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ABSTRACT

A data set of 438 calcium transient signals measured from induced pluripotent stem cell derived 
cardiomyocytes was collected to analyze and separate abnormal signals corresponding to aberrant 
cardiomyocytes from normal signals corresponding to normally developed cells. After the calcium 
transient peak detection, the authors computed peak variable values. Each signal peak was determined 
to be either normal or abnormal. The peak variables were used for machine learning algorithms to 
classify entire calcium transient signals into normal or abnormal types. The authors evaluated the 
classification power of 10 variables to separate normal signals from abnormal ones. This article 
obtained classification accuracies of up to 85-95%, around 5% better than the results in the preliminary 
research. The correctness of the classification of the signals was inferred either by a biotechnology 
expert or by an algorithm. The new results are promising for the continuity of this area of study in 
identifying aberrant calcium transients.
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INTRODUCTION

Calcium cycling refers to the release and reuptake of intracellular calcium, and it is the central regulator 
of cardiac contraction and relaxation. Cardiac contractility is determined by the amplitude and kinetics 
of calcium cycling and therefore it has a great impact on the functionality of cardiomyocytes. It is 
initiated by action potential, and leads to the excitation-contraction coupling of the cardiomyocytes 
(Marks, 2013). Aberrant calcium cycling due to cardiac diseases or different drugs can lead to 
abnormal calcium transients, which can cause impaired contractility and fatal cardiac arrhythmias. 
It is therefore important to understand and analyze cellular calcium cycling.

Calcium imaging of cardiomyocytes is a method for monitoring calcium cycling activity in vitro. 
In recent years, the calcium cycling functionality of cardiomyocytes has been studied widely with 
induced pluripotent stem cell (iPSC) (Marks, 2013) -derived cardiomyocytes. Typically, the cells 
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are generated from patients carrying different genetic cardiac disorders, and they offer a promising 
platform for studying the pathophysiology of various disorders and drug responses in human 
cells. These previous studies have offered new insights into different cardiac diseases by revealing 
substantial defects and abnormalities in the calcium cycling of these cardiomyocytes, reflecting the 
cardiac phenotype observed in patients (Takahashi et al., 2007; Penttinen et al., 2015a; Fatima et al., 
2011; Jung et al., 2012; Kujala et al., 2012; Lan et al., 2013; Kiviaho et al., 2015; Ojala et al., 2016; 
Penttinen et al., 2015b). Recently studied diseases revealing calcium cycling abnormalities include 
catecholaminergic polymorphic ventricular tachycardia (CPVT), an exercise-induced malignant 
arrhythmogenic disorder (Penttinen et al., 2015a; Kujala et al., 2012), long QT syndrome 1 (LQT1), 
an electric disorder of the heart that predisposes patients to arrhythmias and sudden cardiac death 
(Kiviaho et al., 2015), and hypertrophic cardiac myopathy (HCM), a disorder that affects the structure 
of heart muscle tissue leading to arrhythmias and progressive heart failure (Ojala et al., 2016).

To accelerate the development, application, research, and innovations of stem cell-derived 
cardiomyocytes, we study the automatic separation of CPVT-, LQT1-, HCM-specific and control (WT) 
iPSC-derived cardiomyocytes into normal and abnormal groupings to distinguish aberrant cells from 
normally developed cells. This can be implemented by separating individual cells according to their 
calcium cycling. Thus far, this separation has been performed manually by biotechnologists or medical 
laboratory personnel. To gradually enable progress from theoretical research to medical practice, 
appropriate software based on signal analysis, pattern recognition, and machine learning algorithms is 
needed to automatize some of the routine-like but very demanding work of biotechnological experts.

