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A B S T R A C T

Background and Objective: Predicting cardiovascular risk is critical for the therapy and control of cardiovascular 
illnesses. This work studies screening the toxicity of three drugs, (E-4031, isoprenaline, and sertindole) with 
various concentrations using tracking of the single cardiac cell’s contractile motion to explore the drug con
centration impact on single cell contractile dynamics and automated classification based on cells motion 
behavior using deep transfer learning and different machine learning based methods.
Methods: We developed an integrated platform for automated dynamic analysis and classification of human- 
induced pluripotent stem cell-derived cardiomyocytes (CM) at the single-cell level that uses a combination of 
holographic image-based tracking and deep learning. For in-depth investigation and automated classification of 
CMs, first, we accurately extracted a single CM’s dry mass using time-lapse holographic imaging and a deep fully 
convolutional network. Afterward, we applied the Farneback optical flow method to track the cell’s contractile 
motion frame by frame through the extracted single CMs with single-pixel displacement detection. Following 
this, a computational algorithm was developed to further characterize the single CM’s functional behaviors, and 
several beating activities–related parameters were calculated. The average result of the population for every 
measured parameter was compared to the control condition using an unpaired student t-test. Finally, we pro
posed a fine-tuned deep transfer learning-based model for automated cell classification based on the compound’s 
mode of action from the single-cell motion waveform and compared the result to feature-based single-cell 
classification using different machine learning approaches. We also provided reliable synchronization analysis of 
drug-treated CMs owing to cellular analysis at the single-cell level.
Results: Cardiomyocytes responded to isoprenaline by speeding up their action potentials, increasing the fre
quency of their beats. The action potential speed was reduced and the resting time was lengthened in the 
presence of E-4031 and sertindole lowering the beat frequency. Performance analysis of the deep transfer 
learning-based model was carried out using several well-known evaluation metrics. A performance analysis 
shows the proposed model achieved 98.8 % classification accuracy.
Conclusions: Our implementation allowed precise single drug-treated CM motion tracking and in-depth investi
gation and automated classification of CMs via synergized time-lapse holographic imaging and deep learning.

1. Introduction

Digital holographic microscopy (DHM) can provide accurate quan
titative visualization of human cardiomyocytes derived from human- 
induced pluripotent stem cell (hiPSC) dynamics, which are transparent 
or semi-transparent microscopic objects [1–8]. As a result, significantly 
valuable information regarding cell dynamics of dry mass redistribution 

can be obtained in a label-free manner [9]. Human cardiomyocyte cells 
pump blood to the entire body with synchronized beating activity [10]. 
HiPSC technology was shown to be an alternative model for in vitro 
cardiotoxicity screening in new-compound human disease modeling, 
cardiotoxicity testing, and therapy in vitro [11,12]. Drugs that cause 
cardiac arrhythmia cause alterations in CM physiological behaviors (dry 
mass redistribution), such as changes in contraction–relaxation 
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motion–speed, beating frequency, contraction period, relaxation period, 
and motion patterns. Therefore, high-throughput preclinical 
cardio-safety assessment methods for CM characterization in cardiotoxic 
screening are in crucial demand. Many authors have reported methods 
for CM characterization, including patch clamping [13,14], calcium 
imaging [15,16], and image processing–based contraction–relaxation 
studies [17,18]. All the above-mentioned methods require expensive 
equipment or specific expertise, which demonstrates the shortcomings 
in simplified methods for CM motion characterization at the single-cell 
level analysis.

Optical flow-based real-time motion characterization offers low-cost 
and high-throughput methods capable of monitoring CM contractile 
activity without physical contact, which maintains the sample’s para
digm [19–23]. The Farneback dense optical flow method performs 
tracking by measuring the displacement of each pixel in an image suit
able for CM contractile kinetic analysis at the single-cell level. However, 
accurate CM’s dry mass extraction from the quantitative phase images 
(QPIs) is a challenging task due to the variations in shape, size, orien
tation, and lack of special geometry. A fully convolutional network 
(FCN) is a promising tool for single-CM dry mass extraction from QPIs 
using the pixel classification technique [25–28]. In a recent study, we 
reported an FCN-based method to extract the nucleus parts from QPIs for 
single-CM functional behavior characterization based on simple image 
processing [29].

In the current study, we present a highly accurate and fully auto
mated method for characterizing single-CM kinetics by combining op
tical flow and deep learning-based phase image segmentation. The dry 
mass of seven single CMs was automatically extracted under control and 
drug-treated conditions using the FCN model. Afterward, the Farneback 
optical flow method with single-pixel displacement detection was 
applied to monitor the dynamic, rhythmic beating patterns, and a con
tractile motion waveform was generated. Following this, a computa
tional algorithm was implemented to characterize the contractile 
motion of single cardiomyocytes from the motion waveform signal, and 
multiple parameters related to the periodicity of the CM beating activity 
profile were measured such as contraction motion–speed, relaxation 
motion–speed, contraction period, relaxation period, and resting period, 
and their standard deviations. We demonstrated the robustness of the 
proposed algorithms by comparison with other optical flow methods for 
CM motion tracking and analysis. In addition, the extracted features 
were used for feature-based single-cell classification using machine 
learning approaches. Furthermore, we screened the toxicity of three 
drugs, (E-4031, isoprenaline, and sertindole) with various concentra
tions at the single-cell level. Our results demonstrated that the E-4031 
compound reduces the contraction–relaxation motion–speed, compared 
to the control, while isoprenaline increases the contraction–relaxation 
motion–speed. Sertindole causes an increase in contraction motion–
speed while the relaxation motion–speed is reduced, compared to the 
control. We also provided reliable synchronization analysis of drug- 
treated CMs owing to cellular analysis at the single-cell level. Finally, 
we propose a fine-tuned deep transfer learning-based model for auto
mated drug type classification from the single-cell motion waveform. A 
performance analysis shows the proposed model achieved 98.8 % clas
sification accuracy based on the drug mode of action from single cells 
motion waveform.

