
Explainable Algorithm for Automatic Detection and
Quantification of Preload Alterations using
Seismocardiography
Emil Korsgaard 

Aalborg University
Ahmad Agam 

Aalborg University Hospital
Peter Søgaard 

Aalborg University Hospital
Rasmus Møgelvang 

Rigshospitalet Copenhagen
Charlotte Burup Kristensen 

Rigshospitalet Copenhagen
Jørn Wulff Helge 

University of Copenhagen
Kasper Sørensen 

VentriJect ApS
Johannes Jan Struijk 

Aalborg University
Samuel Emil Schmidt 

Aalborg University

Article

Keywords:

Posted Date: September 30th, 2026

DOI: https://doi.org/10.21203/rs.3.rs-10906309/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

https://doi.org/10.21203/rs.3.rs-10906309/v1
https://doi.org/10.21203/rs.3.rs-10906309/v1
https://doi.org/10.21203/rs.3.rs-10906309/v1
https://creativecommons.org/licenses/by/4.0/


Additional Declarations: Competing interest reported. P.S., K.S. and S.S. were employed by company
Ventriject ApS. E.K. and S.S. are patent application holders of an algorithm used in the current study.
S.S., P.S., K.S. and J.J.S. are shareholders in Ventriject ApS. S.S. is shareholder in Acarix AB. The
remaining authors declare that the research was conducted in the absence of any commercial or
financial relationships that could be construed as a potential conflict of interest.



1 

 

Explainable Algorithm for Automatic Detection and 
QuantiƱcation of Preload Alterations using 
Seismocardiography 
Emil Korsgaard1, Ahmad Agam2,3, Peter Søgaard2,3, Rasmus Møgelvang4, Charlotte Burup 
Kristensen4,5, Jørn WulƯ Helge6, Kasper Sørensen7, Johannes Jan Struijk1, and Samuel 
Emil Schmidt1 

1 Department of Health Science and Technology, Aalborg University, Aalborg Denmark  

2 Department of Cardiology, Aalborg University Hospital, Aalborg Denmark 

3 Department of Clinical Medicine, Aalborg University, Aalborg Denmark 

4 Copenhagen University Hospital Rigshospitalet 

5 Cardiology, Department of Clinical Sciences, Lund University 

6 Department of Biomedical Sciences, University of Copenhagen, Copenhagen, Denmark 

7 VentriJect ApS, Denmark 

 

Corresponding Author: Emil Korsgaard, email: emilk@hst.aau.dk   



2 

 

Abstract 

Both in heart failure, intensive care, and the perioperative setting there is a need for 
close monitoring of cardiac hemodynamics such as preload and cardiac output to 
improve patient outcomes. Monitoring of vital signs is widely used; however, insuƯicient 
treatment and high mortality and complication rates persist. Echocardiography is a 
hemodynamic monitoring method; however, it is operator dependent and does not 
provide continuous monitoring. Therefore, the aim of this study is to develop and 
validate a novel algorithm detecting preload alterations using seismocardiography. 

Seismocardiograms from 193 subjects from four studies were included. Two studies 
performed preload modulations decreasing and increasing preload, respectively, while 
the remaining two studies did not. Beat-to-beat features were extracted from the 
seismocardiogram. Based on principal component analysis, cluster similarity 
measures, and linear discriminant analysis, an algorithm predicting probability for 
preload decrease, no change, and increase was developed. 

The algorithm discriminated between decrease in preload and no change in preload 
with an AUC of 0.807, between decrease and increase in preload with an AUC of 0.909, 
and between no change and increase in preload with an AUC of 0.854. 

In conclusion, an algorithm for precise and explainable detection and quantiƱcation of 
preload alterations was developed and validated. 
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Introduction 

It is estimated that 64 million people suƯer from heart failure (HF) worldwide, and in 
2018 there were 1.4 million HF related visits to emergency departments only in USA 1. 
Predictions for 2030 in USA indicate that frequent hospitalizations will account for more 
than 70 % of the total direct HF related costs 2. Moreover, it has been estimated that 
there are 313 million surgical procedures yearly worldwide 3. A key commonality 
between HF and surgical procedures is the requirement for extensive hemodynamic 
monitoring in order to optimize patient outcomes. 

