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ABSTRACT

Quantification of abnormal contractile motions of cardiac tissue has been a noteworthy challenge and
significant limitation in assessing and classifying the drug-induced arrhythmias (i.e. Torsades de
pointes). To overcome these challenges, researchers have taken advantage of computational image
processing tools to measure contractile motion from cardiomyocytes derived from human induced
pluripotent stem cells (hiPSC-CMs). However, the amplitude and frequency analysis of contractile
motion waveforms doesn’t produce sufficient information to objectively classify the degree of variations
between two or more sets of cardiac contractile motions. In this paper, we generated contractile motion
data from beating hiPSC-CMs using motion tracking software based on optical flow analysis, and then
implemented a computational algorithm, phase space reconstruction (PSR), to derive parameters
(embedding, regularity, and fractal dimensions) to further characterize the dynamic nature of the cardiac
contractile motions. Application of drugs known to cause cardiac arrhythmia induced significant
changes to these resultant dimensional parameters calculated from PSR analysis. Integrating this new
computational algorithm with the existing analytical toolbox of cardiac contractile motions will allow us
to expand current assessments of cardiac tissue physiology into an automated, high-throughput, and
quantifiable manner which will allow more objective assessments of drug-induced proarrhythmias. This
article is protected by copyright. All rights reserved

Keywords: Optical Flow, Biosignal processing, Cardiac Motion, Arrhythmia, Phase space

reconstruction
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INTRODUCTION

Drug-induced cardiac toxicity is one of the primary reasons for the failures of drug development pipeline
and even post-clinical removal due to cardiac side effects after reaching the market (Liang et al., 2013).
Recent advances in human induced pluripotent stem cell (hiPSC) technology have offered new insights
into modeling cardiac tissue in vitro and screening drug-induced cardiotoxicity. Neonatal rat
cardiomyocytes (nrCMs) are used as viable drug-screening platforms, but species differences present
challenges in fully recapitulating human physiology and drug response (Sinnecker, Laugwitz, & Moretti,
2014). It has been shown that beat rhythm was more stable in hiPSC-derived cardiomyocytes (hiPSC-
CMs) compared to nrCMs, as well as high drug sensitivity and responsiveness of hiPS-CMs (Yu et al.,
2016). Treatment of hiPSC-CMs with norepinephrine and isoproterenol produced changes in beat rate and
contractility that was consistent with adult human heart slices, further suggesting the potential of hiPSC-
CMs in screening for drug-induced cardiotoxicity (Navarrete et al., 2013). With the development of heart-
on-chip technologies, pharmacological studies on the cardiac microphysiological system showed that
IC50 and EC50 values were more consistent with the data from tissue-scale references compared to
cellular-scale studies (Mathur et al., 2015).

Cardiac drug responses are often characterized as changes in heart rate, contractility and rhythm.
Therefore, evaluation of the cardiac contraction is a wide-accepted means for determining the
pathophysiological status of hiPSC-CMs. Quantitative methods for cardiac contraction analysis based on
computational image processing, such as pixel intensity monitoring (Hossain et al., 2010) and edge
detection (Bazan, Torres Barba, Blomgren, & Paolini, 2011), have been applied to minimize judgment
variations, but these methods are limited by introducing user-dependent bias on defining contours and
segmenting the cells during image processing. To overcome these barriers, automated optical flow

analysis based on block matching algorithms offered a more robust alternative to detect cardiac contractile
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motion (Duan, Angelini, & Gerard, 2006; Hassanein, Khalifa, Al-Atabany, & El-Wakad, 2014; Huebsch
etal., 2015; Lee, Kurokawa, Tu, George, & Khine, 2015; Maddah et al., 2015; Torkashvand, Behnam, &
Sani, 2012). By tracking the position of blocks of pixels frame by frame within a video, we were able to
generate motion vectors to estimate the hiPSC-CMs contractility.

Standard and well-established technologies to assess drug-induced arrhythmia of hiPSC-CMs
include microelectrode arrays (MEAs) (Kempf et al., 2014; X. Q. Xu, Soo, Sun, & Zweigerdt, 2009) and
patch clamp analysis. Optical flow analysis of hiPSC-CMs contractile motion granted many advantages
over these traditional electrophysiological approaches. It provides the possibility to evaluate the
contractile functions at a variety of spatial scales from single cells to 3D cardiac tissues. Furthermore, this
video-based method offered non-invasive measurements, thus cell and tissue culturing environments
remained undisturbed for long-term monitoring. However, current optical flow analysis suffers from
simplified conventional analytical tools of dominant frequency analysis (Narayan et al., 2011) and
amplitude analysis (Wood, Moskovljevic, Stambler, & Ellenbogen, 1996), providing time-series
waveforms with measurement of beat rate, contraction velocity, relaxation velocity and beat duration.
Such analysis cannot faithfully predict the complex biological behaviors and physiological signals to
determine and classify the level of arrhythmic contraction response to drug interference quantitatively,
statistically and systematically.

