detected in 

the estimated QS2 and LVET. 

CRT reduces rate of death and hospitalization in 

selected patients with HFrEF, improves life quality, 

and produces reverse remodeling [24–28]. 

According to the literature, CRT improves the 

cardiac function by raising the left ventricular 

ejection fraction,  cardiac index, rapid rate of 

pressure rise (dP/dt) and decreasing left ventricular 

end-systolic volume index [28–30]. The effect of 

the CRT was also compared with AAI mode and it 

was found that CRT resulted with better cardiac 

function [31]. There is also growing evidence to 

show that SCG and GCG provide information on 

left ventricular stroke volume and myocardial 

contractility [12,22,32–36]. In this study, we 

analyzed the vertical range (Rx) and energy (Ex) 

features to represent systolic and early diastolic 

vibration characteristics in MCG and observed 

vertical range and energy increases in different axis 

of MCG signals when pacing mode was changed 

from AAI to CRT. Based on the earlier research, it 

is reasonable to conclude that our present 

observations on changes in systolic waveforms 

Figure 4 Systolic energy and vertical range differences for each axis, frequency range and synchronization method when 

the pacemaker mode changed from CRT to AAI. The colored squares show the experiments that showed statistically 

significant difference between the modes. The percentage in the squares represents the mean change of energy and vertical 

range after starting AAI pacing, i.e. the difference between CRT and AAI pacing modes relative to the value observed in 

the CRT mode. Color gradients in each box show the differences between all the CRT-AAI segment pairs of the 

corresponding experiment settings in descending order.  
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reflect improvement of ventricular function with 

CRT pacing and suggest that MCG could be used to 

assess the efficacy of resynchronization therapy in 

patients with heart failure. 

The first heart sound (S1) has been shown to 

diminish with reduced cardiac contractility and 

cardiac reserve and used as a clinical marker of  

heart failure [37–40].  Consistently, in the present 

study, the most salient increase in systolic energy 

during resynchronization was also observed  by 

including the higher SCG and GCG frequencies. 

Moreover, the changes in systolic components of 

MCG signals caused by CRT pacing were most 

prominent in GCG signals which is less sensitive to 

inter-subject and intra-subject variability than SCG; 

especially in GCG-X and GCG-Y axis [8,41–44].  

The difference was less prominent in GCG-Z axis 

than other GCG axes since GCG-X and GCG-Y 

axis are usually of better quality [8].  In addition, 

among SCG axes, the changes were most 

remarkable in SCG-Y axis which provides 

information on foot-to-head direction of blood 

movements. 

Different synchronization reference points can 

enhance distinct events and information since each 

axis of MCG sensors shows unique morphology in 

each hemodynamic event. In the literature, the 

fiducial points for some MCG axes were already 

defined [8,45]. Hereby, representative ability of one 

average cycle for these special morphologies 

depends on the variability of the distance between 

the fiducial point and the reference point used for 

synchronization. The effect of different 

synchronization references on SCG signal was also 

shown by Sørensen et al. [45]. For this reason, we 

used two different synchronization reference points 

for our analysis. The results when using these 

synchronizations method were mostly consistent, 

although differences in SCG-X and GCG-Z axes 

were statistically significant in only one of the 

synchronization methods.  

On the other hand, we could not observe any 

consistent changes in any of the early diastolic 

waveform parameters after resynchronization of 

ventricular function. Earlier studies have shown that 

MCG can detect a wide range of abnormalities in 

Figure 5 Mean systolic energy and range differences of subjects between 20-90 Hz in GCG-X axis according to AO point 

synchronization method. The energy and range values shown in the graph were calculated by averaging the whole 30 

second segments from the data analysis pipeline.  
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cardiac function caused by myocardial infarction 

and heart failure [12,15,46–48]. In the literature, a 

supervised machine learning approach was used 

and and it is shown that - in line with present 

findings - the strength features in systolic windows 

were lower in patients with ST elevation myocardial 

infarction than in control subjects having normal 

left ventricular function [49]. The clinical precision 

of these methods for diagnosis of myocardial 

infarction or heart failure is, however, limited; inter-

individual variation in all signal features is large 

resulting in significant overlap between the patient 

groups and healthy controls causing high risk of 

misclassification for an individual subject. On the 

other hand, tracking longitudinal changes in SCG 

and GCG signals in an individual patient may more 

reliably identify e.g. exacerbation of heart failure or 

changes of stroke volume [12,16,50]. An audible 

third heart sound (S3) is a highly specific clinical – 

but subjective - marker of elevated left ventricular 

filling pressures in heart failure [51]. In line with 

this clinical observation, the most significant 

waveform features reflecting exacerbation of heart 

failure are observed in early diastole around S3 and 

seem to be caused by increase in ventricular filling 

pressures  [52–55]. As expected, the early diastolic 

waveforms did not differ between the pacing modes 

in the present study, since the compensatory 

changes in filling pressures to preserve cardiac 

output take more time to develop.  

Earlier studies have shown that LVET in HFrEF 

patients is significantly shorter than in healthy 

subjects, and LVET is extended by switching from 

right ventricular (RV)  pacing to CRT [20,21]. 

However, the difference between mean LVET 

during CRT and RV-only pacing was only 6 ms and 

the difference was only significant when measured 

with impedance cardiography but not with 

echocardiography [21]. It is essential to note that, in 

our experiment, all MCG signals were recorded 

with a 400 Hz sampling frequency, which could 

potentially pose an obstacle to the sensitive 

observation of differences in LVET and QS2. In our 

analysis, no statistically significant difference was 

observed in the estimated LVET and QS2 in line 

with previous findings measured on SCG signals 

recorded with 5000 and 2000 Hz, which indicates 

that there is no significant difference in LVET 

between the CRT on - off settings and CRT – AAI 

pacing  [32,56]. Thus, despite that the effects of the 

CRT mode on systolic performance are salient in 

MCG, its effects on timing parameters are still 

ambigious and requires further investigation.  

5. Strengths and Limitations 

The small number of patients is a limitation and 

hampers the wider evaluation of potential 

differences in signal characteristics between CRT 

responders and non-responders especially in the 

light of arbitrary definitions of non-responders 

[57,58]. Secondly, MCG waveform analysis is not 

automatic. We used a dedicated monitoring device 

including 1-channel ECG to facilitate identification 

of fiducial points and the authors were not blinded 

to the pacemaker setting when annotating the 

signals. The strength of our experimental design 

was to provide stable undisturbed conditions 

including the constant heart rate of 80 bpm and 

quiet breathing during all MCG recordings. On the 

other hand, variable increase in sympathetic activity 

in clinical environment may affect cardiac kinetic 

energy computed from SCG and GCG and dilute 

the observed findings [59]. Such effects may lead to 

differences, even in healthy subjects. Therefore, 

future studies should concentrate on comparing 

these differences between healthy subjects and 

HFrEF patients to assess the significance of our 

results. 

6. Conclusion 

Our findings show that the mechanical signals 

recorded on the lower chest wall with the 

accelerometers and gyroscopes change significantly 

during CRT pacing reflecting improvement of 

mechanical cardiac function with resynchronization 

therapy. Micro electro mechanical systems 

(MEMS) together wearable technology enable the 

introduction of MCG in clinical environment. The 
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present findings are promising, but larger studies 

are needed to see whether MCG analysis could help 

to optimize CRT already during pacemaker 

implantation and later during follow-up.  
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