One of the main cornerstones of managing HF is guideline-directed medical therapy 
(GDMT) that among others make use of hemodynamic monitoring to evaluate response 
to treatment and asses what treatments to indicate 4. Thus monitoring, both in-hospital 
and remotely, is of great importance within this Ʊeld.  However, the monitoring of vital 
signs has been shown to be insuƯicient due to low patient compliance and the fact that 
the hemodynamic changes occurring in HF manifest late in the vital signs 5, 6. Another 
solution is the invasive CardioMEMS sensor measuring pulmonary artery pressure 
(PAP), which has provided promising results 7, 8. This solution does not require actions 
from the patients; however, its invasive nature and costs are main drawbacks within this 
Ʊeld.   

A major problem in surgical procedures are post-operative complications that is a 
primary cause of death 9-11. Again, GDMT is used for preventing post operative 
complications and for ensuring adequate blood Ʋow and oxygen delivery to the tissues 
12. Current monitoring methods in this Ʊeld also include vital parameters and physical 
examinations13, however, the mortality and post-operative complications persist. 
Moreover, transthoracic echocardiography (TTE) can be used to evaluate hemodynamic 
status in perioperative setting and also HF. However, TTE is operator dependent, 
variating feasibility according to patient habits, requires extensive training, and it does 
not provide continuous monitoring.  

Seismocardiography (SCG) is an easy-to-use and non-invasive technique to measure 
the local low-frequency movements on the chest wall caused by the mechanical 
activity of the heart. SCG was introduced by Mounsey in 1957 14.  Fiducial points in the 
SCG have been correlated to diƯerent physiological cardiac events such as opening and 
closures of valves, blood Ʋow in ventricular and atrial systole, and time intervals such 
as ejection time, isovolumetric relaxation time and isovolumetric contraction time 15-17. 
In addition, changes in SCG have been related to changes in PAP, myocardial 
contractility, stroke volume (SV), and preload 18-24.  

In summary, SCG has shown its potential to be used to extract central hemodynamic 
parameters, thus also carrying the potential of being an easy-to-use and cost-eƯective 
method for remote and in-hospital monitoring to optimize GDMT. One important 
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hemodynamic marker reƲecting the heart’s ability to handle venous return and generate 
cardiac output (CO) is preload, thus, tracking changes in preload is an important tool in 
optimizing GDMT. In earlier work, the relation between SCG parameters and preload has 
been shown 21-23. However, to scale the use of SCG in the Ʊeld, it is necessary to develop 
automated algorithms that identify alterations in preload if it should be used in GDMT in 
HF and in the perioperative phase. No automated algorithms for detecting changes in 
preload through the SCG have previously been developed.  

Therefore, the aim of this study is to develop an automated algorithm for detecting 
alterations in preload solely based on features extracted from SCG.  
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Methods 

The algorithm in this study was based on data from four diƯerent studies: two 
performing preload modulations and two studies without intervention as reference 
data. 42 SCG features were extracted, and based on these features a principal 
component analysis (PCA) was performed to scale the data to two dimensions. In the 
2D feature space, 4 measures of similarity between pre and post intervention were 
calculated. Based on a linear discriminant analysis (LDA) the probability and direction 
of preload alteration were calculated.   