2. Material and methods

2.1. Digital holographic imaging

Off-axis digital holographic microscopy (DHM) was employed to 
produce CMs’ phase images. Steps of cardiac cell imaging using an off- 
axis DHM are shown in the Supplementary Figure S1 [30,31]. In Sup
plementary Section 1, we go through how holographic image is created 
in further depth.

2.2. Cardiomyocyte cell preparation

Human-induced pluripotent stem cell-derived CMs (iCell car
diomyocytes, CMC-100–010–001) obtained from Cellular Dynamics Int. 
(Madison, WI) were cultured and grown according to the manufacturer’s 
instructions for 14 days before recording a hologram of CMs. Measure
ments were acquired in a Chamlide WP incubator system with a 96-well 
plate (LCI, South Korea) set at 37◦/5 % CO2 with high humidity. Car
diomyocyte images were obtained using a Leica 20 × /0.4 NA objective. 
The QPIs of cardiomyocytes were acquired at a 50 Hz sampling fre
quency for 30 s. For the control condition, a sequence of QPIs was 
recorded before treatment. Following this, the drugs were added at 
different concentrations in individual wells. Experiments were con
ducted in triplicate (three separate wells with one 330 × 330 µm field 
acquired per well containing about 50 cells).

2.3. Cardiac cell fixation

Cardiomyocytes were fixed in a 4 % formalin solution (Sigma- 
Aldrich) and incubated at room temperature for 15 min (RT). Following 
that, cells were washed three times with phosphate-buffered saline 
(PBS) for 10 min at room temperature. Before and after cell fixation, 
1500 pictures were taken at a sampling frequency of 50 Hz.

2.4. Preprocessing

The median filter is a widely used method to remove noise from an 
image or signal. In this experiment, we applied a 3D median filter with a 
window size of 2 × 2 × 2 for noise reduction. This specific window size 
was chosen based on the previous works [24,32], which proposed it as a 
practical approach for the automated quantification of drug-treated 
cardiomyocytes.

2.5. Cardiac cell–motion tracking with farneback optical flow

The Farneback method uses polynomial expansion in multi- 
resolution levels for displacement estimation. In the first step, the al
gorithm generates multi-resolution levels from the original image using 
Gaussian pyramids, where each level has a lower resolution than the 
previous level. The tracking process starts with the lowest resolution and 
continues to the highest resolution. Consequently, the displacement of 
two local patches in consecutive image frames is calculated using the 
following equation [33]: 

I(x) ≈ xTAx + bTx + c, (1) 

where A stands for symmetric matrix, b is a vector, and c is a scalar. The 
vector x is a 2 × 1 vector. The first neighborhood is approximated with 
the following equation: 

I1(x) = xTA1x + b1
Tx + c. (2) 

The displacement of the neighborhood is considered via vector d. 
The new neighborhood, affected by displacement d, is calculated as 
follows: 

I2(x) = I1(x − d) = (x − d)TA1(x − d) + bT
1(x − d) + c1

= xTA1x + (b1 − 2A1d)Tx + dTA1d − bT
1d + c1 = xTA2x + bT

2x + c2.

(3) 

Using different coefficients from two polynomials, I2(x) and I1(x–d), 
gives A2=A1, b2=b1–2A1d, and c2=dTA1d–b1

Td+c1. The displacement, 
d, which is used to approximate the optical flow, is obtained with the 
following equation: 

d = −
1
2
A− 1

1 (b2 − b1). (4) 

Tracking initializes from the lowest resolution level and finishes at 
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the highest. The detected tracking points at each level are considered the 
starting point for the next level. By using multi-resolution–level 
tracking, a large displacement can be detected (see Supplementary 
Fig. S2).

2.6. Single-CM dry mass extraction using a fully convolutional network

The extraction of dry mass is critical for accurate, label-free quan
tification of cardiomyocyte physiological behaviors. Dry mass serves as 
a surrogate marker for understanding cellular health and activity, as it 
reflects the redistribution of intracellular components during contrac
tion and relaxation. This parameter provides unique insights into CM 
motion dynamics and mass redistribution, which are not accessible 
through conventional imaging or electrophysiological methods. By 
isolating the dry mass, we ensure precise single-cell level analysis, 
enabling reliable measurements of contractile behavior under drug- 
treated and control conditions. To achieve this, we utilized a fully 
convolutional network for dry mass extraction from quantitative phase 
images. The extracted dry mass was then integrated into the workflow to 
assess motion characteristics of single CMs.

