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Background: Cardiomyocytes differentiated from human induced pluripotent stem cells (iPSC-CMs) can
be used to study genetic cardiac diseases. In patients these diseases are manifested e.g. with impaired
contractility and fatal cardiac arrhythmias, and both of these can be due to abnormal calcium transients
in cardiomyocytes. Here we classify different genetic cardiac diseases using Ca®* transient data and dif-
ferent machine learning algorithms.

Methods: By studying calcium cycling of disease-specific iPSC-CMs and by using calcium transients mea-
sured from these cells it is possible to classify diseases from each other and also from healthy controls by
applying machine learning computation on the basis of peak attributes detected from calcium transient
signals.

Results: In the current research we extend our previous study having Ca-transient data from four differ-
ent genetic diseases by adding data from two additional diseases (dilated cardiomyopathy and long QT
Syndrome 2). We also study, in the light of the current data, possible differences and relations when ma-
chine learning modelling and classification accuracies were computed by using either leave-one-out test
or 10-fold cross-validation.

Conclusions: Despite more complex classification tasks compared to our earlier research and having more
different genetic cardiac diseases in the analysis, it is still possible to attain good disease classification

results. As excepted, leave-one-out test and 10-fold cross-validation achieved virtually equal results.

© 2021 The Authors. Published by Elsevier B.V.

This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/)

1. Introduction

Since their discovery induced pluripotent stem cells (iPSC) have
been widely utilized for scientific research purposes and they hold
great promise for use in biomedical research and development [1].
Patient-specific iPSC-derived cardiomyocytes (iPSC-CMs) offer an
attractive experimental platform to model cardiac functionality and
diseases.

Calcium cycling has an important role in extraction-contraction
coupling of cardiomyocytes since it is the central regulator of in
cardiac contraction and relaxation. Cardiac diseases often cause
variability and distortions in calcium cycling of cardiomyocytes and
affect their functionality. Such distortion abnormalities in calcium
transients can represent a patient’s cardiac phenotype [2]. Detec-
tion and characterization of these distortions are important, es-
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pecially, because they can be used in order to develop recogni-
tion and diagnostics of cardiac diseases. Thus far, machine learn-
ing methods have rarely been used for data associated with iPSC-
derived cardiomyocytes. Machine learning has been applied at
least to analyze electrophysiological effects made by chronotropic
drugs [3] and mechanistic action of drugs in cardiology [4].

We started our preliminary research of calcium transients mea-
sured from iPSC-CMs generated from genetic cardiac disease pa-
tients in order to recognize calcium transient peaks from calcium
signals and classified regularly i.e. normally cycling from abnor-
mally cycling calcium peaks by means of signal analysis and ma-
chine learning algorithms [5]. After this we discovered that it is
possible to separate three different genetic cardiac diseases from
each other and from controls (wild type, WT) [6]. These diseases
were long QT syndrome 1 (LQT1), an electric disorder of the heart
that predisposes patients to arrhythmias and sudden cardiac death
[7], hypertrophic cardiomyopathy (HCM), disorder that affects the
structure of heart muscle tissue leading to arrhythmias and pro-
gressive heart failure [8] with a myosin -binding protein C gene
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mutation (HCMM), and catecholaminergic polymorphic tachycar-
dia (CPVT), an exercise-induced malignant arrhythmogenic disor-
der [9]. We also found that in order to separate between those
diseases and healthy controls it was not necessary to differ cal-
cium signals that were either entirely normal cycling from abnor-
mally cycling signals. Next, we extended our existing signal data
and added another HCM disease mutation [10], an «-tropomyosin
of the B-myosin heavy chain mutation (HCMT). Our newest re-
search described that is possible to study effects of a drug on cal-
cium transients and to classify and separate drug effects with ma-
chine learning method [11].

In this research we extend our data set by adding transient sig-
nals of controls and cardiac diseases with two additional genetic
cardiac diseases: dilated cardiomyopathy (DCM), a disease of the
heart muscle, and long QT syndrome 2 (LQT2), a disease with elec-
trical problems in cardiomyocytes. Thus, there are seven different
classes of genetic cardiac diseases with two mutation for HCM, two
types of LQTS (LQT1 and LQT2), one mutation for DCM and several
mutations for CPVT and then healthy cardiomyocytes from control
individuals which makes their computational modelling more com-
plex than in our previous research [5,6,10,11]. We also compare
and ponder the use of leave-one-out and 10-fold cross-validation
and their possible effects of classification accuracy while building
models with several different machine learning methods.

2. Materials

Cell studies and data collection was conducted in Tampere Uni-
versity and was approved by the Ethics Committee of Pirkan-
maa Hospital District in order to culture and differ human in-
duced pluripotent stem cell lines (permit R08070). Patient-specific
iPSC lines were established and described as previously [6]. iPSC
lines were generated from two LQT1 and two LQT2 patients, two
HCMT and two HCMM patients, six CPVT patients, two DCM pa-
tients, and two healthy control individuals (WT). The studied
iPSC lines were UTA.05605.CPVT, UTA.05208.CPVT, UTA.07001.CPVT,
UTA.03701.CPVT, UTA.05503.CPVT, and UTA.05404.CPVT gener-
ated from CPVT patients carrying cardiac ryanodine receptor
(RyR2) mutations; UTA.07801.HCMM, and UTA.06108.HCMM gen-
erated from HCM patients carrying myosin-binding protein C
(MYBPC3) mutations and UTA.02912.HCMT and UTA.13602.HCMT
generated from HCM patients carrying o-tropomyosin (TPM1);
and UTA.00208.LQT1 and UTA.00118.LQT1 generated from LQT1
patients carrying potassium voltage-gated channel subfamily Q
member]l (KCNQ1) mutation; UTA.03412.LQT2, UTA 03417.LQT2,
UTA.03809.LQT2 and UTA.03810.LQT2 generated from LQT2 pa-
tients carrying the human ether-a-go-go-related gene (HERG)
mutation; UTA.12619.LMNA and UTA.12704.LMNA generated from
DCM patients with lamin A and lamin C (LMNA) mutations and
UTA.04602.WT and UTA.04511.WT generated from healthy control
individuals. iPSCs were differentiated into spontaneously beating
cardiomyocytes and dissociated into coverslips for calcium imag-
ing studies, which were conducted in spontaneously beating Fura-
2 AM (Invitrogen, Molecular Probes) or Fluo-4 AM (Thermo Fisher
Scientific) loaded cardiomyocytes as described earlier [7,8,9,12,13]
For calcium analysis, regions of interest were selected for sponta-
neously beating cells, and background noise was subtracted before
further processing. Every calcium transient signal was a record-
ing from one cardiomyocyte. There were 90 LQT1, 270 HCMM, 149
HCMT, 233 CPVT, 138 LQT2, 67 DCM and 226 WT signals. All in all,
there were 1173 calcium transient signals. The approximate sam-
pling frequencies were 8 Hz for LQT1, 23 Hz for HCMM and WT,
13 Hz for CPVT, 14 Hz for 54 HCMT and 23 Hz for 95 HCMT sig-
nals, 33 Hz for LQT2 and 38 Hz for DCM signals. The sampling fre-
quency was improved (increased) in the long run while updating
the measuring device.
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3. Peak attributes computed from calcium transient signals

Categorization of iPSC-CM calcium transients to normal and ab-
normal signals was determined by an expert biotechnologist. In
LQT1 transient signals the share of abnormally cycling signals was
69%, in HCMM it was 37%, in CPVT 53%, in HCMT 44%, in LQT2
72%, in DCM 62% and in WT 14%. Abnormality was defined accord-
ing to remarkably irregular amplitude or duration of calcium peaks
whereas normally cycling peaks had regular amplitude and dura-
tion of peaks. However, as said above and shown by our earlier
research [6,7], this property, either normal or abnormal transient
signals, did not affect how well these transient signals could be
classified into different classes. Therefore, we used them as such,
without computing separately abnormal and normal transient sig-
nals. Fig.1 exemplifies a normal LQT2 signal and abnormal LQT2
signal. Correspondingly, Fig. 1 also shows those of DCM signals. Ex-
amples of calcium transient signals of other diseases and controls
can be found from the figures in our two earlier articles [6,10]. Of-
ten the forms and sizes of peaks may vary noticeably, especially in
abnormal transient signals.