Study Population 

Data from four diƯerent experiments were included in the study: Reverse Trendelenburg 
Experiment (RTE) used in the studies by Sørensen et. al. 17, by Agam et. al.21, and by 
Kolind et. al. 22, Saline Infusion Experiment (SIE) used in the study by Myhr et. al.25 and 
Agam et. al.24, and two No Intervention Experiments (NIE) used in the studies by 
Sørensen et. al.26 and by Hansen et. al.27  

Ethical Considerations  
The RTE experiment was approved by the Ethical Committee of Northern Jutland (N-
20120069)17, 21. SIE experiment was approved by the local ethics committee of the 
Capital Region of Denmark (H-16029778) 24, 25, while the two NIE studies were approved 
by the ethical committee of Northern Jutland (N-20160034) 26 and the local ethics 
committee of the Capital Region of Denmark (H-17008748) 27 respectively. Informed 
consent was obtained from the participants. All methods were performed in 
accordance with relevant guidelines and regulations. 

Study Protocols and Train/Test Split 

The protocol for RTE was to Ʊrst measure SCG and TTE in supine position. Secondly, the 
subject was tilted 30 degrees reversed Trendelenburg, where SCG and TTE were 
measured consecutively. Third, the subject was tilted back to supine position and 
performed a grip test during which the SCG signal was measured. Finally, the SCG was 
measured at rest in supine. Grip test was excluded from this study, since the SCG 
signals were too noisy for meaningful analysis. This resulted in three pairs of data for 
each subject: Pre-Tilt expecting a preload decrease due to lowered venous return, Tilt-
Post expecting a preload increase due to increased venous return, and Pre-Post 
expecting no preload alterations. 

The protocol for SIE was to Ʊrst measure SCG at rest in supine position. Secondly, the 
subjects received saline infusion of between 1 liter to 2 liters, depending on each 
subject’s tolerance. This resulted in one pair of data: Pre-Saline Infusion expecting a 
preload increase due to increased venous return. TTE was performed pre and post 
saline infusion consecutively. The protocol for the two NIEs was just to measure SCG in 
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supine position at rest. The measurements were split into two equal parts expecting no 
change in preload. All pairs with expected outcome as preload decrease was labelled -
1, no change in preload was labelled 0, and increase in preload was labelled 1. The 
available data and extracted pairs are illustrated in Figure 1. 

In summary, there is one data pair for expected decrease in preload originating from 
RTE, two data pairs for increase in preload originating from RTE and SIE, and two data 
pairs for no preload alteration originating from RTE and NIE.  

On a subject basis, the data were divided into training (70 %) and test (30 %). Since an 
algorithm from an earlier study 28 is used in preliminary feature extraction, the same 
data split is used to prevent data leak.  

Preprocessing and Initial Feature Extraction 

To extract features from the SCG, a beat-to-beat Ʊducial point extractor named 
SeismoTracker described in 28 was used. This algorithm extracted 11 Ʊducial points from 
each beat with suƯicient signal quality in the given SCG recording. This algorithm 
required a forward-backward 3rd order low-pass Butterworth Ʊlter with 60 Hz cutoƯ 
frequency and a forward-backward 3rd order high-pass Butterworth Ʊlter with 1 Hz cutoƯ 
frequency.  

Based on the 11 extracted Ʊducial points, 86 features within each beat were extracted. 
The 11 Ʊducial points and their relation to events in the cardiac cycle along with the 86 
extracted features are shown in Figure 2. The 86 features were time diƯerences between 
a given Ʊducial point and all combination of subsequent points, amplitudes of Ʊducial 
points, amplitude diƯerences between consecutive Ʊducial points, and slopes between 
consecutive points. Thus, the features covered all possible cardiac time intervals and 
forces aƯiliated with contraction and relaxation. 

The last step in the initial feature extraction was to identify all SCG features that 
changed signiƱcantly in a pooled analysis of the data pairs with an expected change in 
preload. In the studies by Agam et. al.21, and by Kolind et. al. 22, there has been found 
statistically signiƱcant changes in mean SCG parameters pre and post tilt in preload 
decrease, while it has been shown in the study by Schmidt et. al.23 that there are 
statistically signiƱcant diƯerences in SCG extracted parameters pre and post saline 
infusion in preload increase.  