Convolutional neural network (CNN) mainly consists of the 
following elements: 1) a set of learnable filters to extract local features; 
2) a nonlinear function as an activation function; 3) a max-pooling layer 
that aggregates the local feature specification to reduce data di
mensions. Details of the proposed FCN structure’s elements were 
explained in our previous study [29]. For better network performance in 
cardiac image feature extraction, we used parallel multi-pathway 
feature concatenation (see Fig. 1(b)). In this technique, different 
feature maps extracted by various kernel sizes are concatenated. We 
propose using different kernel sizes in different pathways in parallel (1 ×
1, 3 × 3, and 5 × 5) to concatenate different feature types, followed by 
batch normalization (BN) and a rectified linear unit (ReLU).

2.7. Workflow and cardiomyocyte contractile response parameter 
assessment

We extracted seven single CMs from different parts of a whole-slide 
QPI from multiple CMs. See Fig. 1(a). The QPIs with multiple CMs had a 
resolution of 800 × 800 pixels (224 µm). The motion waveform was 
generated from a CM’s motion–speed calculation during spontaneous 
contraction–relaxation beating activity by using the following equation: 

Speedμm/s =

⃒
⃒
⃒
⃒
Displacement

Time

⃒
⃒
⃒
⃒ =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(dx)2
+ (dy)2

√

Time
, (5) 

where dx and dy are displacements in x and y directions estimated by the 
Farneback algorithm, representing CM motion in the x and y directions, 
and time was considered to be the time between two consecutive image 
frames [24]. Afterward, we extracted several parameters related to the 
contractile motion profile including maximum contraction speed, 
beating period, contraction period, relaxation period, maximum relax
ation speed, and resting period.

The overall structure of the FCN model is shown in Fig. 1(b). After
ward, the optical flow method was applied to a single CM image 
sequence, and contractile motion–speed was calculated as shown in 
Fig. 1(c). While a cell is in spontaneous contraction–relaxation, the 
motion vectors overlaid on the image of a single cell indicate the 
opposite direction (see Figs. 1(d) and (e)). After one beating cycle 
(contraction–relaxation) the cell enters the resting state in which the 
motion vectors show no direction. See Fig. 1(f). The overall beating 
activity profile obtained using motion–speed calculation is shown in 
Fig. 1(g). Finally, to demonstrate the robustness and accuracy of the 
single-CM motion tracking approach, we propose a fine-tuned GoogLe
Net for automated drug type identification from the single-cell motion 
waveform shown in Fig. 1(h). The inset shows details of the multiple 
parameters calculated from the beating activity Fig. 1(i).

It is crucial to use multiple parameters to evaluate the effects of 
compounds for precise capturing of the irregularity and dynamics of the 
beating profile. Fig. 1(i) shows a motion waveform of a single CM 
(generated from the motion–speed calculation), which consists of a 
sequence of positive peaks for contraction–relaxation, and the contrac
tile motion waveform is quantified through contraction–relaxation peak 
identification [34]. Different methods have been proposed to find the 
QRS complex [20,35,36]. Details on accurate peak detection, along with 
the auxiliary points, were described in our previous study (Ahmadzadeh 
et al., 2020). For data analysis, the mean and standard deviation (SD) of 
the related parameters are calculated. The extracted beating 
activity-related parameters and the corresponding descriptions are 
explained as follows. 1) Maximum contraction speed (see #1 in Fig. 1
(i)): The average amplitude of contraction peaks; 2) Beating period (see 
#2 in Fig. 1(i)): The time between two adjacent contraction peaks; 3) 
Contraction period (see #3 in Fig. 1(i)): The average time between the 
start-of-contraction and end-of-contraction points; 4) Relaxation period 
(see #4 in Fig. 1(i)): The average time between start-of-relaxation and 
the end-of-relaxation; 5) Maximum relaxation speed (see #5 in Fig. 1(i)): 
The average amplitude of relaxation peaks; 6) Resting period (see #6 in 
Fig. 1 (Inset)) The average time between end-of-relaxation and the next 
start-of-contraction

2.8. Statistical analysis

An unpaired Student’s t-test was used to compare the average results 
of the population for each measured parameter between control and 
drug-treated conditions. This test was chosen to determine the statistical 
significance of differences in means between these independent groups. 
Data are presented as mean ± standard deviation (SD), and significance 
levels were reported as follows: (*P < 0.05), (**P < 0.01), (***P <
0.001), (****P < 0.0001).

3. Results

3.1. Whole-slide quantitative phase image (QPI) analysis

We first tested a compound’s effect on beat rate frequency changes in 
the waveforms, comparing control conditions and treated conditions. 
The beat rate frequency changes were observed in the contractile motion 
patterns of the whole-slide QPIs of multiple hiPSCs compared to the 
control condition depending on the compound’s mechanism of action. 
The drug effect on the motion waveform manifests itself by changing the 
beat rate as a direct consequence (see Supplementary Figs. S3, S4, S5, 
S6, and S7). The cardiomyocytes responded to isoprenaline with action 
potential shortening after increases in the drug concentration, thus 
increasing the beating frequency. A high concentration (500 nM) of 
isoprenaline markedly increased the beat rate. High concentrations of E- 
4031 and sertindole similarly demonstrated a reduction in beating fre
quency where 500 µM of E-4031 and 200 nM of sertindole significantly 
reduced beating frequency. We quantified three whole-slide QPIs from 
multiple cardiomyocyte samples under control conditions as a repre
sentative of all control conditions, and the corresponding quantification 
parameters are in Supplementary Table 1.