After recognizing all acceptable peaks in a signal, attribute val-
ues of those peaks were computed. In our first research [6] for
the machine learning classification of three genetic cardiac diseases
and controls, we applied the first ten attributes to be given in the
following. Later, up to our most recent research [11]| and the cur-
rent research we designed additional four attributes to obtain more
information about peaks of calcium transient signals. Thus, we ap-
plied 14 peak attributes illustrated in Fig. 2. Left amplitude is equal
to the difference of the peak maximum and the amplitude value
of the peak beginning. Right amplitude was computed from the
peak maximum and end. Left duration is equal to the time differ-
ence from the peak beginning to the maximum, and right dura-
tion is the time difference from the peak maximum to the peak
end. Next, the maximum of the approximated first derivative val-
ues from the peak beginning to the peak maximum (from the left
peak side) was computed. Then the minimum of the first deriva-
tive values from the peak maximum to the peak end was evalu-
ated. To apply this as a positive value its absolute value was taken.
The maximum of the second derivative as well as its absolute min-
imum were computed from the right peak side only, since some-
times the left side of rather small peaks could be so low containing
only a few samples that approximating the maximum and absolute
minimum of the second derivative values would not succeed well.
The surface area of a peak was computed as the sum of ampli-
tude differences of peak curve values and values from a line cal-
culated from the peak beginning to its end. Peak-to-peak interval
was formed as the time difference from the maximum of the cur-
rent peak and that of the preceding peak. In the case of the first
peak in a signal it was estimated from the signal beginning. Next,
time difference was computed from the location of the first deriva-
tive maximum of the peak left side to the peak beginning. Time
difference was also computed from the location of the absolute
minimum of the peak right side to the peak maximum. Next, an
attribute called mean peak duration was computed in the follow-
ing way. First, running along peak left and right amplitudes their
amplitude halves were approximated, second the mean of those
two half amplitudes was calculated, and then two intersection lo-
cations were computed for the horizontal line of this mean and
peak curve. If rarely a peak was very asymmetric as to its left and
right side amplitudes so that either the left side amplitude was
smaller than the half of the right side amplitude or vice versa, the
half of the smaller side amplitude was not used, but its whole am-
plitude. In other words, the mean of the smaller side amplitude
and the half of the greater side amplitude was computed. Time
difference of those two intersection locations is the attribute value
called mean peak duration. Ultimately, peak curve length was ap-
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Fig. 1. (A) Approximately 18 s segment of a normal LQT2 calcium transient signal with regular peak shapes and sizes. (B) Around 23 s segment of a normal DCM calcium
transient signal with regular peak forms. (C) 23 s of an abnormal LQT2 transient signal containing irregular peak forms and delayed calcium rise. (D) 31 s of an abnormal

DCM transient signal including rather irregular peak forms with delayed calcium decay.
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Fig. 2. Peak attributes computed: (1) left a; and (2) right a, amplitudes, (3) left D; and (4) right D, durations, approximate location L; of the computation of (5) first
derivative max(s’) for a calcium transient signal s, approximate location L, for (6) absolute first derivative |min(s’)|, location L3 for (7) second derivative |min(s”)| and location
L4 for (8) second derivative max(s”), (9) surface area R, (10) time interval t from the maximum of the preceding peak, (11) duration d; from the peak beginning to Ly, (12)
duration d, from the peak maximum to L,, (13) mean peak duration m, and (14) approximated peak curve length I.

Table 1

Numbers separately for abnormal and normal calcium transient signals, number of peaks per disease or controls, number of cell lines and signals per cell line.

Disease or controls ~ Number of abnormal signals ~ Number of normal signals

Total number of peaks ~ Number of cell lines  Signal numbers of cell lines

LQT1 62 28
HCMM 100 170
CPVT 119 114
WT 31 195
HCMT 65 84
LQT2 99 39
DCM 40 27

1635 2 45, 41

4413 2 66, 204

2311 6 42, 25, 55, 20, 59, 32
2850 2 27,199

2136 2 106, 43

3870 4 35, 49, 28, 26

1172 2 35,32

proximated by running signal value by value from the following
sample location after the peak beginning to the peak end, estimat-
ing the Euclidean distance from the current location to the preced-
ing one and summing up all these distances.

The minimum, average and maximum lengths of all 1173 cal-
cium transient signals were 7.7 s, 22.7 s and 46.5 s. The minimum,
average and maximum numbers of peaks per signal were 1, 15.7
and 123. Altogether, 18387 peaks were recognized in six diseases
classes and controls. See Table 1. After the recognition of peaks in
all signals, values of the above-mentioned 14 attribute were com-
puted. In order to study the importance of the current attributes
for disease classification, we computed with ReliefF algorithm (in

MATLAB as all our data analysis and classification) importance val-
ues as depicted in Fig. 3.

In Table 2 the means and standard deviations of 14 attributes
are presented. The means of different diseases mostly differ from
each other. From the attribute peak-to-peak interval t in Table 2 av-
erage peak frequencies can be calculated as its inverse values for
different classes: 0.85 Hz for LQT1, 0.69 Hz for LQT2, 1.25 Hz for
HCMM, 0.98 Hz for HCMT, 0.88 Hz for CPVT, 0.50 for DCM and
0.52 Hz for WT.

Naturally, different sampling frequencies used are no ideal sit-
uation, but this was needed when collecting them took time and
the software used was developed along with time. The difference



Table 2

Means and standard deviations for 20 cell lines: left and right side amplitudes a; and a,, left and right side durations D; and D,, left side maximum of first derivative max(s’), right side absolute minimum |min(s’)|, right side
maximum max(s") and absolute minimum |min(s”)|of second derivative, peak surface area R, peak-to-peak time interval t, duration d; from the peak beginning to the maximum of left side first derivative, d, duration from the

peak maximum to the first derivative absolute minimum, mean peak duration m and peak curve length . Two lowermost cell lines are from disease DCM.

