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Abstract

Timelapse images of human induced pluripotent stem cell-derived cardiomyocytes (hiPSC-CMs) provide rich information
on cell structure and contractile function. The two-dimensional cardiac muscle bundle (2DMB) platform standardizes
tissue geometry, enabling physiologic, uniaxial contractions on elastomeric substrates. However, larger sarcomere
displacements in 2DMBs challenge existing tracking pipelines. We present adaptations to SarcGraph, an open-source
Python package for sarcomere detection and tracking, enabling automated analysis of high-frame-rate 2DMB videos. Key
modifications include frame-by-frame detection with automated segmentation, Gaussian Process Regression for
denoising, and automatic contractile phase detection. We provide 130 example movies through Harvard Dataverse,
enabling high-throughput analysis and advancing hiPSC-CM research.
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Figure 1. An overview of modified “SarcGraph” pipeline for high-throughput structural and contractile analysis of
2D cardiac muscle bundles:

(A) The image analysis pipeline is designed to (i) process high-frame-rate videos of beating 2D cardiac muscle bundles ,
(ii) conduct sarcomere detection, (iii) tissue segmentation, and (iv) tissue partitioning. (B) The second step of the pipeline
processes the sarcomere length signals for contractile phase detection and regional analysis, in this figure we (i) show an
example of Gaussian process regression for signal denoising, with detected contractile phases (relaxed in yellow,
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contraction in orange, expansion in blue) overlaid on the sarcomere length signals, and (ii) show an example of regional
sarcomere length signals from three longitudinal tissue segments, demonstrating spatial heterogeneity in contractile
behavior across the tissue. This pipeline enables high-throughput analysis, for example: (C) paired line plots displaying
changes in sarcomere shortening amplitude (left) and resting sarcomere length (right) for individual samples as well as the
mean for each group under three drug treatments (mavacamten, endothelin-1, and isoproterenol), with percentage changes
(A = percent change in mean from baseline to treated), p-values from paired t-tests indicating statistical significance of the
drug effect, and sample sizes (n = number of paired samples) noted, and (D) paired line plots displaying contraction period
changes for individual samples as well as the mean for the group under the same three drug treatments, with percentage
changes (A = percent change in mean contraction period from baseline to treated), p-values from paired t-tests indicating
statistical significance of the drug effect, and sample sizes (n = number of paired samples) noted. Note that these results
are designed to be representative of what we can do with this pipeline.

Description

Human induced pluripotent stem cell-derived cardiomyocytes (hiPSC-CMs) have enabled breakthroughs in cardiovascular
research (Mohr et al., 2022). This technology provides a valuable tool for investigating human cardiac development (van
den Berg et al., 2015), disease mechanisms (Burridge et al., 2016), and drug testing (Gintant et al., 2019). In particular,
when assembled into spontaneously beating tissues in vitro, hiPSC-CMs enable advanced and subject-specific disease
modeling (Sacchetto et al., 2020), exemplified by work in high-throughput drug screening (Honda et al., 2021), and
investigations of developmental and regenerative processes (Huang et al., 2020).

However, the structural and functional immaturity of hiPSC-CMs, particularly their relatively disorganized mechanics
compared with cardiomyocytes in the adult myocardium (Bedada et al., 2016), can make analyzing both the structural and
functional behavior of hiPSC-CMs quite challenging. For example, existing analysis methods struggle with the circular
morphology and nonlinear contraction patterns of immature hiPSC-CMs, making it challenging to accurately track
sarcomere function (Toepfer et al., 2019) or quantify structural organization in cells that exhibit disorganized structures
(Gerbin et al., 2021). In addition, variability in both tissue fabrication platforms and downstream measurement protocols
can make hiPSC-CM experiments difficult to reproduce, thus hindering collective progress (Pioner et al., 2016). In order
to make hiPSC-CM in vitro tissue experiments both reproducible and suitable for high-throughput experiments, it is
necessary to create new hardware and software tools specifically focused on enabling automatic large-scale assessment
(Ewoldt et al., 2025).