3.2. Drug effects on contractile motion–speed

We carried out a comparison of contraction motion–speed before and 
after treatment with a drug. However, the additional parameters were 
also evaluated to precisely determine the effects of the drugs. We eval
uated sertindole, E-4031(HERG channel blocker), and isoprenaline ef
fects on CM motion–speed along with other critical parameters. 
Sertindole is the second generation of antipsychotic phenylindole- 
derived medication compounds that function as an antagonist in a 
portion of receptor systems [37]. The sertindole effect was manifested in 
prolonged repolarization as a direct consequence. Afterward, we 
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Fig. 1. An overview of the workflow for motion tracking of single cardiac cells and beating profile visualization. (a) A cardiomyocyte phase image after numerical 
reconstruction with multiple cardiac cells. (b) The proposed FCN model structure for single-CM dry mass extraction. (c) The optical flow procedure for a cardiac cell’s 
contractile motion–speed measurement. In (d), (e), and (f), motion vectors are superimposed on the cell’s phase image for contraction–relaxation and resting ac
tivities, respectively, and the corresponding heat map generated from absolute motion is shown in the second row (A contractile center, shown in a warmer color on 
the heat map, indicates a region in which contractions are maximized). (g) The motion–speed beating activity profile of a single CM is generated from the cell’s 
motion–speed measurement (see Supplementary Video 1). (h) The fine-tuned GoogLeNet with an additional layer, optimal parameters, and transferred weights. (i) 
Inset shows details of the multiple parameters calculated from the beating activity.
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investigated the effect of E-4031 on a CM’s motion waveform. Treat
ment of cardiac cells with E-4031 significantly slowed the heart rate and 
attenuated the loss of intracellular K+ in cardiac cells [38]. A compari
son of the critical parameters under control and drug-treated conditions 
in the presence of 500 µM of E-4031 showed the contraction period 
slightly decreased along with prolongation in the relaxation period. The 
corresponding beating period and resting period were significantly 
increased, and thus, the beat rate declined. Finally, we carried out a 
similar experiment to evaluate the effects of isoprenaline. The isopren
aline compound is a beta-1 and beta-2 adrenergic receptor agonist that 
exerts its effects through a G-alpha stimulatory second messenger system 
[39]. The isoprenaline compound increased the beat rate frequency 
while decreasing the overall duration of each beat.

3.3. Quantification at the single-cell level

First, we extracted single CMs using the FCN model, and motion 
waveforms were generated using the optical flow method. Secondly, the 
computational algorithm was applied to extract several quantification 
parameters for every single cell, and a population average was computed 
for control and drug-treated conditions to represent the motion char
acteristics in response to each drug concentration. For dry-mass 
extraction, a total of seven cells were analyzed to ensure a balanced 
comparison across different drug treatment conditions. In this analysis, a 
comparable number of samples were selected for each drug concentra
tion, which resulted in the use of a smaller number of control cells. This 
approach allowed for meaningful cross-condition comparisons while 
minimizing variability introduced by differences in sample sizes. Since 
our current analysis captures the drug effects on a discrete population of 
individual cells, it is plausible that differences in contractile motion–
speed were observed after averaging the population. Since our analyses 
are at the single-cell level, they can provide reliable synchronization 
analysis (see Supplementary Fig. S8, S9). GraphPad Prism 8 (GraphPad 
Software, Inc) was used to conduct statistical analysis to detect signifi
cant differences between groups for other critical parameters.

3.3.1. Effects of sertindole treatment
The sertindole effect manifested itself in CMs, showing prolonged 

repolarization as a direct consequence. Fig. 3 illustrates the quantifica
tion of different parameters per cell. Fig. 2(a) shows the contractile 
motion–speed of the whole-slide QPI in response to 200 nM of sertindole 
(the single beat is shown) and corresponding quantification results. 
Fig. 2(a) of the bar chart shows quantification results for whole-slide QPI 
in response to 200 nM of sertindole compared to the control condition. 
The whole-slide QPI in response to 200 nM of sertindole demonstrated 
contraction upstroke motion–speed increased, whereas relaxation 
motion–speed decreased, compared to the control. Also, alteration of 
critical parameters was observed, including prolongation in the relaxa
tion period, beating period, and resting period. Fig. 2(c) shows single- 
cell population analysis in drug-treated versus control conditions. As 
one can see from Fig. 2(c), sertindole treatment exhibited a significant 
prolongation in resting time. Fig. 2(d) demonstrates a population 
average of extracted single cells. In Fig. 2(d), sertindole did not signif
icantly change the contraction period, whereas the resting period and 
beating intervals were significantly prolonged. There was variation in 
contractile motion–speed between individual single cells, while a 
decreasing trend was observed when averaging the population for 
relaxation motion–speed. The differences in the other critical parame
ters were evaluated with an unpaired t-test.

3.3.2. Effects of isoprenaline treatment
Isoprenaline, increased the beat rate frequency while decreasing the 

overall duration of each beat. Fig. 3(a) shows the contractile motion 
waveform of the whole-slide QPI of the hiPSC in control versus drug- 
treated conditions in response to 500 nM isoprenaline (the single beat 
is shown) and the corresponding quantification results are shown in 

Fig. 3(b). As seen in Fig. 3(a), contraction–relaxation motion–speed 
increased, compared to the control condition, in response to 500 nM of 
isoprenaline. Fig. 3(c) shows single-cell population analysis in drug- 
treated versus control conditions. Fig. 3(d) demonstrates a population 
average of extracted single cells. Fig. 3 shows the contractile motion of 
individual single cells and the average population under control and 
drug-treated conditions and in the presence of different concentrations 
of isoprenaline along with corresponding quantification results. The 
differences in the other critical parameters were evaluated with an un
paired t-test.