Cell lines
UTA.00208.LQT1 189481 190482 0.311+£0.180  0.750+0.437  910+477 5234269 152641422 1114+1538 68445 1.245+£1.064 0.204+0.143 0.158+0.078 0.417+0.159 3814162
UTA.00118.LQT1 151+£71 153472 0.340+0.174 0.617+0.353  722+445 4941247 1706+1210 1304+1307 47436 1.090+0.746  0.228+0.147 0.149+0.075 0.382+0.142 305+142

192+108 194+102 0.326+0.165 0.553+0.345 17414852 8934342 472042242 344942941 58+51 0.986+0.620 0.230+0.139 0.121+0.067 0.286+0.103  402+207
UTA.06108.HCMM

199490 202491 0.258+0.143  0.455+0.233  2007+889 1066+461  6341+£3314 3429+3140 49+41 0.753+0.451 0.180+£0.115 0.114+£0.073  0.250+0.116  419+185
UTA.07801.HCMM
UTA.05605.CPVT  231+138 2334137 0.469+0.181 1.001+0.476  1696+880 7464394 3012+1944 341042824 1194106 1.970+1.224 0.269+0.120 0.152+0.083  0.460+0.179  498+299
UTA.05404.CPVT 136488 139+86 0.280+0.153  0.435+0.296  746+459 5394233 18574+1358 1491+1625 46446 0.814+0.719 0.161+£0.116  0.138+0.060 0.358+0.118 277+170
UTA.07001.CPVT 2854179 2894187 0.266+0.127 0.560+0.374 187241316 11444657 441443330 258343586 80+71 0.911+0.637 0.163+0.100 0.111+0.044 0.315+0.108 588+362
UTA.03701.CPVT 2914229 2924226 0.454+0.250 0.762+0.464 11784982 8204598 2098+1735 1267+1574 1224127 1.382+1.019 0.296+0.209 0.179+0.082 0.463+0.175 586+451
UTA.05208.CPVT 2934173 296+175 0.338+0.170  0.679+0.324  1716+930 10374600 369942720 1679+2492 89+64 1.047+0.573  0.235+0.153 0.151+£0.093 0.361+0.115 6034338
UTA.05503.CPVT 2764203 2784202 0.351+0.239  0.692+0.552 2183+1411 10294547 456643507 4452+4099 1284219 1.306+1.087 0.242+0.153  0.145+0.069  0.369+0.208 595+436
UTA.04602.WT 2724170 2754172 0.492+0.263  1.039+0.601 2131+1276 9274635 4465+3386 3938+4359 1324115 1.944+1.580 0.312+0.198 0.156+0.145 0.471+0.259 575+341
UTA.04511.WT 159469 159472 0.479+0.279  0.951+0.658 1609+680 5614+200 3316+1561 4305+2888 90+89 1.927+£2.285 0.257+0.162 0.150+£0.140 0.491+0.291 3544149
UTA.02912.HCMT 2134148 217+152 0.373£0.193  0.501+0.348  1529+1153 9524514 450343299 3795+3979 67+77 1.003+£0.741 0.272+0.177 0.110+£0.054 0.287+0.100 4524306
UTA.13602.HCMT 157468 163+70 0.418+0.167 0.526+0.277 12884568 757+315 395242109 226142019 45+30 1.0794+0.609 0.3434+0.162 0.0974+0.045 0.260+0.073 331+144
UTA.03412.LQT2 137475 135478 0.285+0.226  0.714+0.627  1656+950 5774263 335343426 3207+3483 55+68 1.150+£1.335 0.108+0.093 0.132+0.128 0.388+0.298 2924145
UTA.03417.LQT2 129469 130+£72 0.285+0.220  0.724+0.436  1749+916 5664255 357742341 2071+£2337 42+£57 1.330+£1.973  0.189+0.157 0.081+0.097 0.280+0.171 2734138
UTA.03809.LQT2  158+132 158+147 0.427+0.255 0.765+0.636 11704870 549+420 347742567 372143327 96+115 1.803+2.342  0.227+£0.161  0.236+0.233  0.489+0.312  349+282
UTA.03810.LQT2 1474118 153+135 0.463+0.261 1.074+0.635 1475+£1045 4534295 2516+1124 297642248 82+110  2.309+1.917 0.273+£0.190 0.221+£0.238 0.515+0.243 3344251
UTA.12619.LMNA 62453 59459 0.387+0.238  1.1274£0.907 611+£569 195+148 164741281 141941229 39446 1.994+1.849 0.140+0.083 0.314+0.311 0.625+0.450 1354102
UTA.12704.LMNA 77+48 76+49 0.404+0.240 0.935+0.683 8644568 2634160 239842012 2578+2417 44+55 2.018+2.131 0.218+£0.135 0.263+0.328  0.524+0.434 173+99
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Fig. 3. Importance values for 14 attributes in the same order as described in the
caption of Fig. 2 when the averages of 9 test runs were computed applying 9 near-
est neighbor numbers of 3, 5, 7, 11, 15, 23, 31, 41, 51 to searching in ReliefF algo-
rithm. The fifth attribute of first derivative max(s’) obtained the greatest value in-
dicating it to be more important than the other for classification. Since no attribute
importance value was very close to 0, all these attributes are useful for classification
of peaks.

between the lowest frequency (f) 8 Hz and the highest 38 Hz is -
by time interval T=1/f - approximately 0.125 s - 0.026 s = 0.099
s. Thinking that this difference would be distributed for measured
values, e.g., the beginning of a peak in a signal, the difference
given by these two frequencies would be from 0 to 0.099 s. When
this type of random measuring value follows a uniform distribu-
tion (any value between 0 and 0.099 equally probable), its mean is
0.99 s/2. When it is similar for measuring the peak maximum, we
would obtain mean 2 e 0.099 s/2= 0.099 s while measuring the
beginning and end for the duration D; of the left side of a peak.
Dy was one of six attributes directly depending on time. For other
five duration attributes Dy, t, d; d,, and m, the differences of their
means in Table 2 are, however, mostly greater than those of Dj.
Therefore, in principle D; would be more critical than those other.

To be more exact, the distribution of the different sampling fre-
quencies have to be taken into account: 90 signals for 8 Hz, 233
signals for 13 Hz and 54 signals for 14 Hz (these two close to each
other), 601 signals for 23 Hz, 138 signals for 33 Hz and 67 signals
for 38 Hz. Thus, only 90/1173 (total number of signals) or 7.5 %
and 67/1173 or 5.7 % originated from the lowest and highest sam-
pling frequencies. This means that the difference of 0.099 s could
only occur in a small minority of all possible classification com-
putations. More than half, 51.2 % of all signals were sampled at
23 Hz as WT, HCMM and HCMT data. The approximate frequency
23 Hz is around 15 Hz greater than 8 Hz and 15 Hz less than 38
Hz, i.e., approximately in the middle of minimum 8 Hz and max-
imum 38 Hz giving approximate symmetry in the frequency dis-
tribution around the most used frequency of 23 Hz. Mean random
time difference between 23 Hz and 38 Hz would be around 0.017
s according to 1/23 Hz - 1/38 Hz. All these mean that any possible
random difference caused by these different sampling frequencies
used would be essentially smaller than the maximum 0.099 s for
the great majority (around 87 %) of signals and, thus, their classi-
fication. Since 51.2 % originated from “the middle” frequency of 23
%, this means that inside this largest part of the signals there is
no difference between sampling frequencies. To conclude, any ac-
tual average random effect for time attributes of all signals is much
smaller than that largest of 0.099 s.