To extract all features with statistically signiƱcant diƯerences, the pre and intervention 
SCG from the two studies were extracted. In each of the recordings, the 86 SCG 
features extracted from each beat were averaged, thus, resulting in 86 mean SCG 
features pre and post intervention in both RTE and SIE. A t-test was used to compare pre 
and post intervention SCG features for both studies. All SCG features with signiƱcant 
diƯerences and in diƯerent directions across the two studies were extracted resulting in 
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42 SCG features. This process resulted in 42 SCG features that is marked in bold and 
underlined in Figure 2.   

Algorithm Development – From 42 SCG Features to Preload Alteration 
Detection and QuantiƱcation 

Based on the training data and the 42 selected SCG features, the algorithm was 
developed using PCA, extraction of similarity measures, and an LDA model to model the 
relationship between the similarity measures and preload alterations. The process 
described in the following sections are illustrated in Figure 3. 

Algorithm step 1: PCA to Two-Dimensional SCG Feature Space  
The Ʊrst step of the algorithm development was to reduce the SCG feature dimension to 
two dimensions using PCA. First and foremost, many of the 42 features contained 
redundant information, e.g. the time diƯerence between systolic Ʊducial points and 
diastolic Ʊducial points. Secondly, this also simpliƱed the later extraction of similarity 
measures between two measurements.  

The initial 42 selected features were extracted beat-to-beat from each of the training 
recordings were pooled to one single data set, where it was min-max normalized. Based 
on the normalized data, a PCA model was Ʊtted to reduce dimensionality to two 
dimensions in order to extract to SCG principal components (SCG-PCs) reƲecting the 
most variation in the training data set. The feature weights in each SCG-PC were 
extracted to be able to analyze the results in relation to original SCG features for 
explainability.  

From here on, the beat-to-beat PCA transformed SCG features were analyzed 
individually for each subject and each data pair. For instance, a subject and a given pair 
of data, e.g. Pre-Tilt for RTE, was processed individually. Next, the same subject from 
RTE with Tilt-Post was processed, and Ʊnally the same subject from RTE with Pre-Post 
was processed. For each subject and each pair of data in the SCG-PC space, there were 
two clusters: one for recording 1 (Ʊrst cluster) and one for recording 2 (second cluster). 
Thus, the algorithm was developed for using two SCG recordings as input. 

Algorithm step 2: Extract Features in Cluster Analysis 

In the two-dimensional SCG-PC feature space, the mean direction vector of preload 
decrease and preload increase were identiƱed, thus, quantifying the direction of change 
for a preload decrease and increase, respectively. The subjects with pairs of data 
resulting in expected increase in preload and decrease in preload were extracted, i.e. 
NIE and Pre-Post for RTE were excluded for this analysis. 

For each subject and each pair of data the unit vector between the centroids of SCG-PC 
cluster 1 and SCG-PC cluster 2 were calculated, and this vector was labelled according 
to expected outcome of the given data pair. This provided a unit vector for both preload 
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decrease and increase in SCG-PC space for the training data. The mean unit vector for 
each label was extracted, providing a mean unit vector in SCG-PC space representing 
preload decrease and preload increase direction.  

In this step, the training data were processed following the same procedure as in the 
previous step, however, also data with no preload alteration expected were included. 
Then again, for each subject and each pair of data in the SCG-PC space, there was the 
Ʊrst cluster and the second cluster.  

First the Euclidean distance between the cluster centroids was calculated as a 
measure of potential change between the two measurements. Secondly, the silhouette 
score was calculated between the two clusters. The silhouette score measured the 
separation between the two clusters by comparing mean intra-cluster distance and 
mean inter-cluster distance. The silhouette score was calculated as presented in 
Equation 1.  𝑆௦௖௢௥௘ = ܾ − ܽmax(ܽ, ܾ) 

      Equation 1 

where a is mean intra cluster distance and b is the mean inter cluster distance. The 
score resulted in a value between -1 and 1, where -1 indicated no separation between 
clusters, and 1 indicated perfect separation between clusters. Therefore, if Silhouette 
score was close to 1, it indicated a change between the two recordings.  

