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Abstract. Presented is a preliminary study that investigates regression trees
application for the purpose of mapping relationship between three differential
ECG leads and leads of the 12-lead ECG. The approach was evaluated on a single
ECG measurement on which it was superior to two syntheses performed by
universal and personalized linear transformations, in terms of correlation coeffi‐
cients between the synthesized and measured leads. A prominent imperfection
however is that the regression trees can output only a limited number of values
equal to the number of leaf nodes. The paper indicates some ideas on how to
overcome this deficiency.
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1 Introduction

Both linear and nonlinear methods have been used before to model relation between
electrocardiographic (ECG) leads for the purpose of leads’ syntheses [1, 2]. Among the
nonlinear methods mostly neural networks were used [3], whereas for the linear
mapping, linear regression is the most often used method. Recent publications in addi‐
tion to multiple linear regression [4], report using state-space model [5], support vector
regression [6], multi-scale linear regression [7], and combination of methods [8, 9] for
the ECG leads synthesis. In this work we will investigate the usage of regression trees
for the same purpose.

In our previous studies, we have shown that it is possible to synthesize high quality
12-lead ECGs from three differential leads (DLs) [10]. Differential leads are bipolar
leads that measure the potential between two closely placed body-surface electrodes.
DL measurements can be obtained by so called wireless body electrodes (WBEs) – novel
devices that enable minimal obtrusion and wireless transmission of recorded
signals [11].

By using the algorithm for selection of optimal DLs [10], we have identified optimal
universal positions of three DLs (see Fig. 1) from which 12-lead ECG can be synthesized
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by employing universal or personalized linear transformations [12] that map the three
DLs to the leads of the 12-lead ECG. In this study we investigate how regression trees
can be used to map the same relation.

2 Methods

2.1 Studied Data

A single MECG measurement was obtained from a patient scheduled for a coronary
artery bypass surgery. The data recording device and data acquisition procedure is
described in [13]. The measurement was obtained during our previous study [14]. The
positions of MECG electrodes are specified in Fig. 1.

The length of the measurement was 360 s. The measurement was processed using
MATLAB (MathWorks, Inc.) where first the baseline wander was removed by interpo‐
lating a cubic spline through the isoelectric points of each MECG lead and subtracting
it from the corresponding lead.

Subsequently, 10-second interval was randomly extracted from the MECG meas‐
urement and associated target 12-lead ECG obtained simultaneously. The extracted
interval was filtered by a low-pass filter with a cutoff frequency of 40 Hz, an attenuation
of 60 dB, and a stop frequency of 100 Hz. First seven seconds subinterval of the extracted
interval was used for building the regression trees, whereas the remaining three seconds
were used for the evaluation.

2.2 Regression Trees

Regression trees are simple but effective method of fitting a set of numeric input vari‐
ables to a single numeric output variable. The general concept of regression trees is to
partition the space defined by input variables and fit a simple model (usually a constant)
in each one of the partitions [15]. In addition to regression trees, which give numeric

Fig. 1. Schematic locations of multichannel ECG (MECG) electrodes on the chest (left) and the
back (right). The gray lines represent the calculated optimal universal leads for the 12-lead ECG
synthesis: {(13, 18), (22, 25), (4, 5)}.
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responses, there are also classification trees, which give responses that are nominal, such
as true or false.

To create regression trees between the three optimal DLs and the 12-lead ECG we have
used MATLAB’s Statistics and Machine Learning Toolbox™ trees which are binary. The
details of how MATLAB creates trees can be found in the MATLAB’s documentation
[16]. All the parameter of function that creates trees were left on default values.

2.3 Experimental Procedure

The three optimal differential leads were calculated from the input MECG data (10 s
intervals) by taking differences between appropriate MECG unipolar leads, e.g. DL (13,
18) is obtained as a difference between MECG leads 13 and 18. A regression tree was
then built between the three DLs and each of the leads of the 12-lead ECG which makes
12 trees all together. The trees were examined for the number of nodes created.

To evaluate the performance of the created trees they were used to synthesize the 12-
lead ECG (in regression trees terminology: “predict the response”) on the evaluation three
second subintervals. The linear correlation coefficients (CCs) between the 12-lead ECG
synthesized by using trees, and the measured target 12-lead ECG, were compared to the
CCs obtained by the universal and personalized transformation matrix. The synthesized 12-
lead ECG was also compared to the target measured 12-lead ECG visually.

3 Results

Table 1. shows the CCs between the synthesized and measured (target) leads for the tree
synthesis methods on the evaluation interval. Additionally, the synthesized 12-lead ECG
obtained from the regression trees, are compared with the measured 12-lead ECG,
graphically in Fig. 2. whereas a closer look on a segment from lead I is presented in Fig. 3.

Table 1. Correlation between the synthesized leads and the measured leads for universal linear
transformation, for personalized linear transformation, and for regression trees.

Lead Universal transformation Personalized transformation Regression trees
I 0.9543 0.9940 0.9920
II 0.9446 0.9485 0.9610
III 0.8716 0.9885 0.9889
aVR 0.9644 0.9918 0.9903
aVL 0.9332 0.9933 0.9919
aVF 0.6133 0.9473 0.9686
V1 0.9668 0.9796 0.9918
V2 0.9604 0.9943 0.9946
V3 0.9087 0.9876 0.9968
V4 0.8447 0.9718 0.9939
V5 0.8967 0.9681 0.9912
V6 0.9752 0.9823 0.9894
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Fig. 2. Target (below) and synthesized (above) 12-lead ECG. On lead I, a T-wave that is zoomed
in on Fig. 3., is approximately marked with a dashed ellipse.

Fig. 3. Target (smooth) and synthesized (coarse) signals on a segment form lead I approximately
marked in Fig. 2. (The two signals were moved one on top the other for easier comparison.).
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4 Discussion

Table 1. reveals that even though the CCs between the synthesized and the measured
leads are high for all the leads and all three synthesis methods, the synthesis with the
regression trees is still superior to the other two methods. In only three leads has person‐
alized transformation outperformed the regression trees (leads I, aVR, aVL) but in those
situations the CCs for both methods are larger than 0.99.

In Fig. 2 the leads synthesized by regression trees seem almost identical to the meas‐
ured leads of the 12-lead ECG, but a closer inspection (Fig. 3) reveals that the synthesized
leads are coarser that the measured leads. This is because the output from regression
trees can take only limited number of values, i.e. the number of output values is equal
to the number of leafs a tree has. In our experiment the trees had number of leafs in a
range from 1302 to 1374.

The possibilities for improving the synthesis output form the regression trees would
be to increase the number of output leafs which will in turn increase the number of levels
the predicted value can obtain, and/or to use a filter to smooth the output of the synthesis.

5 Conclusion

We have used regression trees to map relations between three DLs and the leads of the
12-lead ECG, for the purpose to synthesize the 12-lead ECG. The approach was eval‐
uated by using one MECG measurement and has shown to be superior to the universal
and personalized linear transformations used in previous investigations.

This is a preliminary research which shows that the regression trees have a potential
in modeling relations between ECG leads. Further work is needed to investigate their
performance on more measurements from different subjects, and to find satisfying solu‐
tion for smoothing the output of regression trees.

The proposed synthesis of the 12-lead ECG from the 3 DLs enables new applications
of the WBEs in Internet of Things (IoT) supported long-term remote health monitoring,
because it enables a significant data reduction since only three leads have to be commu‐
nicated, instead of eight independent leads in the standard 12-lead ECG.
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