The attributes depending on amplitude (all the rest in addition
to the five mentioned) are more complicated. However, all of them

Computer Methods and Programs in Biomedicine 210 (2021) 106367

also depend on time. Therefore, they also partly follow the preced-
ing analysis.

As an example, two different cell lines of DCM disease are vi-
sualized in Fig. 4(A). Subject to the numbers of signals and their
peaks this was the smallest class. There were 639 peaks in 35 sig-
nals of cell line 12619.DCM and 533 peaks in 32 signals of cell
line 12704.DCM. In Fig. 4(B) there are 3870 peaks of cell lines
0341.LQT2, 03417.LQT2, 03809.LQT2 and 03810.LQT2. When the cell
lines cover mostly the same areas in each visualization, this reflects
such distributions that possible differences of the peaks between
cell lines of each disease class are minor in the current data. In
addition, Fig. 5 shows the presentation computed for the data by
all cell lines.

4. Technical specifications for classification

The genetic cardiac disease data examined in this study is chal-
lenging. We have seven classes included (wild type and six genetic
cardiac diseases) in our dataset and the total number of signals is
1173. Since the amount of data is still relatively small when taking
into account the number of classes, we cannot talk about big data
yet in this context compared to many image classification tasks
where there are tens of thousands of annotated images available
for research. The data collection procedure is a laborious task to
do in practice and begins from finding the voluntary patients and
controls for the research. Then the actual iPSC reprogramming pro-
cess is made and the iPSCs are differentiated into cardiomyocytes.
From cardiomyocytes the calcium transient signals are measured
which is final the stage of data collection process. After that pre-
processing of signals is made including tasks such as finding peaks
from signals and extracting peak-based variables. When the pre-
processing of the signals has been made, classification by means
of machine learning methods can be performed. When considering
the practical limitations behind the classification of genetic cardiac
diseases, the classification method must be selected and fine-tuned
carefully. Nowadays, deep learning solutions are popular in differ-
ent domains and have become a standard approach to use. How-
ever, deep learning methods require large amounts of training data,
which is a hard constraint to overcome. For genetic cardiac disease
classification, interesting deep learning solutions would be to use,
for example, RNN networks [14] and LSTM networks [15]. Never-
theless, we have omitted deep learning solutions in this paper due
to limited dataset and concentrated on methods, which can handle
small datasets well.

Majority of the methods used were applied also in our ear-
lier studies [5,6,10,11,16,17,18], but we have included new method
which has not been used in aforementioned studies. Furthermore,
we examined two different test set-ups (leave-one-signal data-out,
10-fold cross-validation) giving new perspective to classification
of cardiac diseases compared to earlier studies and these are ex-
plained in subsequent subsections in detail. All experimental tests
were performed using Dell Precision Tower 7810 workstation hav-
ing dual Intel Xeon E5-2640 v4 @ 2.40GHz processors, 128 GB RAM
and Win10 Pro operating system. Tests were made using MATLAB
2019b with Parallel Computing Toolbox and Statistics and Machine
Learning Toolbox.

As a first method, we applied k-Nearest Neighbor (kNN) clas-
sifier [19,20] with different (k value, distance measure, distance
weighting) triplets. We tested altogether 19 different odd values
of k (k € {1, 3, 5, ..., 37}). Justification behind testing only odd k
values is to decrease the possibility of ending up to a tie, which
would again need special attention. If a tie, however, occurred
in a classification, it was solved by random choice. In the case
of distance measures, we examined eight alternatives. These were
Chebychev, Manhattan, correlation, cosine, Euclidean, standardized
Euclidean, Mahalanobis and Spearman distance measures. Finally,
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made.

we also tested three distance weighting schemes called equal, in-
verse weighting and squared inverse weighting. Overall, with the
kNN classifier 456 different triplets were tested and all of them
were examined with both test set-up approaches.

Decision trees have performed well in our earlier studies and
in this paper we applied two tree-based algorithms. Firstly, we
used classical CART [21,22] decision tree algorithm with default
parameter values. Secondly, we examined Random Forests classi-
fier [23,24] where we tested 100 different values for the number
of trees in a forest (#trees € {1,2,...,100}). Both Random Forests
and CART classifiers were tested with similar parameter settings
on both test set-ups.

Discriminant analysis is a famous and traditional method for
classification tasks. We investigated the suitability of three dis-
criminant analysis methods for the genetic cardiac disease clas-

sification. These methods were linear discriminant analysis [25],
quadratic discriminant analysis [25,26] and Mahalanobis discrim-
inant analysis also known as minimum Mahalanobis distance clas-
sifier [27,28]. We used the default parameter settings in all dis-
criminant analysis experiments.

Multinomial logistic regression (MLR) [29,30] is an extension of
logistic regression applied in binary classification tasks. We used
MLR method with default parameter settings with both test set-
ups. Next classification method was Naive Bayes classifier [31] with
and without kernel smoothing density estimate (KDE). Without
KDE, Naive Bayes has assumption of Gaussian distribution. When
KDE is applied with Naive Bayes classifier, there are several alter-
natives for kernel selection. In this study, we tested four kernels
namely Epanechnikov, normal (Gaussian), triangle and box kernels.
These four kernels have also been examined in our previous stud-
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ies [6,10,11,16,17,18]. Otherwise, with Naive Bayes classifier we ap-
plied the default parameter settings.

Support Vector Machine (SVM) is a well-known classification
algorithm. The original purpose was to use it in two-class classifi-
cation problems, but it has been extended to cover also multiclass
cases where the number of classes is larger than two. We have
used binary and different multiclass extensions of Least-Squares
Support Vector Machines (LS-SVMs) [32,33] in our previous studies
[5,6,10,11,16,17,18]. However, in this research we have done sev-
eral modifications compared to previous researches. Firstly, we ap-
ply now the SVM algorithm [34] instead of LS-SVMs. Secondly, ear-
lier our LS-SVMs approaches included the use of either binary LS-
SVM classifier or tree-based multiclass LS-SVM. However, now we
utilize one-vs.-one (OVO) [35] approach where M individual
binary SVM classifier are constructed when M is the number of
classes. We are using error-correcting output codes (ECOC) frame-
work [36] to model OVO approach and due to the properties of
0VO, ECOC uses ternary coding [37,38] and loss-weighted decoding
scheme is applied. When training an individual binary SVM clas-
sifier, we utilize Iterative Single Data Algorithm (ISDA) [39] in hy-
perplane optimization. ISDA algorithm is designed, especially, to be
used with large datasets. Moreover, with the SVM classifier Hinge
loss function is applied. When dealing with SVMs, parameters and
kernel selection are important issues. We tested four kernels (the
linear, quadratic, cubic and the RBF) in this paper. A common pa-
rameter for all kernels is boxconstraint (C) and we tested 21 values
for this hyperparameter (C € {278,277...., 212}). In the case of the
RBF kernel we also examined the impact of kernel scale parame-
ter (o) and we had the same parameter value space for it as for
boxconstraint. Thus, all the polynomial kernels were tested with
21 parameter values and the RBF kernel with 212 parameter com-
binations.

The first test set-up was leave-one-signal data-out (LOSDO),
which is a variant from leave-one-out method. The classification
process with LOSDO technique can be described as follows:

1 Let the number of signals be N in the data.

Extract data from the ith signal for test set. Notice that data

from one signal includes several rows of data and each one of

the rows represents data gained from one peak.