To address these challenges, Tsan et al. (2021) previously developed a two-dimensional cardiac muscle bundle (2DMB)
platform that standardizes tissue geometry while retaining high-throughput compatibility. In contrast with traditional
single-cell monolayers, the 2DMB platform enables generation of purified cardiomyocyte tissues that are highly aligned
and able to develop physiologic levels of fractional shortening since 1) each tissue contracts on an underlying elastic
substrate with stiffness approximating the heart (~8 kPa), and 2) the geometry of each tissue (7:1 aspect ratio rectangles)
induces robust myofibillar alignment, resulting in a uniaxial contractile direction. Additionally, each 2DMB is
mechanically decoupled from neighboring tissues (each tissue is ~308 pm length and ~44 pm width with a buffering space
between tissues of 120 um in the long-axis direction and 80 pm in the short axis direction). In contrast to 3D engineered
tissues, 2DMBs are composed of purified cardiomyocytes, enabling precise study of cardiomyocyte-intrinsic function, and
are vertically thin (~10 pm) making them highly conducive to live-cell sarcomere imaging. The platform thus enables
high-throughput, reproducible analysis of contractile function, effects of pharmacologic perturbations, and effects of
genetic variants that alter sarcomere function. In the original work, quantification of contraction dynamics was performed
by feature tracking from brightfield microscopy to estimate whole-tissue shortening (Tsan et al., 2021). Myofibrillar
density was also quantified using live cell actin labeling, but the resolution was not sufficient to reliably detect and
measure individual sarcomeres. Here, we have have integrated an Q-actinin-GFP reporter hiPSC-CMs to clearly resolve
individual sarcomeres in contracting cardiac muscle bundles (Figure 1A), enabling more granular analysis that captures
previously inaccessible information including spatial variations in contractile behavior, asynchronous activation, and
variations in sarcomere organization.

Multiple computational frameworks have been developed to assess sarcomeric organization in cardiac myocytes. Some
tools, such as ZlineDetection (Morris et al., 2020) and SarcOptiM (Pasqualin et al., 2016), are designed to extract
averaged features from images of mature cardiac cells which exhibit well-organized sarcomeric structures. In contrast,
other tools, such as SarcOmere Texture Analysis (Sutcliffe et al., 2018) were developed to address the challenge of
analyzing reprogrammed myocytes derived from fibroblasts, which display less mature and more disorganized sarcomeric
patterns similar to hiPSC-CMs. Subsequent approaches have advanced beyond averaged feature extraction to enable
individual sarcomere segmentation and tracking. SarcTrack (Toepfer et al., 2019) introduced wavelet-based methods to
segment and track sarcomeres in beating hiPSC-CMs, though often requiring substantial manual parameter tuning. More
recently, SarcAsM (Hartter et al., 2025) leveraged deep learning for automated, multiscale segmentation and tracking of
Z-bands, sarcomeres, and myofibrils in hiPSC-CMs. In 2021, our group introduced SarcGraph, an open-source pipeline
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with automatic detection and tracking of Z-discs and sarcomeres (Zhao et al., 2021; Mohammadzadeh and Lejeune, 2023;
Mohammadzadeh and Lejeune, 2025).

Building on our previous work (Tsan et al., 2021), we adapted SarcGraph for the high-throughput analysis of high-frame-
rate 2DMB videos. The original pipeline's reliance on sarcomere tracking proved unreliable for this dataset since 2DMBs
exhibit much greater (and more physiologic) fractional shortening than iPSC-CMs cultured directly on glass (in our prior
study, 5.0 £ 1.1% vs. 0.9 + 1.4%). The larger relative displacements in 2DMBs result in z-discs frequently moving in and
out of the focal plane during contraction, as well as greater sarcomere displacement velocities, both of which caused
inconsistent tracking with the original pipeline. Therefore, our modified workflow addresses this challenge by instead
performing frame-by-frame sarcomere detection, automated tissue segmentation, and spatial partitioning to capture
regional heterogeneity (Fig. 1A). From these measurements, an average sarcomere length time signal is computed and
subsequently denoised using Gaussian process regression (GPR). A heuristic procedure then classifies the smoothed signal
into relaxation, contraction, and recovery phases (Fig. 1B-i). To analyze spatial heterogeneity, the tissue mask is
partitioned into predefined segments (e.g., longitudinal sections shown in the figure), and sarcomere analysis is performed
within each subregion (Fig. 1B-ii). This pipeline yields an expanded suite of metrics quantifying sarcomere organization
and contractile performance, supporting robust, paired comparisons across experimental conditions. For example, our
analysis demonstrates that mavacamten, a cardiac myosin inhibitor (Green et al., 2016), induces a marked reduction in
shortening amplitude that is highly consistent across paired measurements (Fig. 1C). Interestingly, both ET-1 and
isoproterenol, which are known contractile agonists, decreased maximal sarcomere shortening amplitude but also caused a
concomitant reduction in resting sarcomere length (Fig. 1C). These findings are consistent with greater sarcomere
activation but would not be as readily discerned with whole tissue tracking. In contrast, mavacamten was associated with
both reduced shortening amplitude and increased resting sarcomere length, consistent with reduced sarcomere activation
(Fig. 1C). Furthermore, while all three treatments increased the frequency of contractions, isoproterenol and endothelin-1
produced greater reductions (26.5% and 24.4%, respectively) compared to mavacamten (10.4%) (Fig. 1D).