BACKGROUND

The study was approved by the Ethics Committee of Pirkanmaa Hospital District (R08070). 
Patient-specific iPSC lines were established and characterized as described earlier (Penttinen et al., 
2015a; Kiviaho et al., 2015; Ojala et al., 2016; Juhola et al., 2015). The studied iPSC lines were 
UTA.05605.CPVT, UTA.05208.CPVT, UTA.07001.CPVT, UTA.03701.CPVT, UTA.05503.CPVT, 
and UTA.05404.CPVT generated from CPVT patients carrying cardiac ryanodine receptor (RyR2) 
mutations; UTA.07801.HCMM, and UTA.06108.HCMM generated from HCM patients carrying 
α-tropomyosin (TPM1) and myosin-binding protein C (MYBPC3)) mutations; UTA.00208.LQT1 and 
UTA.00118.LQT1 generated from LQT1 patients carrying potassium voltage-gated channel subfamily 
Q member 1 (KCNQ1) mutations; and UTA.04602.WT generated from healthy control individuals 
(Table 1). IPSCs were differentiated into spontaneously beating cardiomyocytes and dissociated into 
coverslips for calcium imaging studies, which was conducted in spontaneously beating Fura-2 AM-
loaded (Invitrogen, Molecular Probes) cardiomyocytes as described earlier (Penttinen et al., 2015a; 
Juhola et al., 2015). For calcium analysis, regions of interest were selected for spontaneously beating 
cells, and background noise was subtracted before further processing. Signals were acquired as the 
ratio of the emissions at 340/380 nm wavelengths.

The recognition of a peak in a calcium transient signal consists of finding its beginning, maximum, 
and end. Very small spikes with low amplitude and short duration are seen as noise and ignored. If 
the amplitude of a small spike is smaller than approximately 8% of the average amplitude estimate 
of large peaks of the signal analyzed, such a spike is defined to be noise, in other words, no actual 
peak. The recognition of peaks is based on first computing the approximated first derivative signal 
and second using appropriate thresholds for the derivative signal in order to recognize the beginning, 
maximum, and end of each peak. The suitable threshold values were found experimentally (Penttinen 
et al., 2015b; Juhola et al., 2015; Juhola et al., 2014).
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First, the beginning of a peak is found when the first derivative values remain greater than the 
threshold. Second, the maximum (top) is detected when the first derivative values are close to zero. 
Third, the end of the peak is detected when the absolute first derivative values drop to less than 
another threshold.

Peaks are recognized for further analysis in order to determine whether they are normal or 
somehow distorted, in which case they are called abnormal. This is based on computing peak variables 
related to durations, amplitudes, and shapes of peaks. These variable values are compared with 
experimentally determined threshold values or bounds to draw conclusions as to whether a peak is 
normal or abnormal. Abnormal peaks differ from normal ones. Classification of an entire calcium 
transient signal is executed on the basis of all its individual peaks: if even a single peak is found to 
be abnormal, the whole signal is classified as abnormal.

MAIN FOCUS OF THE ARTICLE

Peak Recognition in Calcium Transient Signals
At the beginning, after removing (temporarily during the peak detection) a linear trend typically existing 
in a calcium transient signal two subsets of all samples of the signal are taken, i.e., the greatest values, 
approximately 15% of all the distribution and then the smallest values as another subset of around 
15% of all values. The means of both subsets are computed separately. The difference of these average 
maximum and average minimum is used as the amplitude estimate of large amplitude peaks in the 
signal as follows. The abnormality of a peak is true if one of the following conditions is satisfied. See 
Figure 1-4 as examples. First, if the higher side amplitude of a peak in the signal is less than 65% from 
the higher side amplitude of the preceding large peak defined to be normal or at least large (greater 
than 50% of the large peak amplitude estimate), the current peak is decided to be abnormal (Figure 4, 
the red marks). However, if there is neither preceding normal peak nor any previous large peak or the 
current peak is the first one in the signal, the current peak is compared with 65% of the above-mentioned 
amplitude estimate of the large peaks. If the current peak is lower, then it is marked to be abnormal. 
Second, if the amplitude of one peak side is lower than 86% compared to the amplitude of its other side, 
this asymmetric peak is defined to be abnormal (Figure 2-4, the magenta marks). If neither the first nor 

Table 1. Cell lines used

Cell line Diseases Mutation

UTA.05605.CPVT CPVT RyR2* – exon 3 deletion

UTA.05208.CPVT CPVT RyR2 – P2328S

UTA.07001.CPVT CPVT RyR2 – T2538R

UTA.03701.CPVT CPVT RyR2 – L4115F

UTA.05503.CPVT CPVT RyR2 – Q4201R

UTA.05404.CPVT CPVT RyR2 – V4653F

UTA.00208.LQT1 LQT1 KCNQ1* – G589D

UTA.00118.LQT1 LQT1 KCNQ1 – ivs7-2A>G

UTA.07801.HCMM HCM MYBPC3*-Gln1061X

UTA.06108.HCMM HCM MYBPC3-Gln1061X

UTA.04602.WT - -

*Cardiac ryanodine receptor (RyR2), potassium voltage-gated channel subfamily Q member 1 (KCNQ1), myosin-binding protein C (MYBPC3), 
α-tropomyosin (TPM1)
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the second test did define a peak to be abnormal, the third one could still do it as follows. If the end 
location of a peak remained higher than 37% of the large peak amplitude estimate computed from the 
signal minimum amplitude (scaled to zero), such a peak would be defined to be abnormal. All percent 
values given here were formed experimentally using the data at our disposal.