3 Leave the data from N-1 signals to training set.

4 Perform z-score standardization (columns to zero mean and
unit variance) for the training set.

5 Scale the columns of test set with the scaling parameters
gained from the training set in step 4.

6 Train classifier with the training set and with the given param-
eter settings.

7 Predict class labels for the test set data. Now, prediction is
made at peak level.

8 Take the mode of predictions in order to get a signal level
prediction. If mode is not unambiguously determined, take the
smallest value occurred in a tie.

9 Repeat steps 2-8 for all signals in a dataset.

10 When signal level prediction for all signals has been made,
evaluate confusion matrix.

11 From confusion matrix (CM) evaluate accuracy and TPR (true
positive rate) for each class.

12 If a classification method requires parameter tuning, repeat the
process with all parameter settings and select that parameter
combination as a final result, which receives the highest accu-
racy.

\S)

The other test set-up was to use 10-fold cross-validation in clas-
sification. 10-fold- cross-validation is a standard way to perform
classification in machine learning, but in the case of signal classifi-
cation, there are some special issues that need to be taken into ac-
count. We used stratified sampling at signal level when doing the
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10-fold cross-validation division. By this means, we ensured that
all classes in a data are represented in each fold. Furthermore, the
data from one signal is included only to one-fold. In other words,
data from one signal is not scattered to several folds simultane-
ously. The same cross-validation division was used with all param-
eter settings tested and/or classification methods in order to en-
sure fair comparison of the results. Classification procedure goes
as follows in detail:

—_

Extract the ith fold from the data to test set.
Leave the rest of the folds to training set.

3 Perform z-score standardization (columns to zero mean and
unit variance) for the training set.

4 Scale the columns of the test set with the scaling parameters
gained from the training set in step 3.

5 Train classifier with the training set and with the given param-
eter settings.

6 Predict class labels for the test set (ith fold). Now the predic-
tions are at peak-level.

7 Obtain a signal level prediction for each signal in a test set
by taking the mode separately from the predicted class labels
for each signal data. If mode is not unambiguously determined,
take the smallest value occurred in a tie.

8 When signal level prediction for all signals within the ith fold
has been made, evaluate the confusion matrix (CM;).

9 Repeat steps 1-8 with all folds.

10 Calculate a combined confusion matrix (CCM) by summing up

N

10
all confusion matrices together. In other words, CCM = " CM,;.

i=1

11 Evaluate accuracy and TPR for each class from CCM.

12 If a classification method requires parameter tuning, repeat the
process with all parameter settings and select that parameter
combination as a final result, which receives the highest accu-
racy.

Since accuracy and TPRs are calculated from CCM, we do not
get standard deviation for accuracy and/or TPRs. If we would calcu-
late accuracy and/or TPRs from each fold separately, the standard
deviation obtained would not be comparable with accuracy/TPRs
obtained from CCM, since CCM represents evaluation measures ob-
tained from the whole data whereas standard deviation would be
calculated from folds (each fold is around 10% of the data). LOSDO
procedure presents performance measures from the whole data
and, thus, performance measures gained from the CCM are more
natural choice compared to traditional 10-fold cross-validation pro-
cess where performance measures are presented as a mean of
ten folds. Accuracy is defined in this study as follows accuracy =
MIOO% whereas TPR for class i is defined with the fol-
Zk:l zm:l CMkm
lowing way TPR; = — i 100%, i=1,2,...,7.
21 CMj;
5. Comparing model building with cross-validation or
leave-one-out techniques

Obviously, the hold-out procedure is the simplest technique for
computing machine learning models and to divide an available
data set into two parts, a training set and a test set typically with
the equal size or sometimes a training set is larger, e.g., 2/3 from
an original data set. If a data set is small, a larger training set is
used in order to attempt to build a model or classifier by apply-
ing as representative training set as possible. Sampling for training
and test sets is, of course, made randomly. However, the stratified
hold-out is suggested [40], since then the random sampling is exe-
cuted so that every class of a data set is represented in both train-
ing and test sets approximately according to the class distribution
of the original whole data set. Cross-validation [40] can be seen to
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form a more versatile division, when a data set is divided or ran-
domly sampled into several (K) separate parts called folds of the
equal size or as equal as possible if the number of data instances
n is not divisible by K. Usually, K is equal to 10, i.e., 10-fold cross-
validation is applied, but also 5- or 20-fold cross-validation may
be utilized. Thus, the choice of 10 is chiefly an established prac-
tice. Then one by one, K folds or subsets are used as a test set
when the corresponding training set is formed based on other K-
1 subsets. This way, a test set is around 10% of the original data
set and its training set 90%, respectively. Leave-one-out technique
is equal to the special cross-validation procedure in which every
test set includes only one instance and its training set all other n-
1 instances [40]. In this sense, a maximal number of data instances
is used for building a model. The number of models or classifiers
built is equal to n (the size of the data set) which may cause high
running times. Leave-one-out is mainly applied only to small data
sets.

When a classification or other machine learning problem can-
not be fully solved with finite (and not even infinite in princi-
ple) data sets, because this also depends on the capacity of an
algorithm applied to solve the learning problem, there may ap-
pear more or less errors that are called bias that cannot be fully
eliminated and not calculated precisely in practice, but can be ap-
proximated. The other error source stems from a practical limita-
tion, training set applied that is always finite and limited in re-
ality. Thus, such a training set is not able very well to represent
the actual population of data instances. This error over all poten-
tial training sets of the same size as well as to test sets is variance
of a machine learning technique for a problem given. The expected
error of a classifier is the sum of bias and variance [40].

Leave-one-out is seen virtually unbiased and, on the other
hand, it has high variance [41]. Classification accuracy is used to
express how well a classifier can classify test data instances on av-
erage. In a way, it is opposite to prediction error. After assuming
independent and identically distributed data instances correct and
incorrect classifications were expressed with loss function values 1
and 0 [41]. Then accuracy value A for classification could be com-
puted as follows where T is the test set, x; its instance, C a classifier
and y; the actual (known) class of x;. Then 8(C(x;),y;)) is equal to 1
if C(x;) is equal to y; and otherwise it is O [41].

— 7 ()

x;eT

A

K-fold cross-validation was considered by using prediction er-
ror and its expected value over training sets [42]. They studied
variance in the context of cross-validation starting from identically
distributed (dependent) attributes (A their average) containing the
property asymptotically converging to a normally distributed at-
tribute which is characterized with its expectation E(H) and vari-
ance as follows.

var(A) = E(A?) —~E(A)’

Further, they used the covariance matrix of cross-validation
errors and found that there are much similarity in its contents
shown in covariance matrix blocks [42] which was natural, since it
was based on cross-validation using the same data set divided into
folds. They formed a linear combination of three moments derived
from the covariance matrix. By using the moments derived it was
possible to show that no unbiased estimator of variance Var(H)
exists. This was also proved for leave-one-out [42].

Independence assumptions for K-fold cross-validation and
leave-one-out were introduced and the assumptions were uti-
lized to derive sampling distributions for their estimators of cross-
validation and leave-one-out [43]. It was presented that K-fold
cross-validation should not be executed repeatedly, since this could
not give a more reliable estimate since mean accuracies produced
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Fig. 6. The distribution of attribute max(s’) computed from the whole peak data.

by any two repetition are dependent. Also, the sample variance of
leave-one-out is constant because of the characterization of it. This
was interpreted as another explanation not to execute K-fold cross-
validation repeatedly [43].