Another measure for cluster separation was KMeans AUC. This was calculated by Ʊtting 
an unsupervised KMeans model to identify two clusters. Then the AUC between the 
KMeans Ʊtted clusters and SCG-PC cluster 1 and SCG-PC cluster 2 was calculated as 
an additional measure of class separation. If the KMeans model successfully identify 
two clusters similar to the clusters of the two recordings, it would result in AUC close to 
1 and also indicate change between the two recordings.  

To add the direction of change in order to identify decrease and increase in preload, the 
mean unit vector for these preload alterations and the cosine similarity measure were 
used. The cosine similarity is calculated as shown in  ݋ܥ𝑆݅݉௦௖௢௥௘(ߠ) = ܣ ⋅   ‖ܤ‖‖ܣ‖ܤ
      Equation 2 

where the numerator is the dot product between the two vectors, and the denominator 
is the product of the magnitudes. This score was also between -1 and 1, where -1 
indicated opposite directions, 0 indicated orthogonality, and 1 indicated same 
directions. The vector representing the direction between SCG-PC cluster 1 and SCG-
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PC cluster 2 was calculated as the unit vector between their centroids. Then the cosine 
similarity was calculated to both of the mean direction unit vectors.  

Thus, Ʊve features representing the similarity between the two measurements were 
extracted. For each pair, the similarity measures were extracted and labelled according 
to expected preload alteration outcome according to the logic presented in Figure 1 
resulting in three classes and Ʊve features. The distribution of the similarity features in 
training and test set are illustrated in Supplementary Materials Figure S1.   

Algorithm step 3: LDA to Model the Relationship Between Similarity Measures and 
Preload Alterations 

To model the relationship between the similarity measures and the expected preload 
alteration, an LDA was Ʊtted to the similarity measures based on the labels. This LDA 
model created decision boundaries based on the features resulting in a probability of a 
decrease, no change, and an increase in preload for a given pair of measurements. This 
also marks the end step of the preload alteration detection algorithm    

Evaluation of Preload Alteration Detection Algorithm 

The preload alteration detection algorithm was evaluated based on the test data and 
their respective labels according to experiment and pair of data. Each subject and each 
pair of data was input to the algorithm and a preload alteration probability score for 
preload decrease, no change in preload, and preload increase were output by the 
algorithm. Based on this, and the corresponding labels, a one vs. one ROC curve was 
made between each pair of expected outcomes. Based on this, a ROC-AUC was 
calculated.  

Moreover, a stacked bar plot was made to analyze the mean probability for each 
outcome across each label and experiment. Thus, each stacked bar represented the 
probabilities for each preload alteration outcome: preload decrease, no change in 
preload, and preload decrease in the given data set.  

Additionally, in expected decrease in preload for RTE and expected increase in preload 
for SIE, TTE measures were obtained. It is noteworthy that there are only TTE measures 
from RTE and SIE in the indicated interventions. TTE was not obtained in the other 
interventions and studies. The diƯerence in HR, SV, and CO for the data pairs is also 
calculated, since these also are a measure of how much preload changed in these two 
pairs of data. To investigate if there was a correlation between the preload alteration 
probability score and the change in SV, the probability scores were converted to a 
continuous score by subtracting the probability for increase in preload from the 
probability for decrease in preload. Thus, the continuous score is close to 1 when the 
probability of increase in preload is high, while the score is close to -1 when the 
probability of decrease in preload is high. A scatter plot with the continuous score on x-



10 

 

axis and diƯerence in SV on the y-axis were made. The Pearson correlation coeƯicient 
between the score and SV change was calculated.   
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Results 

193 subjects were included. 5 subjects were excluded from the study due to 
withdrawals or SCG signal quality insuƯicient for analysis resulting in 188 subjects 
included in algorithm development and validation. Baseline characteristics on the 
included subjects are shown in Table 1 for both training and test data. For RTE, the 
mean diƯerence in SV in intervention expecting preload decrease is -8.2 mL, while it is 
17.1 mL for SIE expecting a preload increase in test data.  