In our preceding article on calcium transient signals (Juhola et al., 2015), we described the 
developed peak recognition procedure in detail as well as the classification of individual peaks into 
either normal or abnormal classes. Because we applied mostly the same peak recognition procedure 
here (some threshold values were only fine-tuned along with the extended data), we refer to our 
thorough description in (Juhola et al., 2015). In the current text, we concentrate on the classification of 
entire calcium transient signals in order to develop this classification further in terms of the efficiency 
of classification accuracy, in other words, to improve the separation of normal and abnormal calcium 
transient signals. We also studied whether the properties of transient signals of three different diseases 
differ from each other in normal and abnormal signals.

Data and Peak Variables
The signal data were measured with two programs. The older sampled data were measured at 
frequencies of approximately 8, 10, or 11 Hz and the newer data were measured at a frequency of 23 
Hz. Altogether, 438 signals were measured, 133 with the older program and 305 with the newer one. 
The durations of signals varied from 7.7 s to 24 s with a mean of 16.0 s. These were short because 
the calcium imaging technique may damage the cells, thus the risk of phototoxicity limited their 
exposure time.

The numbers of peaks found by the peak recognition procedure varied from 1 to 45 peaks per 
signal. The average number was 13 peaks. In total, the signals contained 5,681 peaks. All peak 
recognition and signal classification programming was implemented with Matlab.

Figure 1. A normal calcium transient signal: all entire peaks recognized (the beginnings and ends found are marked with a blue 
mark) from a transient signal and assessed to be normal and labeled with a green mark at the top. (The first valid peak will be 
used in Figure 5.)
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After the peak recognition, the variable values of every peak found from the signal were computed. 
The shapes and sizes of the peaks can vary greatly. A few examples are shown in Figure 1-4. The exact 
rules to define a peak to be normal or abnormal were given in our preceding article (Juhola et al., 
2015). It is based on the use of the approximated first derivative of a signal: as simplified, peak minima 
and maxima recognized when the first derivative is close to zero or its sign changes from negative to 
positive or vice versa. The peaks found to be normal in Figure 1 and 3 are fairly “harmonious” and 
include no great shape or size differences between successive peaks. In other words, the heights of the 
left and right sides of the successive peaks are roughly same in every single peak, while the left side 
duration is frequently shorter than that of the right side. For the abnormal peaks, various irregularities 
can appear relating to the forms, sizes and also intervals between peaks computed from their maxima 
(tops). Note that the descending trend present in some calcium transient signals was removed from 
the signals in Figure 1-4 before recognizing their peaks. Nevertheless, the peak variable values were 
computed according to the original signals after the localization of peak beginnings, maxima, and 
ends. The trend removal was performed temporarily only to aid the peak recognition.

An abnormal calcium transient signal: the first occurrence as a “double peak” or two Figure 2. 
asymmetric peaks are distorted making the whole signal abnormal. The beginnings and ends found 
are marked with a blue mark. The peaks assessed to be normal are labeled with a green mark at the 
top and those to be abnormal (as asymmetric) labeled with a magenta mark.

After the recognition of the calcium transient peaks, their variables were computed. Figure 5(a) 
shows an example on the basis of which the peak variables used are described. Let us present signal 
s(t) as the function of time and certain locations from a to g where a is the beginning and g the end 
of the peak. Seven variables were earlier applied (Juhola et al., 2015): the amplitudes (height) of 
peak left and right sides,

A s d s a A s d s gl r� � � �( ) ( ) ( ) ( ),  and  	

Figure 2. 
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Figure 3. An abnormal calcium transient signal: the first occurrence of an asymmetric peak is distorted with the peak sides of 
different heights, making the signal abnormal. All later peaks were assessed as normal.