Our current data contained 1173 signals originating from seven
classes and comprising different numbers of peaks from 1 to 123.
Peak sizes and shapes varied much. A signal classification was
made on the basis of its peaks that were first classified one by one
with a classifier and the class of that signal was decided according
to the majority of its peak classifications. When the actual classi-
fiers tested were applied to peak data instances, the main process
focused on them. On the other hand, the results gained are given
as classification accuracies stemming from entire signals of its own
peaks. Accordingly, we examined their common influence.

Peak attribute distributions are right-skewed, e.g., as in Fig. 6.
All 14 attributes were right-skewed. It is natural when all these are
biophysical attributes of non-negative real values. None was nor-
mally distributed according to Kolmogorov-Smirnov test. They are
not ideal such as independently and identically distributed.

Although 10-fold cross-validation and leave-one-out were seen
rather different from each other [40-43], at least as different meth-
ods, they resemble much each other in the sense that the majority,
approximately 90%, of every training set of 10-fold cross-validation
contains the same data instances than those in any training set of
leave-one-out. Because sampling is made randomly, any test set
of size 10% from the whole data set in 10-fold cross-validation
ought to mainly include data following the same distribution as
in the corresponding training set. For these reasons, at the begin-
ning we assumed that differences of each classification technique
between classification results (accuracies) computed with either
10-fold cross-validation or leave-one-out would mostly be minor.
Those theoretical considerations above suggest that variance asso-
ciated with leave-one-out would be extensive. Usually, all literature
sources mention that leave-one-out should be used for small data
sets only. Instead, it is rather indefinite what size of a data set may
or may not be small.

In the present research we had only one data set. Usually more
data sets are used, for example, six [41] or more while comparing
machine learning methods. Often tens of them are recommended
to obtain somewhat wide and general understanding about classi-
fication results gained. If there are several data sets, they may be
rather small to restrict execution times of classifications to be rea-
sonable. Nevertheless, we used one data set only, but made clas-
sifications with numerous classification algorithms and their vari-
ations to obtain generality but, at the same time, restricting ex-
ecution times within quite reasonable durations. This restriction
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Table 3
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Leave-one-out: Classification results as sensitivities and accuracies for seven disease classes when C and o are the control parameters of
radial basis function support vector SVM RBF. The three highest accuracies are in Bold.

Method Sensitivity % Accuracy %
Class LQT1 LQT2 HCMM  HCMT CPVT DCM  WT
Random forests, 61 trees 94.4 74.6 86.3 59.1 70.8 71.6 62.8 73.7
ECOC-SVM linear, (=4 83.3 73.9 71.1 46.3 38.6 73.1 442 577
ECOC-SVM polynomial 2, C=2-3 86.7 75.4 84.4 61.1 57.9 74.6 45.1 67.2
ECOC-SVM polynomial 3, C=2° 93.3 76.8 79.6 59.7 64.8 70.1 447  67.6
ECOC-SVM RBF, C=1024, 0 =4 87.8 76.8 87.4 67.1 65.2 71.6 55.8 72.2
Multinomial logistic regression 83.3 71.7 66.3 43.0 39.5 62.9 46.5 559
Linear discriminant analysis 63.3 54.3 61.9 36.2 39.9 62.7 482 509
Quadratic discriminant analysis 90.0 42.0 78.5 45.6 21.9 79.1 35.0 51.3
Mahalanobis discriminant analysis 7.8 52.9 233 17.4 40.8 74.6 80.5 423
CART (decision tree) 87.8 73.2 86.3 57.7 67.0 74.6 593 715
Naive Bayes 57.8 8.7 60.0 9.4 9.4 88.1 478  36.6
Naive Bayes normal kernel 56.7 31.2 59.6 28.9 11.2 79.1 712 459
Naive Bayes Epanechnikov kernel 45.6 254 57.0 24.8 9.4 77.6 71.7 429
Naive Bayes box kernel KNN Chebysev equal weighting  51.1 29.7 59.6 22.1 9.9 77.6 70.8  44.0
Naive Bayes triangle kernel 56.7 29.0 60.4 28.9 11.2 77.6 704 455

Table 4

Leave-one-out: Classification results as sensitivities and accuracies in which k is the number of nearest neighbor search that produced the best

results. The highest accuracy is in Bold.

Method Sensitivity % Accuracy %
Class LQT1 LQT2 HCMM  HCMT CPVT DCM  WT

KNN Chebysev equal weighting, k=1 733 68.1 84.1 46.3 59.7 50.7 49.1 63.1
KNN Chebysev inverse weighting, k=1 733 68.1 84.1 46.3 59.7 50.7 49.1 63.1
KNN Chebysev squared inverse weighting, k=1 73.3 67.4 83.0 51.0 55.8 53.7 540 63.7
KNN cityblock equal weighting, k=1 86.7 70.3 86.3 59.1 62.7 58.2 53.5 68.4
KNN cityblock inverse weighting, k=1 86.7 70.3 86.3 59.1 62.7 58.2 53,5 684
KNN cityblock squared inverse weighting, k=1 86.7 70.3 86.3 59.1 62.7 58.2 53.5 684
KNN correlation equal weighting, k=1 83.3 73.2 81.1 56.4 63.1 55.2 51.3 66.4
KNN correlation inverse weighting, k=1 833 73.2 81.1 56.4 63.1 55.2 513 664
KNN correlation squared inverse weighting, k=3 85.5 71.7 79.3 53.0 64.4 56.7 549 664
KNN cosine equal weighting, k=1 81.1 68.1 82.6 53.0 61.4 65.7 55.8 66.7
KNN cosine inverse weighting, k=7 84.4 68.8 79.3 54.4 60.5 65.7 584  66.8
KNN cosine squared inverse weighting, k=7 84.4 68.8 79.3 54.4 63.5 65.7 59.7 676
KNN Euclidean equal weighting, k=1 81.1 68.1 87.8 51.0 62.7 53.7 53.1 66.7
KNN Euclidean inverse weighting, k=3 82.2 71.0 87.0 57.0 62.7 53.7 56.2 68.3
KNN Euclidean squared inverse weighting, k=3 81.1 71.7 87.8 56.4 61.4 52.2 56.6  68.1
KNN Mahalanobis equal weighting, k=1 90.0 71.0 86.7 58.4 63.1 53.7 52.2 683
KNN Mahalanobis inverse weighting, k=3 90.0 71.0 86.7 56.4 62.7 55.2 549  68.5
KNN Mahalanobis squared inverse weighting, k=3 90.0 71.0 86.7 58.4 63.0 53.7 522 683
KNN standardized Euclidean equal weighting, k=1 81.1 68.1 87.8 51.0 62.7 53.7 53.1 66.7
KNN standardized Euclidean inverse weighting, k=3 82.2 71.0 87.0 57.0 62.7 53.7 56.2 68.3
KNN standardized Euclidean squared inverse weighting, k=3 81.1 71.7 87.8 56.4 61.4 52.2 56.6  68.1
KNN Spearman equal weighting, k=1 88.9 64.5 78.1 55.7 57.9 52.2 509 63.8
KNN Spearman inverse weighting, k=3 85.6 69.6 78.1 56.4 57.5 62.7 549  65.5
KNN Spearman squared inverse weighting, k=3 87.8 67.4 79.6 57-0 60.1 62.7 549 66.3

was made because execution times for radial basis function sup-
port vector machines (RBF-SVM) took around eight weeks for 441
control parameter value combinations used in leave-one-out. In
addition, other SVM methods, multinomial logistic regression and
random forests were relatively slow and took hours or even days.
Other, simpler methods took short times such as minutes, but be-
ing simple methods meant that those more complicated gave bet-
ter results being able to model data better and were so necessary
to be included in the tests.