3.3.3. Effects of E-4031 treatment
E-4031 decreased contraction and relaxation motion–speed and 

prolonged the resting period in hiPSCs (depending on the concentration 
level), which is in line with our previous study (see Fig. 4). Fig. 4(a) 
shows the contractile motion waveform of the whole-slide QPI of the 
hiPSC in control versus drug-treated conditions in response to 500 nM E- 
4031 (the single beat is shown) and the corresponding quantification 
results, which are shown in Fig. 4(b). Fig. 4(a) shows the contractile 
motion in a whole-slide QPI of an hiPSC under control and drug-treated 
conditions in response to 500 µM of E-4031 contraction–relaxation 
motion–speed declined. However, the degree of change in beating fre
quency varied significantly between different levels of drug concentra
tion. Fig. 4(c) shows single-cell population analysis in drug-treated 
versus control conditions where single cells are individually investi
gated. Fig. 4(d) shows the contractile motion of individual single cells 
and the average population under control and drug-treated conditions 
and in the presence of different concentrations of E-4031. The differ
ences in the other critical parameters were evaluated with an unpaired t- 
test.

3.3.4. Verification of the proposed cardiac cells motion tracking method
The procedure was validated by comparing the speed of fixed car

diomyocytes to living cardiomyocytes (See Fig. 5(a)). The amplitude of 
fixed cell speed swings about zero. The amplitude is substantially less 
than the contraction-relaxation peaks and similar to the resting state 
amplitude (see Supplementary Video 5). In addition, the proposed Far
neback optical flow was compared against commonly used Lucas- 
Kanade [40] and Horn–Schunck [41]. optical flow methods for CM 
motion tracking. The experimental results demonstrated the proposed 
dense optical flow method can efficiently track the tiny motion of car
diac cells and extract the beating profile of cardiac cells while other 
optical flow-based models failed to show this result (see Fig. 5(b)).

3.3.5. Feature-based cardiac cell classification using machine learning 
approaches

We utilized different machine-learning approaches for feature-based 
drug type categorization using characteristics collected from the motion 
wave of single cardiac cells. There were 161 single cells utilized in total 
for machine learning-based categorization. In the control condition, 
there are 11 single cells, 48 single cells for E-4031, 52 single cells for 
isoprenaline, and 50 single cells for the Sertindole medication. The 
smaller number of control single cells reflects the primary focus of this 
study on analyzing drug-induced changes. The control condition served 
as a baseline to compare the effects of the drugs, and the available 
control dataset was sufficient to establish reliable baseline parameters 
for statistical comparisons. Resource constraints, including the time and 
cost of generating control datasets, also contributed to this imbalance. 
To ensure a comprehensive evaluation of the model’s performance and 
avoid potential bias due to small test set sizes, we adopted a 5-fold cross- 
validation approach for both machine learning and deep learning 
techniques. In this approach, the dataset was systematically divided into 
five equal parts, with each subset used as a test set once while the 
remaining subsets were used for training. This procedure ensures that 
the entire dataset is used effectively for both training and testing at 
different stages, with an effective split of 80 % for training and 20 % for 
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Fig. 2. Multiple parameter measurements for individually extracted cells in response to sertindole at different concentrations. (a) The representation of the action 
potential motion–speed evaluation of whole-slide QPIs in the presence of sertindole drug versus control conditions in response to 200 nM of sertindole (a single beat 
is shown). (b) The variations of the critical parameter of whole-slide QPIs expressed in terms of mean and SD for control and drug-treated conditions. (c) The effect of 
the drug corresponded to increases in concentrations, where each cell’s behavior was separately investigated (see Supplementary Video 2). (d) the bar graph of the 
average population of single cells. The graph shows a summary of the changes in the mean and standard deviation. An unpaired t-test was performed to detect 
significant differences between averaged groups.
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Fig. 3. Multiple parameter measurements per individually extracted cells treated with different concentrations of isoprenaline. (a) The representation of the action 
potential motion–speed evaluation of whole-slide QPIs in the presence of isoprenaline drug versus control conditions in response to 500 nM of isoprenaline (a single 
beat is shown). (b) The variations of the critical parameter of whole-slide QPIs are expressed in terms of mean and SD for control and drug-treated conditions. (c) The 
effect of the drug on each cell’s behavior from increasing the concentration was investigated individually for the population of a single cell (see Supplementary Video 
3). (d) The bar graph of the average population of single cells. The graph shows the changes in the mean and standard deviation of each quantification parameter 
calculated from the average of the single-cell population. An unpaired t-test was conducted to detect significant differences between averaged groups.
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Fig. 4. Multiple parameter measurements per individually extracted cells treated with different concentrations of E-4031. (a) The representation of the action 
potential motion–speed evaluation of whole-slide QPIs in the presence of different drugs versus control conditions in response to 500 µM of E-4031 (a single beat is 
shown). (b) The variations of the critical parameter expressed in terms of mean and SD for control and drug-treated conditions of whole-slide QPIs. (c) The effect of 
different concentrations of E-4031 on each cardiomyocyte was individually investigated for every single cell (see Supplementary Video 4). (d) A bar graph for the 
average population of single cells shows a summary of the changes in mean and standard deviation as calculated from the average of the single-cell population. An 
unpaired t-test was conducted to detect significant differences between averaged groups.
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testing in each iteration. To maintain proportional representation of all 
classes, stratified sampling was used, ensuring that each class’s distri
bution was preserved in both training and test sets. The same training/ 
test set division was consistently applied across all methods for a fair 
comparison of their performance. The data obtained from each single 
cell was assigned exclusively to either the training or test set to ensure 
that the two sets remained independent.