To address this limitation, we took advantage of mathematical chaos theory to identify the
nonlinear dynamic characteristics of hiPSC-CMs contractile motions recorded using optical flow and
block-matching methods. More specifically, a phase space reconstruction (PSR) method (Brzozowska &
Borowska, 2016; Huffaker, 1997; Klikova & Raidl, 2011; Richter & Schreiber, 1998) was used to convert
our biological dynamic system into a phase space consisting of a set of typical trajectories, in which each

point is corresponding to a system state. PSR has previously been applied to analyze electrophysiological
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signals to identify arrhythmia both in vitro and in vivo. Electrical field potentials from nrCMs recorded by
MEA were subjected to PSR to compute the parameters that quantified the unique dynamics of normal
versus arrhythmic signals (B. Xu, Jacquir, Laurent, Bilbault, & Binczak, 2014). PSR was also used to
analyze heart rate intervals of electrocardiograms (ECGs) (Mironyuk & Loskutov, 2006; Richter &
Schreiber, 1998) and magnetic resonance image (MRI) data (Cindea, Odille, Bosser, Felblinger, &
Vuissoz, 2010) acquired from patients with different heart pathologies. The parameters computed from
PSR, such as embedding and correlation dimensions, varied considerably between groups with different
heart diseases, further reiterating the ability of PSR to quantitatively measure the dynamics of cardiac
signals (Mironyuk & Loskutov, 2006).

In this study, we developed a computational algorithm based on PSR to depict the deterministic
dynamics of chaotic nature in the contractile motions of cardiac tissues before and after drug
administration. Through PSR, one-dimensional (1D) time-series signals can be mathematically modeled
in high-dimensional space to derive parameters for signal characterization. The new algorithm provided
us an analytical tool to quantitatively classify the arrhythmic contractile motions of hiPSC-CMs for more
precise drug cardiotoxicity screening workflow. By integrating hiPSC technology, optical flow
computation and this new analytical tool, we envisage to measure abnormalities in heart contraction

related to drug-induced arrhythmia in an automated, high-throughput and quantifiable manner.

RESULTS and DISCUSION
Reconstruction of time-series contraction waveform

First, we determined the capability of PSRs to reflect the dynamics of cardiac contractile motion
of hiPSC-CMs. The hiPSC-CMs differentiated in our studies positively expressed cardiac-specific

markers, including cardiac troponin T, cardiac troponin I, B myosin heavy chain, sarcomeric a-actinin,
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connexin 43, desmoplakin and N-cadherin (Figure Sla-f). Flow cytometry analysis showed that we were
able to achieve consistent differentiation efficiency of over 65% (Fig. S1g). The workflow of our
analytical approach started with video recording of beating hiPSC-CMs, plated in standard 2D culture,
using a bright-field or phase contrast microscope. The recorded videos were subjected to motion tracking
analysis to generate motion vectors that measure the motion velocity and beat frequency. Motion tracking
data was then decomposed using PSR and from this, a set of dimensional parameters can be generated to
reflect the dynamics of the motions regarding to regularity and complexity (Fig.1). We then selected two
motion waveforms generated from video analysis using motion tracking software, one represented regular
cardiac contraction (Movie S1), while the other represented irregular (complex) cardiac contraction
(Movie S2). Then, we reconstructed these two motion waveforms into phase space respectively. For each
time lag, we can reconstruct a corresponding phase space through the time lagged method (Fig. S2a, b),
and the PSR evolved with the increase of time lag for each motion waveform (Movie S3 & S4). We
selected the PSR with T = 15 for both motion waveforms and showed that the PSR for complex contractile
motion appeared to have higher degrees of convolution and eccentricity in comparison to the PSR for
regular motion (Fig. 2a-d). This verified that distinct cardiac motion waveforms can be represented in the

phase spaces that were spatially distinguishable from one another.