For the analysis presented in this work (Fig. 1C-D), 65 paired baseline and treated samples were initially processed. From
this set, 5 samples were excluded from the final analysis. These exclusions were necessary because the SarcGraph z-disc
segmentation step failed specifically for the treated video of the pair. In these instances, instead of correctly identifying z-
discs, the algorithm produced several thousand false positive detections, appearing to register signal noise as z-disc
structures. We have not yet been able to pinpoint a clear relationship between this failure and any specific aspect of video
quality that can be automatically identified before running SarcGraph on the samples. This remains an ongoing
investigation that we aim to address in future work as we acquire more data samples.

Finally, we share "https:/github.com/Sarc-Graph/sarcgraph-2dmb.git" under an open-source MIT license and make a
dataset of 130 fluorescence example movies of 2DMB tissues publicly available via Harvard Dataverse to encourage
collaborative efforts within the cardiac tissue engineering research community “https://doi.org/10.7910/DVN/GHMKWJ”.
We anticipate that the availability of this image-based database, combined with our software pipeline, will not only
facilitate the development of more robust computational tools for sarcomere-level analysis, but will also make adoption of
the 2DMB framework significantly more accessible to others in the research community.

Methods
Data

Cardiomyocytes were differentiated from an a-actinin-GFP reporter hiPSC line (Allen Institute) using previously
described methods (Tsan et al., 2021). Following differentiation and metabolic purification, these hiPSC-CMs were seeded
onto micropatterned 8 kPa substrates at day 22 following differentiation initiation to form cardiac muscle bundles
(2DMBs). 2DMBs were matured for an additional 8 days with increasing calcium in the media by transitioning to a 75:25
DMEM:RPMI-B27 media, as previously described (Tsan et al., 2021). Microscopy was performed with a Nikon Eclipse
Ti-E inverted microscope with motorized stage. The 2DMBs were maintained in their standard culture media (75:25
DMEM:RPMI-B27) using a stagetop incubator to maintain temperature/humidity/C02. A Nikon Crest X-Light V2
spinning disk confocal light source was used to image sarcomeres (using the -actinin-GFP reporter) at 100 frames per
second with a 40X long working distance water immersion Nikon objective. Three separate experiments were performed
to assess the effects of known modulators of sarcomere function, mavacamten (300 nM), endothelin-1 (10 nM), and
isoproterenol (50 nM). Images were collected at baseline and after 10 min treatment with each agent. Nikon Elements
imaging analysis software was used to export files in the ND2 format.

Code

The initial input for the analysis pipeline consists of an image sequence, provided as consecutive frames, capturing the
contractile behaviour of a 2D cardiac muscle bundle at the z-disc level. Two primary processing scripts, detection.py and
segmentation.py, are employed on this raw data. The detection.py script leverages SarcGraph (Mohammadzadeh and
Lejeune, 2023), a previously published Python tool from our group, to detect individual z-discs and sarcomeres within
each frame. For a detailed methodology on the SarcGraph algorithm, readers are referred to the original publications
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(Zhao et al., 2021; Mohammadzadeh and Lejeune, 2023; Mohammadzadeh and Lejeune, 2025). The segmentation.py
script generates a tissue segmentation mask for each frame using a classical computer vision approach. This script first
estimates background noise from a small region of the image to apply a noise-suppression threshold. The image is then
smoothed using a Gaussian blur from the OpenCV library (cv2.GaussianBlur) and binarized using Otsu’s threshold,
implemented in Scikit-image (skimage.filters.threshold_otsu). A convex hull is then computed from the foreground pixels
using SciPy (scipy.spatial.ConvexHull), and from these points, a minimum area bounding rectangle is fitted using
OpenCV (cv2.minAreaRect) to define the tissue's boundary. This frame-by-frame segmentation is accelerated via Python's
multiprocessing library. The algorithm may underestimate or overestimate the tissue area in cases of improper cropping
where adjacent tissues are visible, or in the presence of artifacts like intense brightness variability where parts of the tissue
are out of the focal plane. However, visual evaluation of representative samples confirmed this method was reliable for the
dataset used in this work, and we anticipate that modifications for alternative datasets will either be unnecessary or
straightforward to implement.