SCG-PC1 represent 45.2 % of explained variance in the dataset, while SCG-PC2 
represent 20.8 %. The 20 original SCG features with the highest absolute weight on the 
SCG-PC components and the mean unit direction vectors of preload decrease and 
preload increase are illustrated in Figure 4 a) and Figure 4 b), respectively. The time 
diƯerences between Ʊducial points in the systolic complex and the Ʊducial points in the 
diastolic complex result in the highest weight on SCG-PC1 in the positive direction. For 
SCG-PC2, the diƯerence in amplitude from Dd-Ed and the slope from Cd-Dd have the 
highest weights in positive direction. The time diƯerences from Ʊducial points Es and Fs 
to Ks and the Ed amplitude have high feature weight on SCG-PC2 in negative direction.  

The one vs. one ROC-AUC is illustrated in Figure 5. The obtained ROC-AUC between 
expected decrease and no change in preload was 0.807, between expected increase 
and decrease in preload was 0.909, and between no change vs increase in preload was 
0.854. 

The stacked bar plot is shown in Figure 6 illustrating the predicted preload alteration 
probabilities for each possible outcome for all pairs of data across the three studies. 
The mean predicted probability for a preload decrease in RTE when expecting a preload 
decrease was 0.670, while the predicted probability was 0.226 and 0.103 for predicted 
no change and preload increase, respectively.  

The mean predicted probability for RTE when not expecting a change in preload is 0.226, 
while the predicted probability is 0.113 and 0.660 for preload decrease, no preload 
change, and preload increase, respectively. For the NIE data when expecting no preload 
alterations, the predicted probability was 0.145, 0.810, and 0.046 for preload decrease, 
no preload change, and preload increase, respectively. For expected preload increase 
for the RTE study, the mean predicted probabilities were 0.648, 0.215, and 0.137 for 
preload decrease, no preload change, and preload increase, respectively. For the SIE in 
expected preload increase the predicted probabilities were 0.668, 0.285, and 0.027 for 
preload decrease, no preload change, and preload increase, respectively.  

The continuous preload alteration score based on the predicted probabilities from the 
algorithm and the change in SV result in a Pearson correlation coeƯicient of 0.630 and 
the scatter plot is illustrated in Figure 7.    



12 

 

Discussion 

By combining simple signal processing methods in the form of PCA and LDA with a 
cluster-based similarity measures, an explainable model predicting probabilities for 
preload decrease, no preload change, and preload increase has been developed. The 
algorithm in the current work is the Ʊrst to automatically track changes in preload based 
on automatically beat-to-beat extracted SCG features.  

Current hemodynamic monitoring in HF patients and the perioperative setting is not 
suƯicient and does not provide the necessary clinical applicability to adjust treatment 
and improve outcome for the patients 5, 6, 11, 29. Within both HF and in perioperative 
patients preload alterations will occur, and it is an important parameter for the heart’s 
ability to produce the required CO. Thus, since the developed algorithm can track 
preload alterations with AUCs above 0.8, it is a step towards continuous monitoring of 
central hemodynamic parameter that possibly could be used to guide GDMT through 
SCG. Additionally, the sensor required for obtaining SCG signals is very small and 
lightweight and thus convenient for patients to wear both in-hospital and remote 
extending its application area.  

This carries the possibility for using it as constant continuous monitoring in HF patients 
in their daily lives as well as in patients undergoing surgical procedures that can wear 
the sensor until discharge or stabilization. However, the minimal recording duration for 
obtaining a useful SCG signal is down to 30 seconds, so it will also be possible to use 
such system for samples and spot checks whenever that is found feasible. 