Output parameters from the PSRs include the embedding (m), regularity (p = %) and fractal (d)

dimensions. The embedding and regularity dimensions measure the overall rhythmic regularity of the
gross peaks within a waveform, while fractal dimension quantifies the complexity, which is a measure of
the aberrations within the system (Fig. 1). We compared embedding dimension for the single waveforms
of both regular and complex motion by averaging all values over the entire variance of time lag. The
average embedding dimension for complex cardiac contractile motion was significantly greater than the

average for regular motion (Fig. 2e), which translated to lower regularity dimensions over all values of
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time lags (Fig 2f). We can utilize embedding and regularity dimensions to measure and compare the
motion regularity between two distinct waveforms. In contrast, the fractal dimension quantifies the
complexity of the waveforms. We found that the fractal dimension was greater for complex contractile
motion, which was consistent for all the time lags (Fig. 2g, h), inferring that larger values of fractal

dimension reflect greater complexity of the time series.

Contraction motion decomposition

Next, we evaluated the PSRs ability to measure the differences in the dynamics of a motion
waveform decomposed into its’ X and Y directions. We obtained the X and Y components of a cardiac
contractile motion waveform from the motion tracking software and treated them as individual waveforms
compared against the total motion (Fig. 3a). We then reconstructed the X, Y, and total motion waveforms
into their corresponding phase spaces (Fig. 3b), plotted the embedding, regularity and fractal dimensions,
and further quantified the regularity and complexity of the cardiac contractile motion (Fig. 3c-f).

The average embedding and regularity dimensions were consistent between the total motion and
the corresponding motion along the X and Y directions (Fig. 3c&d), implying that regularity of cardiac
contractile motion is independent from the motion along a specific direction. Although the waveforms
appear different, the beat rhythm remains conserved, since decomposing the waveform into different
directions doesn’t influence the overall rhythmic regularity and beat rate. However, the fractal dimension,
indicating the motion complexity, was greater for total and X-axis motion in comparison to Y-axis motion
for all time lags greater than ~15 (Fig. 3f). The average fractal dimensions for the total and X-axis motion
were comparable, but slightly greater than the one for Y-axis motion (Fig. 3e). Thus, Y-axis motion was

generally less complex for this particular waveform, which can be visualized in the Y-axis motion
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waveform with less distinct peaks for each beat (Fig. 3a). This illustrates that the complexity of motion

along an axis varies and that these differences are quantifiable from the parameters derived from PSR.

Noise Sensitivity of PSR

To further characterize the different dimension parameters responding to the system aberrations,
we then applied random background noise ranging from 0-50% of the mean contraction velocity to a
signal. The addition of background noise generated random deviations within the original motion
waveforms, allowing us to study the influence of noise on the regularity and complexity of the cardiac
contractile motion. By visual inspection, the increasing increments of noise introduced coarser aberrations
within the signal, but the overall rhythmic regularity remained constant, as indicated by the identical gross
contraction peaks (Fig. 4a). The addition of random noise, therefore, didn’t influence the regularity of the
motion, since the overall cardiac beating rthythm wasn’t altered. Thus, the embedding and regularity
dimensions remained constant for all quantities of random noise (Fig. 4b, c¢). Since noise creates variations
in the signal, we found that increasing levels of noise on the original signal led to an increase of fractal
dimensions (Fig. 4d, e), which suggested that the fractal dimension is sensitive to noise and secondary
variations in the signal. Therefore, we can quantify the secondary aberrations as the system complexity

for the cardiac contractile motion.

Drug response

We first evaluated the experimental heterogeneity of hiPSC-CMs in order to determine how the
differentiation variation can impact this analytical approach on drug responses. The batch-to-batch
heterogeneity of hiPSC-CMs was characterized using the motion tracking and PSR analytical approach

(Fig. S3). We found no significant difference on both contraction velocity and beat rate among different
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batches of hiPSC-CM differentiation (Fig. S3a). From PSR analysis, we demonstrated that the
dimensional parameters were also negligibly affected by independent repeats hiPSC-CM differentiation,
as indicated by relatively constant embedding and fractal dimensions across different hiPSC passage
numbers (Fig. S3b). This means that the regularity and complexity of the contractile physiology is not
likely a result of inter-experimental heterogeneity. Therefore, subsequent arrhythmia-like responses were
attributed to the drug supplements.

