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a b s t r a c t

The precise and early assessment of cardiotoxicity is fundamental to bring forward novel drug candidates
to the pharmaceutical market and to avoid their withdrawal from the market. Recent preclinical studies
have attempted to use human-induced pluripotent stem-cell-derived cardiomyocytes (hiPSC-CMs) to
predict clinical cardiotoxicity, but the heterogeneity and inconsistency in the functional qualities of the
spontaneous contractility of hiPSC-CMs across cell culture wells and product lots still matter. To rapidly
assess the functional qualities of hiPSC-CMs without histological labeling, we optically detected the
contractility of confluently cultured hiPSC-CMs using bright-field microscopy. Using a method that
consisted of data preprocessing, data augmentation, dimensionality reduction, and supervised learning,
we succeeded in precisely discriminating between functionally normal and abnormal contractions of
hiPSC-CMs.

© 2020 Elsevier Inc. All rights reserved.
1. Introduction

Off-target cardiotoxicity often causes discontinuation of drug
development or drug withdrawal from the pharmaceutical market
[1]. One of the factors that makes it difficult to predict cardiotox-
icity in preclinical studies is species differences in cardiomyocytes.
To overcome this problem of species differences, recent studies
have attempted to use human-induced pluripotent stem-cell-
derived cardiomyocytes (hiPSC-CMs) to assess their contractility,
action potentials, and viability [2e4], and classical animal models
for cardiac safety assays are expected to be substituted with hiPSC-
CMs [5,6]. However, at present, hiPSC-CMs are experimentally
vulnerable, and their morphology and physiology vary depending
on the product lots and experimental conditions, even when the
experimental protocols and experimenters are identical. We have
previously established a convolutional-neural-network-based
method for the automated assessment of the cell morphology of
otent stem-cell-derived car-
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cultured hiPSC-CMs [7]. In contrast, there are fewmethods that can
assess the quality of the contractile functions of hiPSC-CMs [8]. In
this study, we optically quantify the contractility of hiPSC-CMs
using bright-field microscopic videos, instead of measuring iso-
metric or isotonic contractions, and extract the contraction waves
directly from time-lapse video images. Using dimensionality
reduction, data augmentation, data preprocessing, and binary
classification [9,10], we divide the contraction waves into ‘normal’
contraction (experimentally useable) and ‘abnormal’ contraction
(experimentally unusable) waves. More specifically, we utilize i) a
sliding window method for data augmentation, ii) fast Fourier
transform for data preprocessing, and iii) uniform manifold
approximation and projection (UMAP) for nonlinear dimension-
ality reduction. We then train a support vector machine (SVM) to
evaluate the qualities of individual contraction waves [11].
2. Materials and methods

2.1. hiPSC-CM culture

iCell Cardiomyocytes2 (Cellular Dynamics International, Inc.;
Madison, WI, USA), commercially available hiPSC-CMs, were
cultured as previously reported [7]. In short, hiPSC-CMs were
seeded at 40,000 cells/well in 96-well plates and formed a 2D
monolayer structure. After 5e7 d of incubation, they were treated
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with drugs to increase the variability in the qualities of the hiPSC-
CM cultures.

2.2. Data acquisition

Bright-field videos of cultured hiPSC-CMs (1,280 � 1,080 pixels,
16-bit intensity, 20 fps, 30 s) were obtained before and 1e3 d after
the drug treatments using a 20 � objective and CQ1 confocal
quantitative image cytometer (Yokogawa Electric, Tokyo, Japan)
and saved as a TIFF stack.

A total of 624 videos were obtained from four independent
experiments. All videos were carefully inspected by four well-
trained experimenters [7]. Of the 624 videos, 68 were easily
found to exhibit extremely bad conditions and thus were excluded
from the following analyses. The remaining 556 videos were cate-
gorized as either ‘normal’ (n ¼ 366 videos) or ‘abnormal’ (n ¼ 190
videos) based on the contractile qualities of the cultured hiPSC-
CMs. This categorization was consistent across the well-trained
experimenters, although it may be difficult for beginners to ach-
ieve the same result.

