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Abstract: Cardiovascular diseases are the leading cause of mortality worldwide,
with myocarditis being one of the most prevalent conditions. Due to the non-
specific nature of myocarditis symptoms, it’s crucial to possess a deep under-
standing of the involved processes. A promising approach to better understand
cardiac dysfunctions involves human-induced Pluripotent Stem Cells-derived car-
diomyocytes (hiPSC-CMs), which have contractile capabilities and gene expres-
sions similar to normal cardiomyocytes. Given their electrophysiological activity,
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This project was conducted in collaboration with the IRCCS San Raffaele Hospi-
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1. Introduction

Cardiovascular diseases (CVDs) are the leading cause of mortality worldwide, mainly due to heart attacks and
strokes. Ome third of these deaths occur prematurely in people under the age of 70, while three quarters of
them happen in low- and middle-income countries. CVDs are a group of disorders of the heart and blood
vessels, including coronary heart disease, rheumatic arterial disease, congenital heart disease, and many more
[1]. Myocarditis is one of the most common diseases affecting the cardiovascular system, specifically the heart,
with an estimated annual occurrence of 1.8 million detected cases [2]. It is defined as an inflammatory disease
of the heart muscle - the myocardium-, typically secondary to viral infections. Autoimmune disorders, reactions
to drugs and bacterial infections represent other predominant causes and/or incentives in the progression of this
condition. Myocarditis is characterized by a broad spectrum of clinical manifestations, with arrhythmias being
the most common one [3, 4]. Other expressions can range from shortness of breath and/or fluttering heart to



symptoms that resemble myocardial infarction. The non-specificity of the symptoms generates the necessity to
possess a deep understanding of the involved processes, as well as a comprehensive knowledge of the cardiac
cells’ characteristics.

One of the promising strategies to better understand heart dysfunctions, particularly in conditions like myocardi-
tis, is the use of human-induced Pluripotent Stem Cells-derived cardiomyocytes (hiPSC-CMs). Generated from
reprogrammed human somatic cells, hiPSC-CMs have the advantage of being patient-specific and so they can
be used to investigate disease mechanisms at a cellular level. Additionally, they can serve as a significant tool
to test drug responses and represent an attractive replacement for tests on animals. The introduction of this
novel method allows to overcome the ethical concerns associated with the destruction of human embryos [5],
enabling progress in research.

These cells show comparable contractile capabilities and cardiac-specific genes similar to normal cardiomy-
ocytes, which are the contractile and excitable cells responsible for the contraction of the heart. Nevertheless,
some significant limitations related to the analysis conducted on in-vitro cardiomyocytes are present, like the
absence of other heart structures and the fact that their maturity remains fetal-type. These factors can result
in discrepancies when comparing in-vitro studies to cardiovascular research conducted in human clinical trials

[6].
1.1. Multi-Electrode Arrays and Field Potential

Since cardiomyocytes are electrically active cells, it is of interest to have knowledge about their electrophysio-
logical behavior.

Multi-electrode array. A multi-electrode array (MEA) - also called micro-electrode array- is a highly sen-
sitive, low-cost and non-invasive tool that allows for long-period observations of live cells’ electrophysiological
properties. It consists of an arrangement of several biocompatible electrodes embedded in the culture surface
of each well, producing multi-channel extracellular recordings. These micro transducers are able to capture the
concentration of ions in their vicinity, as well as the electric field produced after the generation of an Action
Potential (AP) [7].

A standard MEA has a recording area of 700 m to 5mm in length, with the electrodes aligned in a square grid,
usually integrating a substrate reference electrode to replace the silver pellet in the bath. Each micro transducer
is independent from the others and connected to a differential amplifier, which takes measurements with respect
to the common reference. To cover the necessity of some cultures or slices to be elicited in order to provide
sufficient information, some MEAs have electrodes that can also be used for voltage or current stimulation.
Standard MEAs typically have electrodes made of titanium nitride (TiN), a very stable material, suitable for
long-term experiments and reutilization. Generally speaking, MEAs are characterized by high signal-to-noise
ratio (SNR), and high spatial and temporal resolution. The smaller the distance of a spike activity from an
electrode center, the higher the recorded extracellular activity; the higher the spatial resolution, the lower the
number of units that are picked up by a single electrode. Due to the fact that MEAs exploit materials charac-
terized by high stability with respect to temperature, standard procedures of autoclavation and coating can be
applied for in-vitro experiments. Tissues and cell cultures can be directly cultivated on them, thanks also to
the presence of a temperature controller that keeps track of the temperature in the perfusion chamber [8].
MEAs measurements on hiPSC-CMs have proven to be a powerful tool in the development of personalized
therapies [9], as they allow for the precise targeting of patient-specific conditions, while offering high flexibility
and long-term monitoring. These characteristics make MEA measurements favored over conventional measure-
ment methods. However, patch clamping still remains the gold standard for the analysis of cells’ intracellular
characteristics - specifically, the AP of single cells-, despite the necessity of experts handling it and the low
temporal resolution. To overcome these limitations, new approaches were tested for measuring the AP through
the use of MEAs by increasing the electrical coupling coefficient between the cultured cells and the device [6, 10].