To investigate the ability of PSR method for quantifying the drug-induced cardiac motion
abnormalities, indicative of cardiac arrhythmia, we treated hiPSC-CMs with four drugs (propranolol,
E4031, metoprolol, and isoproterenol) known to influence cardiac beat rhythm and motion. For each drug,
we first recorded the beating videos of baseline control, then treated the hiPSC-CMs with two different
drug concentrations, and generated corresponding motion waveforms using motion tracking software (Fig.
S4a-d). By performing motion tracking analysis on the beating videos, we analyzed the beat rate and
maximum contractile velocity (MCV) of the hiPSC-CMs treated with different drug concentrations versus
the baseline control. The beat rate was defined as beats per minute based on frequency analysis of the
motion waveforms, while the MCV was defined as the average contraction peak magnitude based on
amplitude analysis of the motion waveforms. Next, we performed the PSR analysis on the motion
waveforms and computed the corresponding embedding, regularity and fractal dimensions.

Propranolol, a beta blocker used to treat high blood pressure and post-myocardial infarction, has
been reported to induce arrhythmias by causing bradycardia. We observed abrupt arrhythmic motion,
indicated by the boxed regions of the motion waveforms, as a result of propranolol treatment (Fig. S4a).
We also observed significant decreases in beat rate and MCV with increasing concentrations of
propranolol (Fig. S5a). The resulting PSR analyses showed that, with respect to propranolol (Fig. 5a), the

average embedding dimension increased with increasing propranolol concentration, which translated to a
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reduction of regularity dimension with higher concentrations of propranolol. However, fractal dimensions
have no significant difference between baseline and two concentrations of propranolol, indicating
propranolol treatment did not dramatically influence the complexity of cardiac contractile motions.

E4031 is a hERG potassium ion channel blocker that prolongs the QT interval and result in lethal
arrhythmias. Application of E4031 to hiPSC-CMs decreased beat rate and MCV (Fig. S5b). Treatment
with E4031 (Fig. 5b), displayed increased embedding dimension and decreased regularity dimension in
response to the drug, which implied that E4031 induced arrhythmic contractile motions. Furthermore,
E4031 treatment induced an increase of fractal dimension, especially for high dosage of the drug. This
suggested that E4031 not only induced arrhythmic motions, but also induced contractile aberrations to the
hiPSC-CMs.

Metoprolol is a beta blocker and is used to treat conditions that cause abnormally fast heart rate.
Metoprolol-induced arrhythmias (bradycardia) can occur at excessive dosages. Application of metoprolol
up to 40 uM resulted in no significant changes of contraction motion (Fig. S5c¢). Although metoprolol falls
within the same drug category as propranolol, it is a milder and less potent beta-adrenoceptor antagonist
with lower effect of attenuating beat rate than propranolol(Ahokas, Davies, & Ravenscroft, 1984; Sklar et
al., 1982). Based on the PSR analysis, there was no significant difference in either the embedding,
regularity, or fractal dimensions for all concentrations of the drug (Fig. 5¢). This indicated that metoprolol
does not induce arrhythmic contractile motion on hiPSC-CMs based on PSR analysis, as this drug does
not significantly affect the regularity and the complexity of the system.

Lastly, isoproterenol is a beta adrenoceptor agonist that treats bradycardia. This drug can accelerate
the heart rate and potentially induce tachycardia. Application of isoproterenol not only increased both beat
rate and MCV (Fig. S5d), but also significantly changed the embedding and fractal dimensions with

increasing concentration of drug (Fig. 5d). In particular, the embedding dimension significantly decreased
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from the baseline control to a low dosage (50 nM) of isoproterenol. However, as the drug concentration
increased further to 10 pM, the embedding dimension increased. This suggested that low concentrations
of isoproterenol had the therapeutic effect of rescuing arrhythmic contractile motions to more regular and
consistent motions. However, overdose of isoproterenol might cause the heart beating to lose its’ regular
rhythm. The average fractal dimension increased with isoproterenol treatment, indicating that the
contractile motion became more complex, partially due to the increase of beat rate.

By analyzing the contractile motions of hiPSC-CMs exposed to these four drugs at different
concentrations, we found that frequency analysis (beat rate) and amplitude analysis (MCV) could only
prove the functionality of specific drug. For example, isoproterenol supposedly increased the beat rate and
MCV, while E4031 decreased both parameters (Fig. S5). The risk level of drug-induced arrhythmic
motion was not well characterized solely relying on this analysis. However, by performing PSR analysis
on these waveforms, we were able to characterize the system dynamics of the hiPSC-CMs contractile
motion, and further compute their regularity and complexity as quantifications of drug risk level (Fig. 5).
For example, exposure of E4031 at low dosage would potentially induce arrhythmic contractile motion,

while low dosages of isoproterenol could help regulate the heart rhythm and diminish the arrhythmia.