To enable regional analysis of contractile behavior, the partition.py script organizes the detected sarcomeres into distinct
spatial segments. Using the per-frame sarcomere coordinates and their corresponding tissue bounding boxes, the script
assigns two independent regional labels to each sarcomere. First, based on its position along the tissue's longer axis, a
sarcomere is categorized as being in the 'left', 'center', or right' third of the tissue. Second, it is labeled as belonging to
either the 'top' or 'bottom' half along the shorter axis. This labeling approach allows for subsequent analysis to be
performed on either three longitudinal segments or a more granular six-region partition (e.g., 'left-top', 'center-bottom’).
The final output is an annotated dataset where every sarcomere is tagged with its regional labels, facilitating a detailed
comparison of contractility across different parts of the tissue.

Following regional partitioning, the raw sarcomere length data is processed to generate a clean time series for each
selected tissue segment. First, for a given region (e.g., 'center’ or 'whole tissue'), the average sarcomere length is computed
across all sarcomeres for each frame, resulting in a time-series signal. To filter out noise inherent in imaging at this
resolution, we employ a Gaussian Process Regression (GPR) model to denoise this signal. This approach is implemented
using the GPyTorch library, which leverages GPU acceleration for computational efficiency (Gardner et al., 2018). GPR is
a powerful method commonly used to model complex signals due to its flexible kernel functions. To capture the distinct
features of cardiac contraction, our model uses a composite kernel. This kernel combines a Periodic component, which
accounts for the cyclical nature of the beating signal, with RBF and Matern (»=2.5) components to accurately model the
underlying complexities of the contraction waveform. The output of this step is the denoised time series of the average
sarcomere length for the selected region.

After denoising, the analyze.py script implements a heuristic algorithm to parse the denoised sarcomere length time series
into distinct physiological phases: a stable relaxed state, a contraction phase, and an expansion phase. The process begins
by mean-centering the signal and calculating a smooth derivative of the signal using a Savitzky-Golay filter. The
algorithm then proceeds as follows: First, it pinpoints the onset of contraction and the end of relaxation. This is achieved
by analyzing the "positive blocks" where the sarcomere length is above average. Within these regions, a high-value zone
is defined as the area where the signal's amplitude exceeds 80% of the block peak. The algorithm then searches inward
from the boundaries of this zone until the absolute value of the signal derivative falls below a user-defined
derivative_threshold. The two points identified by this search mark the start and the end of the relaxed state of the cell.
Next, to identify the end of the contraction phase, the algorithm analyzes the "negative blocks". Within this interval, it
locates the point of minimum sarcomere length. Together, these three identified time points fully delineate the contraction,
expansion, and relaxed phases for subsequent analysis. Visual inspection of this heuristic's performance on our dataset
confirmed that its results are robust, contingent upon successful prior denoising by the GPR model.

In the final stage of the pipeline, the feature_extraction.py script uses the information generated in the preceding steps to
compute a comprehensive set of quantitative metrics. These metrics are categorized into two groups: those describing the
structural organization of the sarcomeres and the tissue, and those characterizing the functional properties of contraction.
Details of these metrics are as follows:

Feature Name Description
Number of Contractions The total count of recorded full contraction events.
Contraction Period The average duration of a single beating cycle (in Seconds).

Contraction Frequency The average beating rate of the tissue (in Hz).
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(Mean)

Relaxed Sarcomere Length

The mean sarcomere length (pm) during the relaxed state.

(Median)

Relaxed Sarcomere Length

The median sarcomere length (um) during the relaxed state.