First, we used t-SNE to decrease the feature dimension to three fea
tures (3 components). Fig. 5(c) graphically depicts the original data 
distribution in 3D feature space, demonstrating that using the 3 com
ponents would result in complex and overlapped data distribution, 
which is challenging for feature-based classification using machine 
learning approaches. In this experiment, we used the seven primary 
characteristics collected from each cell, including (contraction-period, 

relaxation-period, contraction speed, relaxation speed, beating rate, 
beating intervals, and resting period). We utilized different machine- 
learning approaches, including the artificial neural network (ANN) 
[42], the support vector machine (SVM) [43], and the K-nearest 
neighbor (KNN) [44]. The suggested ANN model had three layers: an 
input layer, a hidden layer, and an output layer. The input layer con
sisted of seven neurons corresponding to the extracted seven features. 
The hidden layer also contained seven neurons, with a Rectified Linear 
Unit (ReLU) activation function applied to introduce non-linearity and 
improve model learning capability. The output layer comprised four 
neurons representing the number of classes. This architecture was cho
sen based on the complexity of the dataset and the need to achieve a 
balance between computational efficiency and classification perfor
mance. For the SVM model, we employed a kernel-based template using 

Fig. 5. Verification of proposed method and cardiac cells feature-based classification using machine learning-based approaches. (a) Beating profiles of whole-slide 
QPIs of multiple live cardiac cells under control conditions compared against fixed cardiac cells. (b) Comparison of different optical flow-based models for motion 
tracking of whole-slide QPIs of multiple cardiac cells under control conditions. (c) Original data distribution in 3D feature space using t-SNE, (d) confusion matrix of 
classification result using ANN, (e) confusion matrix of classification result using SVM model, (f) confusion matrix of classification result using KNN model.
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a one-vs-one coding design for multi-class classification. Kernel-based 
learning was applied with the kernel scale set to auto, allowing the 
model to optimize feature scaling. Regularization parameter was set to 
auto, enabling the model to automatically balance margin maximization 
and error minimization. The number of expansion dimensions was set to 
auto, optimizing the feature space dimensionality. The training process 

was capped at 1000 iterations to ensure convergence. This configuration 
enabled effective multi-class classification while minimizing manual 
hyper-parameter tuning. For the KNN model, we implemented a sub
space ensemble method with KNN learners, which were configured as 
follows. The number of neighbors was set to 3 for each learner, 
providing a balance between classification accuracy and computational 

Fig. 6. Network performance from motion-based single cardiac–cell identification: (a) The overall structure of the modified GoogLeNet for single cardiac–cell motion 
waveform classification, (b) confusion matrix of the classification results with modified GoogLeNet, (c) experimental results from model performance using different 
evaluation metrics, (d) confusion matrix of the classification results with ResNet, and (e) confusion matrix of the classification results with DenseNet.
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efficiency. Euclidean distance was used as the metric to measure simi
larity between data points, ensuring a straightforward and effective 
comparison. Uniform weighting was applied, meaning that all neighbors 
contributed equally to the classification decision. The confusion matrix 
of classification accuracy using the suggested ANN is shown in Fig. 5(d). 
Fig. 5(e) depicts the confusion matrix of classification accuracy of the 
SVM model. Fig. 5(f) depicts the confusion matrix of classification ac
curacy for KNN.

3.4. Drug identification using fine-tuned googlenet

The deep learning approach can perform automated feature extrac
tion directly from the data without the need for manually engineered 
features. In the classification using deep learning, a total of 161 single 
cells were used, the same as in machine learning. There were 11 single 
cells in the control condition, 48 single cells for E-4031, 52 single cells 
for isoprenaline, and 50 single cells for the drug sertindole. We also 
performed 5-fold cross validation in the same way as machine learning. 
However, our dataset was quite small and computationally beneficial. 
Transfer learning is a promising approach that overcomes the above- 
mentioned limitations that uses a pre-trained, deep neural network. 
GoogLeNet is a deep CNN developed to classify the ImageNet database 
into 1000 classes after training with one million images. However, one 
can modify network layers to gain better results. We proposed a deep 
transfer learning-based approach using a modified GoogLeNet for 
automated drug identification from contractile motion waveforms. To 
train the modified GoogLeNet, we converted 1D single-cell motion 
waveforms into 2D images (scalograms) using continuous wavelet 
transform (CWT).

3.4.1. Continuous wavelet transform
CWT is used to construct a time-frequency representation of a signal 

that offers time and frequency localization. To make a one-dimensional 
signal into a 2D image (or scalogram) for CNN training, the CWT method 
was utilized. CWT plots the 1D signal as a function of time and frequency 
from estimations of similarity between the signal and an analysis func
tion using an inner product, as seen in Eq. (6). For scale parameter a >
0 and position b, the CWT is: 

c(a, b; f(t),ψ(t)) =
∫ ∞

− ∞
f(t)

1
a

ψ ∗

(
t − b

a

)

dt, (6) 

where ψ denotes the wavelet function, t stands for time and * indicates 
the complex conjugate. Continuously varying scale parameter value a 
and position b obtains CWT coefficients c(a, b). The CWT coefficients are 
affected by the choice of wavelet, values of the scale, and position.