Comparison with calcium flux assay

Using GCaMP6f hiPSC-CMs, we validated the performance of our new PSR algorithm on both
optical flow motion analysis and calcium flux analysis, one of the standard assays of cardiac
electrophysiology. GCaMP6f hiPSC line has been generated to visualize the calcium flux on the living
hiPSC-CMs without any fluorescent markers (Movie S5) (Huebsch et al., 2016). PSR analysis is not only
limited to the waveforms generated from the contractile motion tracking based on the optical flow method.

This analytical algorithm can be also used to analyze the waveforms of electrophysiological signals
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generated across a wide range of standard assays. By applying isoproterenol and propranolol to GCaMP6f
hiPSC-CMs, we generated the corresponding waveforms from motion tracking analysis and the transient
calcium flux (Fig. 6a-c). We performed the PSR analysis on both contractile motion data and calcium flux
data to determine the arrhythmic-like behaviors responding to different drug interference.

Based on the PSR analysis coupled with optical flow motion tracking, GCaMP6f hiPSC-CMs
treated with isoproterenol showed an improvement in regularity (low embedding dimension and high
regularity dimension) at a 10 nM drug concentration (Fig. 6d). This trend was validated in the PSR analysis
coupled with the calcium flux measurement, where we also observed low embedding dimensions and
higher regularity upon exposure to the drug. This indicated that both approaches are sensitive to changes
in the regularity of the system. We also observed increased fractal dimensions in response to 10 nM
isoproterenol treatment from PSR coupled with motion tracking. However, this did not match with the
calcium flux analysis, where we observed an overall fractal dimension decrease, indicating that physical
contractions and electrophysiology represent different complexities in the cardiac physiology. By treating
GCaMP6f hiPSC-CMs with propranolol at 10 uM (Fig. 6e), we observed a significant increase in the
embedding dimensions from the PSR algorithm coupled with both motion tracking and calcium flux. We
also found a significant increase of fractal dimensions with the 10 uM propranolol addition from the PSR
analysis of both assays. Thus, both assays coupled with PSR showed that treatment of propranolol reduced
the regularity and subsequently enhanced the complexity of the cardiac physiology. These results
indicated that electrophysiological assays coupled with PSR analysis not only validated our optical flow
method, but also served as complimentary assessment for future multiplexed drug-induced arrhythmia
analysis.

We have determined that PSR analysis can be applied to two different approaches (contractile

motion tracking and calcium flux measurement) for in vitro assessments of hiPSC-CM arrhythmic
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potential. To further compare the sensitivities of each assay to the drug interference when coupled with
PSR algorithm, we performed statistical analyses (t-tests) on the PSR outputs (embedding and fractal
dimensions) for the drug-treated hiPSC-CMs relative to baseline controls. We then cross-examined the p-
values of the PSR data generated from motion tracking with those generated from calcium flux
measurement. For GCaMPf6 hiPSC-CMs treated with isoproterenol, the p-values computed from the
embedding dimensions was less for motion tracking, compared to the calcium flux (p<0.0001 vs.
p=0.0003). This was also consistent with the embedding dimensions calculated from propranolol
treatment, where the p-values were p<0.0001 and p=0.0276 for motion tracking and calcium flux,
respectively. For isoproterenol treated hiPSC-CMs, the p-value of the fractal dimensions was found to be
larger for motion tracking (p=0.01) compared to the calcium flux (p<0.0001). From the propranolol
treatment, the p-values of fractal dimensions between the motion tracking and calcium flux were
comparable (p<0.0001).

The smaller p-values calculated from the embedding dimensions coupled with motion tracking, a
consistent trend between both drugs, indicated that the PSR regularity quantification is more sensitive to
the physical contraction recorded using the motion tracking approach. P-values from analysis of the fractal
dimension were found to be comparable between the motion tracking and the calcium flux assays of
propranolol treatment. This suggests that the quantification of system complexity is equally sensitive to
both assays, However, this was not consistent with isoproterenol treatment, where complexity
computation was found to be more sensitive to the calcium flux (as indicated by the smaller p-value). This
inconsistency was attributed to our previous observation, where the electrophysiology and the physical

contraction represented different system complexities.
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CONCLUSIONS