Figure 4. An abnormal calcium transient signal: all peaks but the last complete one found were determined to be abnormal 
because they were either “triple” or “double” peaks formed by asymmetric peaks labeled with a magenta mark at the top or too 
low amplitude peaks (compared to the other). Thus, the signal was abnormal.
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Figure 5. (a) The second peak from the signal s in Figure 1 classified as normal. (b) Its approximated first derivative s´ and (c) 
second derivative s´´. The location of the beginning along with the time axis is a and the location of the end g.
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in which nj is the number of samples of the jth peak in the signal. The trapezoidal rule was 
employed in order to approximate the surface area of the definite integral determined by the nonlinear 
integrand signal s(t), i.e., to calculate numerically the narrow interval spaces between the successive, 
discrete sample (amplitude) values. (The maximum or minimum of the 2nd derivative for the peak 
left side was not used since sometimes the duration of the left side was too short—but in a couple 
of samples only—for this purpose. Usually, the peak left side is narrower than the right side such as 
in Figure 5(a).)

Data Analysis Based on Peak Variables Applied
At first, we ran our Scatter analysis (Juhola & Siermala, 2012) to explore the importance of the 10 
variables for the separation power between the two signal classes, i.e., normal and abnormal. The 
separation power value of all the data from [0,1) was 0.304, which predicts a high opportunity to 
separate the two signal classes. Scatter analysis results obtained for the 10 variables applied are shown 
in Table 2: the higher the value, the more important variable is for classification.

The results denote that the third, fourth, and tenth variables—i.e., the durations of the peak left 
and right sides and time difference between successive peaks—are more efficient in separating the 
two signal classes than the other variables. The other seven variables obtained low values, less than 
0.1, predicting that they are less important but still useful. Peak surface area was slightly better than 
the other remaining variables. In general, no variable was highly predominant or very important with 
a scatter value, say, greater than 0.2. We have rarely obtained equally high values for other data sets 
(Juhola & Siermala, 2012). It is interesting that the three most important variables are directly time-
dependent, and the best of all is the time difference of peak maximum (top) from that of the preceding 
peak or from the beginning of the signal in the case of the first peak in the signal.

Classification Tests and Results
The signal classification results obtained are presented in Tables 3-6. Each table has three parts: results 
for the whole data set of 438 signals, those separately for the high sampling frequency signals, and 
those for the low sampling frequency signals.

The tests were carried out on the basis of leave-one-out in which every single signal formed the 
test set, one by one, and the other signals formed the training set.

Table 2. Results of variable importance analysis with the Scatter analysis for 10 variables

Variable Value

Amplitude of peak left side Al 0.063

Amplitude of peak right side Ar 0.051

Duration of peak left side Dl [s] 0.133

Duration of peak right side Dr [s] 0.173

Maximum of the 1st derivative of peak left side s´(c) 0.066

Absolute minimum of the 1st derivative of peak right side s´(e) 0.055

Maximum of the 2nd derivative of peak right side s´´(f) 0.038

Absolute minimum of the 2nd derivative of right side s´´(d) 0.040

Surface area of peak R 0.082

Time difference from the current peak to the preceding one Dp [s] 0.189
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The classifiers implemented included k-nearest neighbor searching for odd k from 1 to 13, and 
linear, quadratic, and Mahalanobis discriminant analysis. In addition, support vector machines were 
run with several kernels (Marsland, 2015; Theodoridis & Koutroumbas, 2003; Webb, 2002).

Support vector machines (SVMs) (Cortes & Vapnik, 1995; Vapnik, 2000; Abe, 2010) are 
supervised machine learning methods that have shown great performance in many applications and 
have thus stabilized their position among researchers and practitioners. SVMs can be used to solve 
both classification and regression problems, but in this paper the focus is on classification. From the 
classification perspective, SVMs were originally designed for two-class classification tasks. However, 
various multi-class extensions have been developed later on, but these extensions are beyond the 
scope of this paper since we have only a binary classification problem between normal and abnormal 
transient signals. Original formulation of the SVM is based on quadratic programming optimization. 
We have applied a reformulation of the original SVM called Least-Squares Support Vector Machines 
(LS-SVM) in our study. LS-SVM was developed by Suykens et al. (1999a; 2002; 1999b) and the 
difference compared to the traditional SVM approach is in the hyperplane optimization and in the 
cost function, which is a 2-norm function whereas in Vapnik’s SVM, the cost function is a form of 
1-norm. Details related to hyperplane optimization can be found from the given references. The 
performance of the SVM is dependent on two issues: selection of the kernel function and parameter 
values. For this study, we selected seven kernels altogether: the linear and polynomial kernels with 
degrees from 2 to 6, and the radial basis function kernel.