(25th Percentile)

Relaxed Sarcomere Length

The 25th percentile of sarcomere length (pm) during the relaxed state.

(75th Percentile)

Relaxed Sarcomere Length

The 75th percentile of sarcomere length (pm) during the relaxed state.

(Standard Deviation)

Relaxed Sarcomere Length

The standard deviation of sarcomere length (pm) during the relaxed state.

Peak Sarcomere Length
(Mean)

The mean sarcomere length (um) at the peak of contraction.

Peak Sarcomere Length
(Median)

The median sarcomere length (um) at the peak of contraction.

Percentile)

Peak Sarcomere Length (25th

The 25th percentile of sarcomere length (um) at the peak of contraction.

Percentile)

Peak Sarcomere Length (75th

The 75th percentile of sarcomere length (um) at the peak of contraction.

Peak Sarcomere Length
(Standard Deviation)

The standard deviation of sarcomere length (pm) at the peak of contraction.

Shortening Amplitude

The average magnitude of sarcomere shortening, calculated as the difference between
relaxed and peak-contracted average sarcomere lengths.

Peak Shortening Velocity

The maximum speed (pm/s) of sarcomere length change during the contraction phase.

Peak Lengthening Velocity

The maximum speed (um/s) of sarcomere length change during the relaxation phase.

Contraction Onset to
Relaxation End Time

The total duration from the onset of contraction to the end of relaxation (in Seconds).

Contraction Time

Contraction Onset to Peak

The time taken to reach peak contraction from the onset (in Seconds).

Contracted Time

Contraction Onset to Half

The time taken to reach 50% of maximal contraction from the onset (in Seconds).

Half Contracted to Peak
Contraction Time

The duration from half contraction to peak contraction (in Seconds).

Peak Contraction to
Relaxation End Time

The time taken to reach full relaxation from peak contraction (in Seconds).

Relaxed Time

Peak Contraction to Half

The time taken to reach 50% relaxation from peak contraction (in Seconds).
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Half Relaxed to Full
Relaxation Time

The duration from half relaxation to full relaxation (in Seconds).

Tissue Length (Relaxed)

The tissue's overall length (pm) in the relaxed state.

Tissue L?ngth (Peak The tissue's overall length (pm) in the peak contracted state.
Contraction)

Tissue Width (Relaxed) The tissue's overall width (um) in the relaxed state.

Tissue Wldth (Peak The tissue's overall width (pm) in the peak contracted state.
Contraction)

Tissue Area (Convex Hull,
Relaxed)

The tissue's convex hull area (um?2) in the relaxed state.

Tissue Area (Convex Hull,
Peak Contraction)

The tissue's convex hull area (um?) in the peak contracted state.

Tissue Area (Bounding Box,
Relaxed)

The tissue's bounding box area (pm?) in the relaxed state.

Tissue Area (Bounding Box,
Peak Contraction)

The tissue's bounding box area (pm?) in the peak contracted state.

Total Number of Sarcomeres

The average number of individual sarcomeres detected per frame.

Sarcomere Density (Convex
Hull)

The average number of sarcomeres per unit of tissue area (pm?) using the convex hull
method.

Sarcomere Density
(Bounding Box)

The average number of sarcomeres per unit of tissue area (pm2) using the bounding box
method.

Noise Level

A metric calculated as the standard deviation of the difference between the raw
sarcomere length signal and the denoised signal.

Reagents

REAGENT

AVAILABLE FROM

Sylgard-184 poly(dimethylsiloxane) (PDMS)

Dow Silicones Corporation

Sylgard-527 PDMS

Dow Silicones Corporation

Polyvinyl alcohol

Sigma-Aldrich

Human fibronectin

Sigma-Aldrich

6-cm and 6-well plate culture dishes Various
RPMI media Gibco
DMEM media Gibco
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B27 supplement Gibco

Matrigel Corning

Endothelin-1 Sigma-Aldrich

Mavacamten Caymen Chemical

Isoproterenol Sigma-Aldrich

Dimethyl sulfoxide (DMSO) Fisher

CELL TYPE DESCRIPTION, AVAILABLE FROM
a-actinin-GFP hiPSC-derived cardiomyocytes hiPSC line from Allen Institute (ID AICS-0075 cl.85)
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