An advantage of the developed algorithm is its explainability. The SCG-PC features 
obtained from the PCA can be tracked to the original features through the feature 
weights. Moreover, the features with the highest weights are also consistent with earlier 
Ʊndings based on the same data 21-23. A larger value of SCG-PC1 is aƯiliated with an 
increase in preload, and based on the feature weights this means a prolonged time 
between systolic and diastolic complex according to an increased ejection time due to 
increased venous return. This is consistent with the Ʊndings by Schmidt et. al.23.  

In addition, the time from Ʊducial points Es and Fs to Ʊducial point Ks had high negative 
weight on SCG-PC2, indicating that a decrease in these time intervals is aƯiliated with a 
preload increase. This is due to the decreased contraction time required to reach the 
peak systolic outƲow as venous return increases, which is consistent with the Ʊndings 
by Kolind et. al.22. Also, the diastolic amplitude diƯerence between Ʊducial points Dd 
and Ed increases as preload increases, which might be due to increased forces required 
for ventricular relaxation due to higher end systolic volume. In summary, the feature 
weights and identiƱed directions of preload decrease and increase in the SCG-PC 
feature space align with the expected physiological changes occurring in preload 
modulations, which strengthens its potential use in clinical practice.   
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Based on the stacked bar plots and the obtained AUCs, the algorithm was challenged 
when predicting data with no expected change in preload in RTE. Often, the model 
predicted preload increase on this data. Since the predictions on the NIE for no 
expected preload alterations resulted in high mean probability for prediction of no 
change, it might be caused by the data acquisition protocol in RTE. Before the post 
measurement has been performed, the subjects performed a grip test, which 
potentially resulted in an actual increase in preload for these subjects. Moreover, the 
subjects were tilted prior to this measurement, and the subject’s cardiovascular system 
might still be compensating for this. Both of these reasons could indicate that the 
expected no change in preload for the RTE actually could be a preload increase due to 
experimental protocol. Additionally, the changes in CO for the RTE for expected 
decrease in preload are small compared to SIE for expected increase in preload, 
indicating that the actual preload response is higher in the SIE data. This could also 
explain why the AUC was lowest when diƯerentiating between expected decrease in 
preload vs no change in preload.    

The Pearson correlation of 0.63 between the change in SV and the continuous preload 
alteration score extracted from the algorithm indicate a weak correlation between the 
change score and SV changes. Multiple reasons for this exist. Firstly, the TTE extracted 
SV is not measured simultaneously to the SCG features, low number of subjects, and 
the features were not extracted with the sole purpose to estimate SV. However, in earlier 
studies a strong correlation between SV and SCG extracted features has been found 18, 

30, 31. This supports the use of SCG in hemodynamic monitoring.  

Study Limitations 

The number of subjects in the data pairs with expected decrease in preload is relatively 
low, while also the use of reverse Trendelenburg in healthy subjects might not cause 
high preload alterations due to compensatory factors. Therefore, it would be relevant to 
perform alternative preload modulations provoking a more extensive preload decrease 
than in RTE. However, it is also a strength that the algorithm’s performance is not as 
good as in the SIE study in the low degree reverse Trendelenburg if it should be used in 
monitoring setting, since similar changes would also occur in remote and in-hospital 
monitoring due to patient positioning changes. In these cases, it is not relevant that the 
algorithm indicates a signiƱcant preload change. Moreover, only some of the subjects in 
SIE had CVD, however, the subjects in NIE and RTE were healthy. It is relevant to include 
more subjects with CVD to also prove feasibility of the algorithm in relevant CVD groups 
for use in perioperative phase and HF monitoring.  