Each of the kernels has parameters to be tuned up. For polynomial kernels (including the linear 
kernel), there is only a cost parameter, called the box constraint, C, to be optimized. The radial 
basis function (RBF) kernel instead has a box constraint and hyperparameter σ to be estimated. 
For both parameters, we selected the parameter value space to be P={2-14, 2-13, …, 213, 214, 215}. By 
these means, we tested polynomial kernels with 30 values and for RBF we performed a grid search 
where we tested all the pairs from the Cartesian product P×P (900 parameter value combinations). 
We performed leave-one-out cross-validation for all datasets (altogether six datasets) and repeated 
leave-one-out cross-validation with tested parameter values. As a selection criterion for the optimal 
parameter values, we used accuracy (the sum of the diagonal elements of a confusion matrix divided 
by the sum of all elements in a confusion matrix).

We used two approaches for determining the correct class labels for the signals. First, a 
biotechnology expert determined them independently of the peak recognition algorithm programmed 
and classification methods implemented. Second, the class labels of the signals were computed with 
the recognition and classification procedures programmed following the principle that a signal was 
classified as normal provided that all its peaks were computed to be normal—in other words, if one 
or more of its peaks were computed as abnormal, the entire signal was computed as abnormal.

In the training phase, the training of the classifier was made similarly for both the expert-vs.-
algorithm and algorithm-vs.-algorithm approach. We trained our classifier using peak-based class 
labels (class labels for the peaks are obtained by the algorithm) and the training data corresponding 
to the peaks. There may be normal and abnormal peaks within an individual signal. When the leave-
one-out procedure was done, we predicted class labels for each peak in the dataset.

After the training phase, we needed to obtain a confusion matrix and, hence, to evaluate 
the accuracy and other performance results. The training phase was conducted using peak-based 
information, but our classification task is a signal-level problem. Thus, obtaining the final classification 
result was a multi-stage process (in both the expert-vs.-algorithm and algorithm-vs.-algorithm 
approaches).

Expert-vs-Algorithm Approach

1. 	 Determine a predicted class label for each signal. The determination of the predicted class label 
of the signal is made according to the following rule: If none of the predicted peak class labels 
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within an individual signal is abnormal, the predicted signal class label is normal. Otherwise, 
the class label is abnormal.

2. 	 Make a comparison for each signal between the expert-based signal class and predicted signal 
class label. Determine a confusion matrix and evaluate accuracy and other performance measures.

Algorithm-vs-Algorithm Approach
1. 	 Determine a predicted class label for each signal. The determination of the predicted class label 

of an individual signal is made according to the following rule: If none of the predicted peak 
class labels within an individual signal is abnormal, the predicted class label for the signal is 
normal. Otherwise, the class label for the signal is abnormal.

Table 3. Results after training with class labels (normal or abnormal) determined by the expert for all signals or their two 
subsets with classifiers of nearest neighbor searching of k in {1,3,5,7,9,11,13}, linear (LDA), quadratic (QDA), and Mahalanobis 
(Ma) discriminant analysis, where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

k=1 83 78 80 87 77 82 86 82 84

k=3 89 71 79 89 73 82 91 73 79

k=5 91 69 79 91 71 81 98 69 78

k=7 91 66 78 91 68 80 96 58 71

k=9 91 62 75 91 66 79 98 53 68

k=11 91 63 76 91 64 78 98 51 68

k=13 92 61 75 92 64 76 98 48 65

LDA 60 86 74 55 88 71 48 88 74

QDA 72 82 77 78 77 77 73 90 84

Ma 41 98 72 48 97 71 18 100 73

Table 4. Results after training with class labels (normal or abnormal) determined by the expert for all signals or their two 
subsets with support vector machine classifiers with linear, polynomial of degrees d, and radial basis function (RBF) kernels, 
where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

Linear 66 79 73 67 84 75 50 85 74

d=2 80 81 80 82 80 81 82 85 84

d=3 80 79 80 82 76 79 82 84 84

d=4 79 80 80 80 76 78 71 88 82

d=5 72 79 76 69 77 73 68 88 81

d=6 59 83 72 54 82 67 80 87 84

RBF 84 82 83 85 81 83 89 85 87
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2. 	 Determine a true class label for each signal based on the true peak class labels gained by the 
algorithm. The determination of the true class label of an individual signal is made according to 
the following rule: If none of the true peak class labels within an individual signal is abnormal, 
the class label for the signal is normal. Otherwise, the class label for the signal is abnormal.