2.3. Data analysis

Data analyses were performed using Python 3, and the sum-
marized data were reported as the means ± standard error of the
means (SEMs) unless otherwise specified. P < 0.05 was considered
statistically significant.

2.3.1. Quantification of contraction properties of hiPSC-CMs
The TIFF stacks of 600 frames were imported to Fiji (a distri-

bution of ImageJ) [12]. To investigate the longitudinal changes in
the background pixel intensity, we used the 200-frame simple
moving average (SMA) around the frame of interest [13], which was
calculated using the average intensity projection mode. The peri-
odic contraction of hiPSC-CMs was quantified by calculating the
absolute value changes between the t-th frame of interest (It) and
the 200-frame SMA of the t-th frame (SMAt). For every frame, each
pixel in SMAt was subtracted from the corresponding pixel in It , and
the difference was used as an absolute value change. All the abso-
lute value changes were averaged for every frame. The changes in
the pixel intensities (hereafter called ‘contraction waves’) were
obtained for the middle 400 frames out of a total of 600 frames. In
each video, the amplitudes of the contraction wave were normal-
ized between 0 and 1.

2.3.2. Dataset split (10-fold cross-validation)
The dataset (n¼ 556 contractionwaves) was randomly split into

10 subsets (S1, S2, …, S10). Then one subset (e.g., S1) and the rest of
the subsets (e.g., S2, S3,…, S10) were assigned as a testing subset and
a training subset, respectively. This procedure was repeated for all
Si (Fig. 1A) [14]. Each subset randomly contained ‘normal’ videos
and ‘abnormal’ videos with a nearly constant normal/abnormal
ratio of approximately 1.9.

2.3.3. Data augmentation (sliding window method)
Each contraction wave (n ¼ 556 waves in total) was snipped off

by the sliding windowmethod [15], where thewindow size and the
stride were 200 frames and 40 frames, respectively. Then, the total
number of contraction waves was increased 6-fold.

2.3.4. Data preprocessing (fast Fourier transform)
We used the fast Fourier transform (FFT) algorithm (Python-

implemented) to convert contraction waves (n ¼ 556 waves before
data augmentation or n ¼ 3,336 waves after data augmentation)
into the frequency domain data [16].
2.3.5. Dimensionality reduction (uniform manifold approximation
and projection)

Uniform manifold approximation and projection (UMAP) is a
nonlinear dimensionality reduction algorithm, a machine learning
method based on a combination of Riemannian geometry and
algebraic topology [17,18]. A total of 400 (before the data
augmentation) or 200 (after the data augmentation) dimensions of
the contractionwaves (before or after the FFT) were reduced to two
dimensions (Python-implemented with the following default pa-
rameters: n_neighbors ¼ 15, min_dist ¼ 0.1, and
metric ¼ ‘euclidean’).
2.3.6. Prediction of contractile properties of hiPSC-CMs
We used the SVM algorithm for classification [11]. It took two

dimensions in the UMAP space as inputs and determined the de-
cision boundary across two classes (i.e., normal or abnormal) in the
UMAP space. Because the shape of the data structure in the UMAP
space was nonlinear (Fig. 2B), we used the radial basis function
kernel. To correct the class imbalance problem, we set the class
weight as abnormal/normal ¼ 1.9. The SVM parameters regarding
the shape of the decision boundary (i.e., gamma and C) were
optimized in the training subsets using the grid search algorithm
with 5-fold cross-validation so that the classification accuracy
could be maximized.