In addition, this is an exploratory feasibility study of an algorithm for detecting changes 
in preload. There is still the need for more extensive trials with CVD patients to be able 
to correlate the preload change predictions to speciƱc outcomes to obtain the ultimate 
goal: the possibility of using the algorithm in clinical practice to e.g. use in GDMT.   
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Conclusion 

An explainable algorithm for automatic detection and quantiƱcation of preload 
alterations using simple PCA, cluster similarity measures, and LDA has been developed 
and tested. With further validations, the algorithm could potentially be used in 
monitoring HF patients and in the perioperative setting. 
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Figures 

 

Figure 1: The data, corresponding intervention, and the data pairs with expected outcomes and labels. The data pairs 
cover how the diƯerent recordings are paired to modulate an outcome in preload. One pair results in preload 
decrease, two pairs result in preload increase, and two pairs result in no change. RTE: Reverse Trendelenburg 
Experiment, SIE: Salt Infusion Experiment, NIE: No Intervention Experiment. 

 

Figure 2: The Ʊducial points identiƱed and the relations with cardiac event and all the features extracted from the 
initial feature extraction process. The features selected following the initial feature extraction process are marked in 
bold and underlined. 
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Figure 3: The Ʋow of the algorithm. The 42 SCG features are Ʊtted with a PCA to obtain tw-dimensional SCG-PC 
feature space. Based on this and labels from train data, mean direction unit vectors for decrease and increase in 
preload were calculated. In the PCA domain, the similarity measures are calculated and Ʊtted to an LDA resulting in 
decision boundaries for calculating the preload alteration probability score.  
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Figure 4: a) The 20 features with highest absolute weights for the two SCG-PCs. b) The unit direction vectors in the 
two-dimensional SCG-PC space for all training data, where the expected outcome is either preload decrease or 
preload increase. Additionally, the mean unit direction vector for each expected outcome is highlighted. 

 

Figure 5: The one vs. one ROC and corresponding AUC. First column is the expected outcome for preload decrease vs 
no change, second column is preload decrease vs preload increase, and third column is no change vs preload 
increase. 

a) b)
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Figure 6: The preload alteration probability score for the three predicted classes for each pair of data. Each bar 
represents the mean predicted probability for each outcome for a given experiment and pair of data. The x-axis 
represents the expected outcome, i.e. the pair of data for the given bars. Therefore, the predicted probability of the 
expected outcome should be high on that same outcome for a good model.  

  

Figure 7: Scatter plot with best Ʊtted line and Pearson correlation for the continuous preload alteration score against 
the SV change in the corresponding pair of data.  
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Tables 
Table 1: Demographic data and diƯerence in ECG heart rate and TTE measures across the diƯerent expected 
outcomes for train and test data. There is data for each experiment, RTE, NIE, and SIE for each of the expected 
outcomes: preload decrease, no preload change, and preload increase. Number of subjects, age, and gender is the 
same for the same experiment across the expected outcomes, since only the type of intervention varies.  

      

 xp      O                    h  g           

Experiment RTE RTE NIE RTE SIE 

N 30 30 83 30 18 

Age 46.1 (17.2) 46.1 
(17.2) 

31.2 (7.0) 46.1 
(17.2) 

43.7 (15.9) 

M/F 12/17 12/17 39/44 12/17 13/5 

ECG HR diƯerence 1.6 (6.5) -2.5 (6.7) 0.8 (2.5) -2.5 (6.4) -0.4 (4.0) 
TTE HR diƯerence 2.8 (5.6)    1.2 (6.3) 
TTE SV diƯerence -8.1 (5.4)    12.0 (11.9) 
TTE CO diƯerence -0.39 (0.47)    1.0 (0.9) 

 

     
 xp      O                    h  g           

Experiment RTE RTE NIE RTE SIE 

N 14 14 35 14 8 

Age 48.1 (17.1) 48.1 
(17.1) 

31.4 (7.3) 48.1 
(17.1) 

49.0 (14.3) 

M/F 9/5 9/5 11/24 9/5 7/1 

ECG HR diƯerence -1.7 (7.0) -3.6 (6.7) 0.70 (3.3) -1.4 (4.4) 0.0 (4.5) 
TTE HR diƯerence 0.0 (5.3)    1.14 (2.85) 
TTE SV diƯerence -8.2 (6.0)    17.1 (8.82) 
TTE CO diƯerence -0.55 (0.72)    0.62 (0.88) 
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