3. 	 Make a comparison for each signal between the true algorithm signal class and predicted algorithm 
signal class label. Determine a confusion matrix and evaluate accuracy and other performance 
measures.

Tables 3 and 4 show the classification results computed when the correct class labels, normal or 
abnormal, were given by the expert. Tables 5 and 6 show the classification results when we assumed 
that the peak classification procedure had given the correct class labels, normal or abnormal. The 
former was the expert-vs.-algorithm and the latter the algorithm-vs.-itself.

Table 5. Results after training with class labels (normal or abnormal) determined by the peak recognition algorithm for all 
signals or their two subsets with classifiers of nearest neighbor searching of k in {1,3,5,7,9,11,13}, linear (LDA), quadratic 
(QDA), and Mahalanobis (Ma) discriminant analysis, where Se is sensitivity, Sp specificity, and Acc accuracy. The best 
accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

k=1 94 97 95 100 100 100 89 94 92

k=3 96 86 91 98 92 95 89 81 84

k=5 97 81 89 97 85 92 98 78 87

k=7 97 80 89 98 83 92 96 58 71

k=9 97 76 87 98 81 91 100 62 77

k=11 97 75 87 98 80 90 100 59 76

k=13 98 74 86 99 79 90 100 56 74

LDA 58 89 73 55 93 72 42 89 69

QDA 75 92 83 84 91 87 67 95 84

Ma 38 100 68 47 100 70 15 100 65

Table 6. Results after training with class labels (normal or abnormal) determined by the peak recognition algorithm for all 
signals or their two subsets with support vector machine classifiers with linear, polynomial of degrees d, and radial basis 
function (RBF) kernels, where Se is sensitivity, Sp specificity, and Acc accuracy. The best accuracies are marked in bold.

Classifier All 438 signals High frequency 305 signals Low frequency 133 signals

Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%] Se [%] Sp [%] Acc [%]

Linear 61 89 74 65 92 77 56 81 71

d=2 85 90 87 87 91 89 82 95 90

d=3 86 93 89 90 90 90 82 94 89

d=4 85 93 89 84 92 88 82 92 88

d=5 79 92 85 76 92 83 75 89 83

d=6 65 94 79 60 92 74 69 89 81

RBF 87 94 91 90 92 91 87 95 92
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In Tables 3-6, sensitivity or the true positive rate and specificity or the true negative rate were 
computed so that the class of the normal were seen as positive and those of the abnormal as negative.

According to the results in Tables 3-6, the division of the signals into the two subsets of the high and 
low sampling frequencies did not improve them, but the situation varied method by method. In Table 3, 
the best classification method was nearest neighbor searching with k equal to 1, but in Table 4 the support 
vector machine with the radial basis function kernel exceeded it by 1–3% in accuracy. In Tables 5 and 
6, the best method was nearest neighbor searching with k equal to 1, and the support vector machine 
with the radial basis function kernel and nearest neighbor with k equal 3 were the next best. Subject to 
sensitivity and specificity, the former were better classified by nearest neighbor searching, and the latter 
by the discriminant analysis methods and most support vector machines. The results in Tables 5 and 
6 were better than those in Tables 3 and 4. This is natural, because the approach of the algorithm-vs.-
itself for the results in Tables 5 and 6 were, of course, more favorable for the classification algorithm.

Table 7. Normal signals: variable means and standard deviations of each of the diseases LQT1, HCM, and CPVT with 487, 598, 
and 710 peaks in 28, 37, and 106 signals, respectively.

Variable LQT1 HCM CPVT

Amplitude of peak left side Al 194±74 219±89 266±184

Amplitude of peak right side Ar 196±74 221±90 269±184

Duration of peak left side Dl [s] 0.369±0.208 0.282±0.143 0.494±0.27

Duration of peak right side Dr [s] 0.771±0.377 0.515±0.217 0.877±0.494

Maximum of the 1st derivative of peak left side s´(c) 876±436 2,268±948 1,644±1,088

Absolute minimum of the 1st derivative of peak right side s´(e) 544±209 1,111±428 897±547

Maximum of the 2nd derivative of peak right side s´´(f) 1,572±955 6,701±2,962 3,578±2,470

Absolute minimum of the 2nd derivative of right side s´´(d) 1,028±1,083 3,545±3,204 2,790±2971

Surface area of peak R 70.9±42.8 55.5±38.0 119.5±142.4

Time difference from the current peak to the preceding one Dp [s] 1.215±0.775 0.838±0.481 1.567±1.045

Table 8. Abnormal signals: variable means and standard deviations of each of the diseases LQT1, HCM, and CPVT with 1,143, 
748, and 1,579 peaks in 62, 34, and 127 signals, respectively.