To evaluate the post-training SVM model, we used four indices:
accuracy, precision, recall, and F1. These four indices are defined as
follows:

Accuracy ¼ TP þ TN
TP þ FP þ FN þ TN

;

Precision ¼ TP
TP þ FP

;

Recall¼ TP
TP þ FN

;

F1 ¼ 2Precision � Recall
Precision þ Recall

¼ 2TP
2TP þ FP þ FN

;

where TP, FP, FN, and TN represent the true positive, false positive,
false negative, and true negative ratios of classification,
respectively.
3. Results

A total of 556 videos of confluently cultured hiPSC-CMs were
taken using bright-field microscopy. Four well-experienced experts
watched 556 original videos and classified them into 366 normal
and 190 abnormal cell cultures (Fig. 1A). The beat rates were
significantly higher in the normal hiPSC-CMs than in the abnormal
hiPSC-CMs (Fig. 1C; 0.44 ± 0.04 Hz (normal) and 0.31 ± 0.09 Hz
(abnormal), P ¼ 3.3 � 10�87, t ¼ 24, n z 227, n ¼ 366 (normal) and
190 (abnormal) waves, Welch’s t-test). Each video was transformed
into a contraction wave based on time changes in the pixel in-
tensities in the video images (Fig. 1B and C). The periodic repetition
in each contraction wave was reminiscent of typical in vivo ECGs
[19] and pulsatile blood flow [20].

UMAP was used to reduce a total of 400 dimensions (i.e., 400
video frames) of the contractionwaves to two dimensions (Fig. 2A).
Since UMAP preserves both global and local data structures, we
expected that the UMAP representations of the contraction waves
would reflect the fundamental properties in the contractility of
hiPSC-CMs (Fig. 2A). Indeed, the 556 data points of the normal or



Fig. 1. Grouping of contractionwaves obtained from bright-field videos of hiPSC-CMs. A, Bright-field videos of hiPSC-CMs were manually labeled as either ‘normal’ or ‘abnormal’
videos. The video datasets were randomly split into 10 consecutive folds. Each fold was used once as a testing set, while the remaining 9 folds were used as training sets. B,
Construction of contraction waves from bright-field videos. First, the mean pixel intensity of a 200-frame simple moving average image (SMAt) around the t-th frame was obtained
as the baseline intensity. SMAt was then subtracted from the pixel intensity of the t-th image (It). The consecutive absolute values of (It - SMAt) were defined as a contraction wave
(see Materials and methods). C, Representative contraction waves of normal (left) and abnormal (right) cultures of hiPSC-CMs.
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abnormal videos appeared to be relatively separated in the UMAP
space (Fig. 2B). We thus sought to classify the data points as either
‘normal’ or ‘abnormal’ using the SVM. For a 10-fold cross-
validation, we split the 556 contraction waves randomly into 10
distinct subsets (Fig. 1A). To assess the performance of the post-
training SVM classifier, we adopted four indices: accuracy, preci-
sion, recall, and F1 score. We found that these parameters were
0.85 ± 0.04, 0.88 ± 0.11, 0.66 ± 0.13, and 0.75 ± 0.09, respectively
(Fig. 3; means ± SEMs of 10 trained models).

To further improve the performance of the SVM, we employed
two strategies: data preprocessing and data augmentation (Fig. 2A).
For data preprocessing, we applied FFT to the contraction waves to
decompose the time changes in the beat patterns of hiPSC-CMs into
the frequency component [16]. When we classified these FFT
datasets using the SVM, the accuracy, precision, recall, and F1 score
were 0.89 ± 0.05, 0.92 ± 0.09, 0.76 ± 0.09, and 0.83 ± 0.07,
respectively (Fig. 3). For data augmentation [21], we used a sliding
window method to increase the total number of datasets from 556
to 3,336 waves. The accuracy, precision, recall, and F1 score were
0.89 ± 0.02, 0.92 ± 0.04, 0.75 ± 0.05, and 0.82 ± 0.04, respectively
(Fig. 3). Finally, we combined the FFT and the sliding window
method, that is, the FFT was applied to the 3,336 augmented waves.
The accuracy, precision, recall, and F1 score were 0.89 ± 0.02,
0.93 ± 0.04, 0.73 ± 0.05, and 0.82 ± 0.04, respectively (Fig. 3). The
accuracy, recall, and F1 score were significantly higher when the
FFT and/or sliding window method was used (Fig. 3).
4. Discussion