6. Results

Many classification methods based on machine learning were
run for the current data to analyze how efficiently the six diseases
and controls were possible to differentiate from each other by ap-
plying peaks recognized from calcium transient data. Sensitivities
or true positive ratios and accuracies gained with the leave-one-
out technique are shown in Tables 3 and 4. In Table 3, random

forests generated the highest classification accuracy of 73.7 %. SVM
with radial basis function (RBF) of 72.2 % and decision trees (CART)
of 71.5 % were almost equally efficient. In Table 4, kNN with Maha-
lanobis equal weighting produced the highest accuracy of 68.5 %,
and several other were virtually equally good.

Sensitivities and accuracies produced by applying 10-fold cross-
validation are presented in Tables 5 and 6 after having used the
same classification methods similarly to the tests made with leave-
one-out. Cross-validation test series was executed only once so
that every instance was run once for testing, i.e., as for leave-one-
out test. In Table 5 the best results are 72.5 % of random forests,
70.3 % of ECOC-SVM RBF and 69.4 % of CART. In Table 6 the best is
67.9 % of kNN Mahalanobis squared inverse weighting.

As compared to our earlier results the current accuracies of
seven classes, that is, 6 diseases or mutations and controls (wild
type) the classification accuracies obtained are smaller than those
with 527 calcium transit signals for four classes (three diseases and
controls) of 78.6 % [6] and those with 941 signals for five classes
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Table 5
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10-fold cross-validation: Classification results as sensitivities and accuracies for seven. The three highest accuracies are in Bold.

Method Sensitivity % Accuracy %
Class LQT1 LQT2 HCMM HCMT CPVT DCM WT

Random forests, 40 trees 91.1 71.0 87.0 59.7 70.0 67.2 61.1 72.5
ECOC-SVM linear, C=8 83.3 70.3 71.5 47.0 40.3 74.6 442 579
ECOC-SVM polynomial 2, C=23 90.0 72.5 82.2 58.4 57.5 77.6 473  66.8
ECOC-SVM polynomial 3, C=2-8 92.2 74.6 84.8 53.7 58.4 66.7 469 66.8
ECOC-SVM RBF, C=2"1, =4 91.1 75.4 85.2 63.8 63.9 67.2 53.1 70.3
Multinomial logistic regression 90.0 69.6 67.8 40.9 373 65.7 45.6 55.8
Linear discriminant analysis 63.3 53.6 62.6 35.6 40.8 62.7 478 51.0
Quadratic discriminant analysis 90.0 442 77.8 47.6 22.7 77.6 33.2 51.4
Mahalanobis discriminant analysis 7.8 52.9 233 18.1 421 71.6 792 422
CART (decision tree) 83.3 68.1 823 55.7 66.1 67.2 575 694
Naive Bayes 58.9 9.4 61.1 8.7 9.9 88.1 49.1 373
Naive Bayes normal kernel 51.1 275 61.1 28.9 12.0 79.1 704 454
Naive Bayes Epanechnikov kernel 45.6 225 56.3 235 9.0 76.1 70.0 41.7
Naive Bayes box kernel KNN Chebysev equal weighting ~ 47.8 275 58.1 20.1 7.7 77.6 70.8 425
Naive Bayes triangle kernel 52.2 26.8 61.9 28.9 11.6 76.1 70.0 452

Table 6

10-fold cross-validation: Classification results as sensitivities and accuracies in which k is the number of nearest neighbor search that produced

the best results. The highest accuracy is in Bold.

Method Sensitivity % Accuracy %
Class LQT1 LQT2 HCMM HCMT CPVT DCM WT

KNN Chebysev equal weighting, k=1 733 68.8 83.3 47.0 58.8 44.8 496  62.7
KNN Chebysev inverse weighting, k=1 733 68.8 83.3 47.0 58.8 44.8 496  62.7
KNN Chebysev squared inverse weighting, K=3 711 66.7 83.7 49.7 56.2 49.3 52.7 63.0
KNN cityblock equal weighting, k=3 90.0 67.3 85.6 52.3 61.4 55.2 543  67.0
KNN cityblock inverse weighting, k=5 87.8 66.7 86.3 54.4 61.8 58.2 540 673
KNN cityblock squared inverse weighting, K=5 85.6 66.7 87.0 54.4 62.7 59.7 53.1 67.4
KNN correlation equal weighting, k=1 82.2 71.7 80.0 56.4 65.2 52.2 513  66.2
KNN correlation inverse weighting, k=1 82.2 71.7 80.0 56.4 65.2 52.2 513 66.2
KNN correlation squared inverse weighting, k=1 82.2 71.7 80.0 56.4 65.2 52.2 51.3 66.2
KNN cosine equal weighting, k=1 80.0 65.9 82,2 54.4 64.4 58.2 55.8 66.6
KNN cosine inverse weighting, k=1 80.0 65.9 82.2 54.4 64.4 58.2 55.8  66.6
KNN cosine squared inverse weighting, k=1 80.0 65.9 82.2 54.4 64.4 58.2 55.8  66.6
KNN Euclidean equal weighting, k=1 77.8 66.7 87.0 51.0 62.7 44.8 496 649
KNN Euclidean inverse weighting, k=3 81.1 67.4 85.9 53.7 61.8 47.8 51.8 65.7
KNN Euclidean squared inverse weighting, k=3 80.0 68.1 86.3 53.0 62.7 47.8 53.0 66.0
KNN Mahalanobis equal weighting, k=3 88.9 70.3 87.0 57.7 60.1 49.3 48.7 66.0
KNN Mahalanobis inverse weighting, k=3 91.1 70.3 85.9 56.4 62.7 49.3 535 67.8
KNN Mahalanobis squared inverse weighting, k=7 93.3 72.5 86.3 57.0 62.2 55.2 50.0 679
KNN standardized Euclidean equal weighting, k=1 77.8 66.7 87.0 51.0 62.7 44.8 496 649
KNN standardized Euclidean inverse weighting, k=3 81.1 67.4 85.9 53.7 61.8 47.8 51.8 65.7
KNN standardized Euclidean squared inverse weighting, k=3  80.0 68.1 86.3 53.0 62.7 47.8 522  66.0
KNN Spearman equal weighting, k=1 87.7 67.4 75.9 54.4 57.9 44.8 522 632
KNN Spearman inverse weighting, k=3 85.6 63.0 78.9 53.0 60.5 50.7 504  63.5
KNN Spearman squared inverse weighting, k=3 87.8 63.0 78.1 53.0 60.5 53.7 522 640

(4 diseases or mutations and controls) of 77.8 % [10] as their best
results both with random forests. Now the seven classes classifica-
tion was naturally more complicated, which affected the results.