A combination of optical flow-based motion tracking and PSR analysis was used to characterize
and quantify the arrhythmic behavior of cardiac contractile motion. In this paper, we reconstructed 1D
time series of contractile motion waveforms obtained from optical flow analysis of hiPSC-CMs into a
multi-dimensional phase space, and then distinguish the different biological dynamics based on the
embedding, regularity and fractal dimensions. Based on PSR analysis, we evaluated the drug-induced
arrhythmic contractile motion from hiPSC-CMs and concluded that the regularity and complexity of
cardiac contractile motion changes in response to the drugs. We have also shown that PSR is not limited
to the reconstruction of motion waveforms, as it can also be applied to time series waveforms derived
from other standard assays of cardiac physiology and arrhythmic potential. By integration with machine
learning to optimize predictions of cardiotoxicity at a larger scale, we envisage that this computational
algorithm can be applied to classify the cardiotoxicity of newly developed drugs, and potentially establish

a new full-automated, low-cost, high-throughput analytical toolbox for human-specific drug screening

purpose.

MATERIALS and METHODS

hiPSC culture and differentiation

Wild-type (WT) hiPSCs were reprogrammed from dermal fibroblasts obtained from a healthy volunteer
with no prior family history of cardiac disease. hiPSCs were maintained and passaged at least three times
with Essential 8 medium (Life Technologies) at a constant density of 8000 cells/cm? on growth factor-
reduced Matrigel (BD Biosciences) coated substrates. Cardiac differentiation was performed via
modulation of the canonical Wnt signaling pathway(Lian et al., 2012). hiPSCs were first seeded onto

Matrigel-coated -6-well tissue culture plates at 25,000 cells/cm? in E8 media supplemented with 10 pM
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Y-27632 (Sigma). After 24 h, the medium was exchanged to E8 without Y-27632, and the cells were
expanded for an additional 48 hours by daily media changes. On day 0, hiPSCs were treated with 12 pM
of the GSK3-b inhibitor, CHIR99021 (CHIR; Tocris), in RPMI 1640 medium containing B27 supplement
minus insulin (RPMI/B27-1; Life Technologies). Twenty-four hours after CHIR treatment (day 1), the
medium was switched to RPMI/B27-I and cells were left undisturbed for an additional 48 h. On day 3,
cells were exposed to a 50:50 mixture of conditioned media and fresh RPMI/B27-1, supplemented with 5
uM Wnt inhibitor, IWP-2 (Tocris). Two days (48 h) later, the media was changed to RPMI/B27-1 for 2
days, and afterward changed to RPMI 1640 containing B27 complete supplement (RPMI/B27C; Life
Technologies) on day 7. This completed the cardiac differentiation procedure and RPMI/B27C medium
was changed thereon out every three days. For analysis and quantification, we excluded singular, isolated
regions of beating tissue because these regions are typically surrounded by static tissue that can interfere
with the contraction. Therefore, regions of differentiated tissue exhibiting visibly beating sheets were used
for motion tracking analysis. We characterized sheets of cardiac tissue as monolayers of tissue that exhibit

uniform, wave-like beating.

Video microscopy and motion tracking analysis of hiPSC-CMs

hiPSC-CMs were imaged in an onstage microscope incubator at 37 C and 5% CO: to maintain
standard physiological conditions on a Nikon Eclipse TS100F microscope with Hamamatsu ORCA-
Flash4.0 V2 digital CMOS camera. Video recordings of the beating hiPSC-CMs were taken at 100 fps
over 10 s in brightfield and exported as a series of single-frame image files. Motion tracking analysis was
performed by importing the video recordings into our open source and in-house developed software
capable of generating waveforms of the contractile motion(Huebsch et al., 2015). The software takes

advantage of optical flow and block matching to calculate motion vectors by tracking the movement of
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macroblocks of pixels from one frame to another. To evaluate hiPSC-CMs response to drugs, media was
supplemented with the addition of 10X stock solutions. Immediately following the baseline imaging,
media containing the drug was rapidly added to the hiPSC-CM samples. Motion tracking of hiPSC-CMs

was performed using the same procedure described above and compared to baseline contraction.