In this study, we established a machine-learning-based method
for the semiautomatic quality assessment of cultured hiPSC-CMs in
terms of their contractile function. The onset times of contractions
were different among videos; thus, the data structures in the
contraction waves are complex and cannot be assessed by absolute
times. To analyze these complex data, previous studies measured
linear parameters, such as the beat rates, periodicity, and amplitude
modulation. However, these so-called “biological” parameters are
arbitrarily selected by humans and may not necessarily capture all



Fig. 2. Visualization of two-dimensional features of contraction waves. A, Four strategies for the two-dimensional characterization of the contraction waves. First, UMAP was
applied directly to 400-frame contraction waves (Control). Second, the FFT was applied to the contraction waves, and UMAP was applied to the FFT spectra (FFT). Third, the
contraction waves were shortened to increase the number of data points six-fold, and UMAP was applied to the augmented datasets (Augmentation). Fourth, the FFT was applied to
the augmented datasets, and UMAP was applied to the FFT spectra (FFT þ Augmentation) (see Materials and methods). Then, the SVMwas trained using the training datasets, and its
classification performance was evaluated using the testing datasets described in Fig. 1A. Training and evaluation were repeated ten times. B, Visualization of the two-dimensional
features in the UMAP spaces constructed in A. Normal and abnormal hiPSC-CM cultures are indicated by the gray and black dots, respectively.

Fig. 3. Comparison of SVM classification performances. A, Comparisons of the accuracy in a 10-fold cross-validation among four strategies. B�D, The same as A but for the
precision, recall, and F1 score, respectively. *P < 0.05, Steel test.
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significant features hidden in the datasets. In the present study, we
avoided extracting any biological parameters from the datasets, and
instead, we reduced the dimensions of the entire datasets per se.
Our method was based on a serial combination of UMAP, a
nonlinear dimensionality reduction algorithm, and a nonlinear
SVM. The classification performance was significantly high for the
original wave data compared with the surrogate data (data not
shown), but the classification scores were further improved by data
preprocessing and data augmentation. The FFT serves to remove
the phase variance of the contraction waves; note that the FFT
converts a time-series signal from the time domain to the fre-
quency domain and extracts the temporal features [19,22]. Indeed,
FFT-converted datasets exhibitedmore simplified data structures in
the UMAP space than those of the original contraction waves
(Fig. 2B) and thus contributed to an improvement in the perfor-
mance of the SVM.

The data augmentation was also valid. Our datasets were rela-
tively small in size and were imbalanced between ‘normal’ and
‘abnormal’ classes. These factors may obscure the decision
boundary of the SVM. Data augmentation enhances the robustness
of the decision boundary and indeed succeeded in improving the
overall classification performance of the SVM. This improvement is
not trivial. If our data were sufficiently large, deep learning tools,
such as one-dimensional convolutional neural networks, would be
applicable to improve the classification performance [23]. In prac-
tice, large datasets are not always available, especially when rare
and expensive materials, such as human-induced pluripotent stem
cells, are used. Our approach represents one of the solutions when
the amount of data is limited.

Finally, our method must be carried out with careful consider-
ation becausewe used contractionwaves to quantify the contractile
properties of hiPSC-CMs. We obtained the contraction waves from
the entire image in each video frame, with the local contractile
properties being averaged out because we aimed to focus on global
contractile properties. Thus, our method may overlook local ab-
normalities in the contractile properties of hiPSC-CMs. To scrutinize
the local contractile properties, one has to use raw video data as an
input of machine learning. At present, these machine learning
techniques that can handle time-lapse video data are still prema-
ture and computationally insufficient [24].
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