On the basis of the results in Tables 3-6, LQT1 and HCMM are
among the best separated and the controls (WT) often had the
poorest sensitivities (true positive ratios). LQT1 and LQT2 could be
separated very accurately from each other. HCMM and HCMT could
also be separated even if these are two mutations of the same dis-
ease.

There are the accuracies of 40 different methods together in
Tables 3 and 4 as well as in Tables 5 and 6. For 36 methods in
Tables 3 and 5, the accuracy results of leave-one-out are slightly
higher than those corresponding of cross-validation in Tables 5 and
6. For these 36 the differences are from 0.1 % to 2.6 %. For the
rest four methods cross-validation gave very slightly better accu-
racies, when the differences of leave-one-out and cross-validation
are small being from 0.1 % to 0.7 %. Altogether, the minimum dif-
ference is 0.1 %, maximum 2.6 % and mean 1.0 %, in other words,
leave-one-out generated better accuracies, but the mean difference
is rather insignificant.

10

Specificity values resembled roughly sensitivity values. For ex-
ample, in association with the best accuracy result of 73.7 % in
Table 3 for random forests specificities were 79.8 % for LQT1, 73.5
% for LQT2, 68.0 % for HCMM, 75.8 % for HCMT, 74.4 % for CPVT,
73.8 % for DCM and 76.2 % for WT.

For the sake of comparison, we still computed with clustering
how the peak data were distributed while applying unsupervised
machine learning. K-means++ clustering method has been applied
to the whole dataset with different parameter values. As a prepro-
cessing stage, we z-score standardized the features in a dataset.
Clustering has been repeated with 7, 8, 9 and 12 clusters. Squared
Euclidean distance measure has been used in clustering. The num-
ber of iterations was 1000 and 100 different initializations were
tested with all clusterings.

Clustering was performed on a peak level and this means that
each peak in a signal is assigned to a certain cluster. In order
to have a signal level clustering for specific signal, we take a
mode (majority vote) from the peak level cluster assignments of
a specific signal and this determines to which cluster a signal be-
longs. In Table 7 there are the best results given by 9 clusters,
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Table 7
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K-means++ results computed with 9 clusters. The most frequent class/classes in a cluster have been emphasized with bold font and the
proportion of those classes in a cluster in percentages have also been represented.

Class/Cluster ~ Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7 Cluster 8  Cluster 9
LQT1 24 15 16 28 0 0 0 1 6

HCMM 50 6 106 (52.0) 39 48 (38.7) 4 0 0 17

CPVT 47 11 24 66 (28.3) 25 22(379) O 2 36

WT 35 33 15 16 33 15 5 9 (52.9) 65 (43.3)
HCMT 52(22.7) O 21 35 16 14 0 0 11

LQT2 19 36 (27.1) 21 36 2 3 5 1 15

DCM 2 32 1 13 0 0 15 (60.0) 4 0

where the rows represent classes and columns clusters. Numbers
in Table 7 represent the number of signals in a specific cluster
from a specific class.

These results show that also unsupervised machine learning
produced clustering to different groups of data peaks where the
majority classes were found for clusters except for LQT1. Note
that more than one cluster may represent the same class. In
Table 7 there are two such clusters for HCMM, CPVT and WT. Class
LQT1 did not reach the signal majority in any cluster in Table 7.
Possibly, this came partially from its relatively small number of
peaks from among all classes (Table 1). Poorer results were ob-
tained compared with the results of the classification methods
which is natural and typical, since unsupervised machine learning
methods of clustering do not utilize the class information which
supervised classification methods do. These clustering results sup-
port our preceding classification results that the classification of
the different genetic diseases included can be possible.

7. Conclusion

The classification accuracies are smaller than in our earlier
studies so that, for example, the best accuracy in Table 3 was ap-
proximately 5 % smaller than the best one of three disease classes
and controls [6] or 4 % smaller than the best of four disease classes
and controls [10]. This is rational because the current task of six
disease classes and controls is more complicated. Nevertheless, the
best accuracy of above 70 % gained individual sensitivities above
59 % of random forests in Table 3 show that the six diseases classes
and controls are possible to separate from each other by machine
learning techniques.

The comparison of leave-one-out and cross-validation indicated
that leave-one-out produced 1 % better accuracies on an average
for the current data and test set-ups. This is virtually insignifi-
cant. Obviously, it was caused by the essential difference of the
two techniques, the larger training set of leave-one-out and from
its almost constant character. While comparing any two different
training sets and the corresponding test sets in the leave-one-
out training process, two instances only, their test instances (one
present and the other absent or the opposite as to two training
sets) are exceptional and otherwise the training sets are identical.
Instead, 10 training sets in cross-validation are slightly more differ-
ent, which may produce a little more variation for machine learn-
ing models computed with the same method. For 10-fold cross-
validation 80 % of instances are the same for the training sets of
two different folds. To summarize, the results show that in princi-
ple both techniques could be applied as well for the current data
with these numbers: 1173 signals containing 18387 peaks used for
training from seven classes. Of course, applying leave-one-out for
large datasets would require long running times, at least for such
time-consuming methods as support vector machines with radial
basis function (RBF) and random forests being also typically among
the best, and therefore their use would not then be practical.

This relatively large dataset utilized in this study included two
to six hiPSC cell lines from each seven conditions (control or dis-

1

ease) and by using complex classification tasks we gained the
classification accuracy of above 70 %. We see this as an indica-
tor that these diseases could be separated from each other by
machine learning techniques. Nevertheless, even larger datasets
could strengthen our finding. Abnormalities in calcium transients
in many cases represent a patient’s cardiac phenotype [7,8,9,12,13].
However, a known problem with hiPSC-CMs is their immature
structural and functional characteristics like immature calcium
handling that differs from those of adult cardiomyocytes. In the lit-
erature variation between hiPSC lines and in their phenotypic re-
sponses, e.g. in baseline action potential characteristics and drug
responses, have been reported even between control cell lines [44-
46]. This variability could exceed differences between parameters
of patient and control hiPSC-CMs. Since these cells can be pheno-
typically immature and culture and assay methods are not stan-
dardized, it can be a disadvantage to the development of predic-
tive computational models [45]. One option to reduce variability
between cell lines, in addition to increase cell maturation with cer-
tain techniques, is recent advances in genome-editing techniques,
like CRISPR/Cas9 method [47]. This allows modification of the stem
cell genome when isogenically matched controls are generated for
diseased hiPSC lines [45]. In the future, experimental datasets for
machine learning should be broadened with isogenic controls and
larger datasets of hiPSC lines to better understand the variation be-
tween healthy and diseased lines.

The classification tests performed here strengthens our previous
results showing that it is achievable to get a good classification ac-
curacy with disease-specific iPSC-CM calcium transient data, even
though the number of test signals here was increased with sig-
nals of two additional diseases. The result strengthens our previ-
ous finding that the machine learning method could be utilized
in identification of several genetic cardiac diseases, but may also
separate mutations in different genes resulting in the same clin-
ical phenotype. Machine learning classification of disease-specific
CM calcium transients could be exploited to diagnose genetic car-
diac disease and could even predict the type of disease mutation.
For this more advanced cardiac differentiation methods would be
needed in the future, e.g. direct differentiation of blood cells into
CMs, to achieve a realistic additional tool for diagnosing genetic
cardiac diseases.
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