3.4.2. Image-based cardiac cell classification using deep learning 
approaches

GoogLeNet is a deep CNN model based on the inception architecture. 
The inception architecture piles these modules on each other, with an 
occasional max-pooling operation of stride 2 × 2 to reduce the input 
resolution (see Fig. 6(a)). However, depending on the special charac
teristics of our data, we added a drop-out layer (0.6) after the last fully 
connected layer to prevent network overfitting (see Fig. 6(a)). A dropout 
value of 0.6 was applied to prevent overfitting during training, as it is 
commonly used in similar studies and has been shown to be effective in 
balancing generalization and performance. To ensure the robustness of 
this choice, we conducted additional experiments with dropout values of 
0.3, 0.5, and 0.7, which demonstrated no significant difference in model 
performance. Based on these results, we confirmed that the dropout 
value of 0.6 was suitable for our dataset and model architecture. The 
performance of the model was evaluated using a confusion matrix, 
which is a widely used method for measuring the accuracy of machine 
learning methods. The confusion matrix details are explained is in 
Supplementary Table 2. The results were compared against feature- 

based single cells classification using machine learning approaches 
(see Supplementary Table 3).

The confusion matrix from the fine-tuned GoogLeNet’s performance 
identifies the different drugs from motion-beating activity (see Fig. 6
(b)). As shown, the confusion matrix’s overall accuracy was 98.8 %. The 
classification performance metrics, including accuracy, precision, recall, 
and F1-measure (see Fig. 6(c)), were evaluated using a one-vs-all 
approach. In this method, each class was treated as the positive class 
while all other classes were treated as the negative class. The metrics 
were calculated for each class individually and averaged to provide a 
balanced evaluation of the classifier’s performance across all classes. 
The equations for each metric are presented in equations (10), (11), 
(12), and (13) in Supplementary Section 4, respectively.

To validate our choice, we conducted a comparative analysis with 
other deep learning architectures, including ResNet and DenseNet. The 
evaluation results indicated that GoogLeNet achieved the highest clas
sification accuracy, whereas ResNet and DenseNet achieved 93.3 % and 
96.3 % (see Fig. 6(d) and (e)), respectively. While ResNet and DenseNet 
exhibited strong feature extraction capabilities, GoogLeNet out
performed them in terms of accuracy and computational efficiency, 
making it the most suitable choice for this study.

4. Discussion

The present study evaluated the contractile characteristics of single 
drug-treated cardiomyocytes by measuring changes in beating fre
quency, along with other comparable baseline parameters, from quan
titative phase images that allow measuring hiPSC kinetic responses to 
drugs at the single-cell level that cannot be identified with ordinary 
methods. The effects of three drugs (sertindole, isoprenaline, and E- 
4031) at different concentrations were analyzed. Our experimental re
sults with E-4031 and isoprenaline showed good agreement with pre
vious studies. Isoprenaline caused an increase in contraction–relaxation 
motion–speed, whereas sertindole caused increases in only contraction 
motion–speed. By contrast, sertindole reduced the relaxation motion–
speed and significantly prolonged the relaxation period. E-4031 showed 
a decrease in contraction–relaxation motion–speed.

All drugs caused alterations in the resting period, thus changing the 
beating frequency. The goals of these experiments were not only to 
monitor the kinetics of single CMs but also to measure other critical 
parameters regarding the beating activity profile generated using con
tractile motion–speed measurement. Measured features from the con
tractile motion profile at the single-cell level included maximum 
contraction–relaxation motion–speed, contraction–relaxation period, 
beating period, and resting period. Among these, the beating frequency 
and contraction-relaxation motion speeds are the most critical. The 
beating frequency serves as a primary indicator of cardiomyocyte 
rhythm and its response to drug treatment, highlighting potential 
arrhythmic effects or cardiotoxicity. The contraction-relaxation motion 
speeds provide detailed insights into the mechanical and functional al
terations of cardiomyocytes under various drug conditions, reflecting 
changes in cellular energy dynamics and overall contractile health. 
Together, these parameters allow a comprehensive assessment of the 
cardiomyocyte’s physiological state and the drug’s impact at the single- 
cell level.

Furthermore, we proposed a fine-tuned, deep transfer learning-based 
model for automated drug identification from a single-cell motion 
waveform. Performance analysis showed the proposed model achieved 
98.8 % accuracy for automated drug type identification from a single 
cardiac cell motion waveform. The classification results using transfer 
learning were compared against feature-based classification results 
using different machine learning-based approaches. We showed that the 
current platform can be used to quantitatively predict potential car
diotoxicity from single-CM kinetics monitoring; it can be used to pro
mote the maturation of in vitro hiPSCs and can reduce animal testing for 
cardiac safety screening.
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The proposed method provides a promising tool for analyzing drug- 
induced effects on cardiomyocytes. To transition from academic 
research setting to an industrial application, several key steps are 
necessary, including scalability improvements, regulatory compliance, 
and extensive validation with larger datasets. Automation of data pro
cessing, collaboration with industry stakeholders, and optimization for 
production-ready hardware will be crucial for successful deployment. 
These steps will ensure that the proposed method meets the re
quirements of real-world applications in pharmaceutical and biomedical 
industries. Key stakeholders include pharmaceutical companies that can 
use this method for preclinical cardiotoxicity screening and drug 
development, biotechnology companies that can apply it for regenera
tive medicine and cell-based therapies, and academic and clinical 
research institutions that can utilize it to study cardiomyocyte behavior 
under various experimental conditions.