Calcium flux imaging and analysis of GCaMP6f hiPSC-CMs

For calcium flux imaging, GCaMP6f hiPSC-CMs were generated from GCaMP6f hiPSC line with
the same differentiation protocol. GCaMP6f hiPSC-CMs can activate the fluorescence from green
fluorescent protein as an indication of the increased cytoplasmic calcium levels that occur during hiPSC-
CM contraction. The calcium flux images were recorded at 30 frames per second for 10 seconds and
exported as single frame images. The fluctuations in fluorescent intensity were plotted by the Z-axis
profile in ImageJ, corrected the fluorescent bleaching decay by in-house MATLAB script, and analyzed
by phase space reconstruction algorithm. For drug response studies, we recorded the baseline contraction
in both brightfield transmitting light for motion analysis and the fluorescence emitted by the GCaMP
protein for calcium flux analysis. Each drug was incrementally added to the culture media to achieve a

range of treatment concentrations and videos were recorded immediately after each addition.

Phase space reconstruction

The principle of this approach is to transform the properties of a time series into topological
properties of a geometrical object embedded in a space, in which all possible states of the system are
represented and each state corresponds to a unique vector (Gao & Jin, 2009). Mathematically, the states
of a m dimensional dynamic system can only be characterized by m independent quantities that represent

the coordinates of the phase space. Unfortunately, this representation is not possible for experimental data,
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because it is a 1D time series. Starting on the conjecture that all groups of m values should give equivalent
results, it is then possible to construct m-vectors that contain the same information as the original state
vectors: this is the principle of the time lagged method (Takens, 1981), which simply takes m consecutive
elements of the time series directly as coordinates in the phase space. The challenge is to find the
appropriate number m, such that the properties of the initial time series are kept in the reconstructed space.
A method consisting of building a m dimensional system from a 1D time series with a fixed delay to shift

the original data (time lagged method) has been introduced by Takens(Takens, 1981).

Let be the system states with a normalized sample step 7= 1, t EN*, while i = 1, 2, ...n are the

indices of the successive samples values of the cardiac contraction motion waveform s:

V(r,m) = [S(),S@i +1),..5( + (m — 1)D)], (1)

where V is a matrix containing the phase space vectors:

i s(1) s(2) oo S(N—=(m—1)1)7
s(1+1) s(2+71) ee.. S(N—(m—-2)7)
Vo) : . : o
s+ (m—-1D1) s+m-D1) ... s(N)

Next, Takens theorem (Takens, 1981) gives conditions under which a nonlinear dynamical system
can be reconstructed from a sequence of observation of its states. A schematic illustration of the state

space reconstruction of a system from one sample signal is depicted in Supplemental Figure 1. The state

This article is protected by copyright. All rights reserved
17



space vectors are obtained from the sample signal according to the embedding dimension m and the time
delay 7. The embedding dimension m is computed for each time delay 7 based on False Nearest Neighbor

(FNN) method, and resulting phase space vectors obtained from (1) are:

V(1,3) =[S, S0 + 1),50 +2)], (3)
V(3,3) =[S, S +3),50 +6)], (4)
V(6,3) = [S(),5 +6),S( +12)], (5)
V(9,2) =[S, 50 +9)], (6)

The phase space reconstruction is influenced by the parameter time lag 7. If 7 is too small, the

trajectories of S (i) and S (i + 1) are close to one another, potentially making it indistinguishable and
creating redundant coordinates. This implies that the trajectories of attractor projected on the two axes are
not correlated, which makes the phase space reconstruction useless. For this reason, the basic criterion for
choosing 7 should be the largest value of 7 resulting coordinates relatively independent. Without prior
knowledge of the system, especially for experimental data, properly determining this parameter is not
apparent. Therefore, in this study, for cardiac contraction motion waveforms, the time lag 7 has been varied
formz=1 - 50.

To estimate the embedding dimension m, we used FNN method, where the best value of m
corresponds to the minimum value of m for which the FNN is close to zero (Krakovska, Mezeiova, & I,
2015). From a geometrical point of view, the time series (experimental measurements) is the projection
of a m dimensional system to a 1D space. Therefore, two points in a m dimensional space, even far from
each other, could be very close (and even be superimposed) in the original 1D space. These points are
called false neighbors. If m is not large enough, the state vectors on the trajectories could be very close
with possibility of intersections between the trajectories of the attractor, which will result in a
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reconstructed space totally different from the original one. A higher value of m, theoretically, is possible
by just creating a larger space that contains minimal space. However, this will cause redundant problems
and inefficiency issue, as it requires significantly strong computation power. The main idea behind this

method is to determine an appropriate value of m as follows:

e We begin the reconstruction with vectors of delay §(i) of dimension m small enough;

e We determine the neighbors of eachfg)(i) by checking ||§(j) — §(i)|| < ¢, where g is a

length appropriate to the problem and containing the number of these neighbors;
e We increase m until the neighbor numbers stabilize.