Variable LQT1 HCM CPVT

Amplitude of peak left side Al 160±79 168±83 212±170

Amplitude of peak right side Ar 161±80 170±87 214±170

Duration of peak left side Dl [s] 0.335±0.216 0.216±0.145 0.309±0.202

Duration of peak right side Dr [s] 0.654±0.408 0.382±0.268 0.548±0.412

Maximum of the 1st derivative of peak left side s´(c) 789±485 1,766±835 1,212±1,033

Absolute minimum of the 1st derivative of peak right side s´(e) 493±277 1,003±496 772±535

Maximum of the 2nd derivative of peak right side s´´(f) 1,628±1,450 6,178±3,673 2,577±2,504

Absolute minimum of the 2nd derivative of right side s´´(d) 1,261±1,550 2,991±2,598 1,774±2,510

Surface area of peak R 52.3±39.8 32.4±29.5 68.8±72.3

Time difference from the current peak to the preceding one Dp [s] 1.147±0.979 0.621±0.427 0.936±0.794
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Comparison Between Transient Signals of Disease-
Specific iPSC-derived Cardiomyocytes
Our data set included cardiomyocytes associated with three diseases: LQT1, HCM, and CPVT. There 
were 90 signals from LQT1, 71 signals from HCM, and 233 signals from CPVT cardiomyocytes—394 
in all. We left out 44 signals of controls from the original 438 signals, because their number was so 
small with only 13 abnormal signals. We were interested in exploring how the average variable values 
obtained differed among the signals of the cells for these three diseases. The means are shown in 
Table 7 for normal signals and in Table 8 for abnormal signals when the class labels were determined 
by the expert.

In both Tables 7 and 8, the differences between the three diseases are considerable. For every 
variable, we computed unpaired t tests between the three diseases, which gave 60 pairs for the three 
diseases, 10 variables, and two tables. All variables differed fairly statistically significantly between 
all disease pairs (α≤0.05), and all but three pairs from Table 8 differed very significantly (α≤0.001).

CONCLUSION

The classification of the entire calcium transient signals was performed with two different approaches: 
first the correct reference class labels of the transient signals were given by the biotechnology expert 
and, second, their correct class labels were determined based on the results produced by the peak 
recognition and classification. On one hand, we might assume that a human assessor is better at 
solving complicated classification tasks on the basis of extensive experience. On the other hand, we 
might also see the systematic approach of the computation as better, since the decisions of any human 
expert include slight variation over time. Overall, for the sake of these reasons, it is not guaranteed 
that the former approach is always the better approach. In any case, special software—in other words, 
efficient algorithms for the present classification task—will be needed to develop techniques for the 
analysis of massive numbers of iPSC-derived cardiomyocytes in medical laboratories in the future.

In the present research, we extended 56% our data set of calcium transient signals, added three new 
peak variables to our computation, ran our tests in more versatile ways, and obtained around 5% better 
classification accuracies compared to our previous tests (Juhola et al., 2015). In general, our results 
are promising and enable good opportunities to continue developing these classification methods and 
also to extend them to experiments with iPSC-derived cardiomyocytes exposed to different drugs. 
The results in Tables 7 and 8 in particular denote that it is possible to effectively separate the three 
diseases used in the experiment from each other. This shows that CPVT, LQT1, and HCM disease-
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specific cardiomyocytes manifest the calcium cycling characteristics and pathophysiology of the 
specific disease. This could also indicate that it is possible to diagnose these diseases by analyzing 
only the calcium cycling of diseased cardiomyocytes. This observation is very promising and we just 
observed it to be true in our recent article (Juhola et al., 2018).

In the future, fast and automatic classification will accelerate the detection of cardiomyocyte 
calcium cycling abnormalities user-independently. Abnormally developed cardiomyocytes can be 
found and possibly dropped out from the cultured cells. This classification method will be required 
to analyze in-depth cardiomyocyte functionality that has been altered by different disorders, and will 
provide more information regarding the calcium cycling phenotype in these cells.
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