5. Conclusion

In this paper, we proposed an integrated platform for the motion 
characterization of single cardiomyocytes from holographic images by 
using a combination of deep learning and dense Farneback optical flow. 
First, we extracted multiple single cardiac cell dry masses using an FCN- 
based deep learning model from a whole-slide QPI, and we calculated 
the contractile motion–speed of beating cells to track the cell’s con
tractile motion frame by frame through the extracted single CMs with 
single-pixel displacement detection using the dense Farneback optical 
flow method. We demonstrated the robustness of our proposed algo
rithm by comparison with other optical flow methods for CM motion 
tracking. Second, we developed a computational algorithm to quantify 
critical parameters regarding a CM’s beating activity profile. Our 
experimental results with sertindole-treated CMs exhibited an increase 
in contraction motion–speed but a decline in relaxation motion–speed. 
The E-4031–treated cardiomyocytes showed a decrease in con
traction–relaxation motion–speed while increasing the resting duration. 
Isoprenaline showed its effects by increasing contraction–relaxation 
motion–speed and resulted in a decrease in the resting period. We also 
provided reliable synchronization analysis of drug-treated CMs owing to 
cellular analysis at the single-cell level. Third, we proposed a fine-tuned, 
deep transfer learning-based model for automated drug type identifi
cation from single-cell motion waveforms, achieving 98.8 % accuracy, 
and compared the results with feature-based classification using 
different machine learning-based methods.

The currently proposed method is a supervised classification method 
meaning that we need labeled data to train the model while it might not 
be always possible to have enough labeled data in medical image cases. 
In the future, we are planning to utilize unsupervised learning or a few- 
shot learning method that needs a few labeled data for training.
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Supporting information

Supporting document is provided for this work. Figure S1: (a) Dia
gram of off-axis digital holographic microscopy used to acquire car
diomyocyte images(a) Diagram of off-axis digital holographic 
microscopy used to acquire cardiomyocyte images. (b) A recorded ho
logram of a control cardiomyocyte sample (the inset shows a three- 
dimensional portion of the hologram. (c) The spectrum of the off-axis 
hologram (three bandwidths are isolated). (d) Spatial filtering can pre
serve the bandwidth of the real image. (e) Amplitude image after nu
merical reconstruction. (f) Phase image after numerical reconstruction 
and phase unwrapping. The phase image provides high-contrast data for 
quantitative analysis. Figure S2: Multi-resolution leveling of the image, 

and the optical flow method for pixel motion detection. (a) Multi- 
resolution leveling of the image with three levels. The image resolu
tion at each level is downsized. The tracking begins at the lowest level 
and finishes at the highest. (b) A representation of the optical flow 
method for pixel displacement estimation. Black pixels correspond to 
the pixel position at time t, and yellow pixels correspond to the pixel 
position at time t + dt. Figure S3: Beat rate profiles of whole-slide QPIs 
for multiple cardiac cells under control conditions and treated with E- 
4031, isoprenaline, and sertindole. Figure S4: The beat rates before and 
after applying the drugs at different concentrations. An image sequence 
for the control condition was recorded before drug treatment. After
ward, the sample was treated with a specific drug concentration. After 
incubation (15 min), beats per minute (BPM) was measured again. 
Figure S5: Critical parameter measurement of whole slide QPI of mul
tiple cardiac cells treated with different concentrations of Sertindole 
compound. Figure S6: Critical parameter measurement of whole slide 
QPI of multiple cardiac cells treated with different concentrations of E- 
4031 compound. Figure S7: Critical parameter measurement of whole 
slide QPI of multiple cardiac cells treated with different concentrations 
of Isoprenaline compound. Figure S8: Synchronization analysis of single 
cardiac cells. (a) rhythm strip comparison of single cardiac cells under 
control conditions (b) cross-correlation analysis between different pairs 
of single cardiac cells under control conditions. (c),(d) rhythm strip 
comparison of single cells E-4031 drug 500 µM and cross-correlation 
analysis between single pairs of cells respectively. Figure S9: Synchro
nization analysis of single cardiac cells. (a),(b) rhythm strip comparison 
of single cells Isoprenaline drug 500 nM and cross-correlation analysis 
between single pairs of cells respectively. (c),(d) rhythm strip compar
ison of single cells sertindole drug 200 nM and cross-correlation analysis 
between single pairs of cells respectively. Table 1: Quantitative pa
rameters and descriptions were measured from whole-slide QPI of car
diomyocytes from control samples. Table 2: Confusion matrix of 
evaluation measures from the classification results. Table 3 Classifica
tion accuracy result of the proposed transfer learning-based model based 
on motion waveform comparison against feature-based classification 
using machine learning approaches. Video 1: The motion–speed beating 
activity profile of a single CM using the cell’s motion–speed measure
ment. Video 2: The effect of the Sertindole drug where each cell’s 
behavior was separately investigated. Video 3: The effect of the 
Isoprenaline drug where each cell’s behavior was separately investi
gated. Video 4: The effect of the E-4031 drug where each cell’s behavior 
was separately investigated. Video 5: Verification of the proposed 
method by beating activity profile measurement of the fixed cardiac cell 
using the proposed method.
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