To quantify the regularity of the time series of cardiac contraction waveform, we introduce a new

parameter called “Regularity Dimension” noted as p, which is defined as:

p== (7)
To quantify the complexity of time series of cardiac contraction waveform, we compute the fractal
dimension d using Boxcount method and Variation estimator. In the case of Boxcount method, it is
supposed that the original time series graph is fully covered by a box. The box is divided into four sub-
boxes, for example. The number of boxes needed to cover the entire time series is counted. Following the
same rule, these sub-boxes are divided into smaller boxes. The different box sizes (a) (also called scales)

and the number N of validated boxes are recorder. The slope of the curve logN(a) versus log(a) gives the

fractal dimension.

N(a)

d = lim log@ (8)

a—0

The “Variation estimator” is based on the 2nd order Variogram of a stochastic process as described
in (Adler, 1981; Gneiting, Sev¢ikova, & Percival, 2012). In this case, a fractal dimension is computed for
each value of the time lag 1.
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FIGURE LEGENDS

Figure 1. Process workflow of hiPS-CM contractile motion characterization

The contractile motion of hiPS-CMs was recorded as beating videos, which were analyzed using motion
tracking software to generate motion vectors and contractile motion waveforms. This data was then
analyzed using PSR to compute the dimensional parameters. The embedding dimension characterizes the
regularity of the contractile motions, which reflects the changes in beat rhythm and overall gross motion.
The fractal dimension characterizes the complexity, which reflects the secondary aberrations present

within each beat cycle.

Figure 2. Reconstruction of cardiac motion waveforms into phase space.

The phase spaces of a regular (a) and a complex (c) cardiac contractile motions are plotted along with
their corresponding motion waveforms (b, d). The embedding dimensions from a single motion waveform
were computed from PSR to compare the differences in regularity between two contractile motions (e).
The regularity dimensions derived the embedding dimensions were plotted with respect to t (f). The

average fractal dimension across all T was computed from PSR (g) and then plotted with respect to 1 (h)

Figure 3. Motion waveform decomposion along X and Y directions.

A motion waveform (total) was decomposed into X and Y components (a), and corresponding phase
spaces were reconstructed respectively (b). Embedding and regularity dimensions of X-axis and Y-axis
motions showed no significant differences compared to the total motion (c, d), while fractal dimension of

Y-axis motion was significantly lower than the X-axis and total motion (e, f).
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Figure 4. PSR analysis of secondary system aberrations.

A motion waveform was supplied with random noise ranging from 2.5%-50% (a), and corresponding
phase space was reconstructed to compute the dimensional parameters respectively for different degrees
of noise. No significant difference was found based on embedding and regularity dimensions among the
contractile motions with different noise level (b, c), but fractal dimensions exhibited significant increase

with the increase of the noise level (d, e).

Figure 5. PSR analysis of drug-induced arrhythmic contractile motions.

(a) The application of propranolol to hiPS-CMs increased the average embedding dimension with the
increase of drug concentrations, which correlated to a reduction in regularity dimension. No significant
difference was found for fractal dimension between baseline control and drug exposure. (b) E4031 induced
significant increases in the embedding and regularity dimensions between controls and drug exposure.
High dosage of E4031 (100 nM) induced a significant increase of fractal dimension on the hiPS-CMs in
comparison to the control and low dosage. (c) PSR analysis showed that treatment of hiPS-CM with
metoprolol has no significant influence on the embedding, regularity and fractal dimensions. (d) Low
dosage of isoproterenol (50 nM) decreased the embedding dimension, which corresponded to a rise in the
regularity of the system. In contrast, high dosage of isoproterenol (10 uM) increased the embedding and

fractal dimensions, indicating the contractile motions of hiPS-CMs gained aberrations but lost regularity.

Figure 6. Drug-induced arrhythmia comparison of motion tracking versus calcium flux.
Brightfield and fluorescence videos of drug-treated GCaMP6f hiPSC-CMs were recorded for (a) motion
tracking analysis and (b) calcium flux analysis. (c) Waveforms generated from each assay were subjected

to PSR analysis. PSR analysis of both methods illustrated the sensitivities to drug interference by
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quantifying changes in the embedding and fractal dimensions as a result of (d) isoproterenol and (e)

propranolol induced-arrhythmias. All scale bars are 100 um.
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