Field Potential. The main information provided by a MEA recording a culture of hiPSC-CMs is the ex-
tracellular Field Potential (FP) of the beating cardiomyocytes adhered to the substrate. The FP profile is
generated by the spreading of the cardiac AP through the cell monolayer on the recording electrodes. This
signal derives from the ionic currents between the intracellular and extracellular space: the rapid transient cor-
responds to the Na+ influx and to the membrane depolarization, which is followed by a small ramp during the
Ca+ intracellular inflow and, then, by a repolarization wave defining the K+ efflux [11](1). The extracellular
recordings of hiPSC-CMs resemble the clinical electrocardiogram (ECG) waveform to some extent; therefore, in
this work, the nomenclature will refer to the distinct waves characterizing the FP as pre-potential for the initial
positive wave preceding the most prominent peak of the FP, in turn defined as part of the QRS complex, and
finally as T peak for the wave that follows it.

The interpretation of the FP can help in the reconstruction of the corresponding AP pattern and the extrac-



tion of other important physiological parameters, like the Field Potential Duration (FPD), parallel to the QT
interval in the ECG, which represents the summation of the AP Duration (APD) of individual cardiomyocytes
of the heart’s ventricular compartment. This parameter is of clinical relevance since a prolonged QT interval is
associated with long-QT syndrome or ventricular tachyarrhythmia.
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Figure 1: Phases of the Action Potential and of the Field Potential compared. Phase 0: rapid depolar-
ization of membrane potential. Phase 1: hyperpolarization of membrane potential. Phase 2: plateu
period. Phase 3: slow repolarization. Phase 4: achievement of resting potential. The beat-to-beat
interval is defined as the distance between two consecutive R peaks.

1.2. MC_ Rack

The extracellular recordings made through MEAs can be acquired, visualized and analyzed through the use of
the MC _Rack software, which is one of the main standard software presently employed in hospitals. Developed
by Multi Channel Systems, MC _Rack represents a good replacement for classical hardware sets for data acqui-
sition, allowing the replacement of oscilloscopes, filters and spike detector devices, as these functions are already
integrated into the software. MC _Rack can work both as a Recorder and a Replayer. When considering the
Recorder mode, data are logged by the acquisition board. The main advantage of MC _Rack lies in its great
flexibility, which is evident even during the recording phase: the user has the option to select specific channels
for recording, or even all of them. To conserve memory, the data are saved in binary format, generating a .mcd
file. If a recording in the .mcd format is already present, the Replayer option should be used. The Replayer
generates a data stream output by replaying the recorded file. The loaded data file comprises additional in-
formation related to the experiment, such as the start and stop time and date of the recording, the number
of data streams, the number of sweeps, the pre-trigger event and window extent, the sampling rate, and the
MC_Rack version used during the recording phase. The recordings can be used for reviewing data and/or for
offline analysis. In terms of data visualization, the generated data streams can be displayed as simple traces
or, when spike events are defined, as overlaid spike cutouts or raster plots. The results of the analyses can be
exported as .dat files, as well as snapshots of the displays can be made.

Some key functionalities employed in this work for analyzing hiPSC-CMs recordings using MC _Rack are ex-
plained in greater detail below.

Pre-processing. The Channel Tool feature allows the user to select one electrode without signal as a ref-
erence, resulting in the mathematic subtraction of the voltage value of this reference electrode sample point
per sample point from all electrodes in the stream. This tool is particularly useful when a homogenous noise is
affecting all the electrodes.

A Digital Filter can be used on the analyzed signals, creating a new separate data stream for visualization
and/or analysis. MC_Rack comprises several filters, but the most used one is the second-order Butterworth
Filter, thanks to its simplicity, the monotonic magnitude response and, mostly, the maximal flat passband
response. However, it has some limitations, such as a slow transition and a non-linear phase response from
passband to stopband [12]. These filters can all be applied in series, and most of them can function as low-pass
and/or high-pass filters. The filtering process introduces distortions into signals, especially in frequencies near
the cut-off frequency, and can affect the amplitude and cause signal shifting in the resulting data stream. For
these reasons, filters have to be handled carefully.

For what concerns the pre-processing phase, a re-sampling procedure can also be applied to the signal through
the Downsampling option, which can be of benefit when working with signals recorded with a high sampling
frequency or with more than one data stream. The result is a new data stream with the new sampling frequency.



In order to apply this instrument, a digital filter has to be defined, with a cut-off frequency for the low-pass
filter of half the downsampling frequency, as requested by the Nyquist-Shannon Theorem.

Trigger Detector. In-vitro cardiomyocytes spontaneously form a beating syncytium, and so they can be
characterized by a propagation effect. The first cells to initiate this activity are defined as pacemaker cells. For
this reason, it can be of interest to understand which electrode is recording the starting of the spreading beating
activity. The Trigger Detector detects trigger events on a single input channel and generates a new data stream
that can be used to trigger other virtual instruments. The user has to define some parameters: the electrode
from which the trigger starts, the time interval after the trigger event in which no other trigger is accepted,
the threshold that allows to define a trigger event as such, and whether the falling or the rising edge has to be
regarded. A typical trigger event for cardiac signals is the R peak detected in the FP waves. Figure 2 shows
how the trigger detection is achieved.
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Figure 2: Trigger Detection on MC _Rack. For the instruments derived by the Trigger Detector, the
trigger event is considered as the 0 point, the pre-trigger is the period before the trigger event and the
post-trigger is the period after the event. The sum of these intervals results in the window extent.

Analyzer. The Analyzer is an instrument connected to the Trigger Detector, useful for waveform and signal
propagation analysis. This tool can be operated on triggered mode or continuous mode. To apply the param-
eters’ computation, a Region Of Interest (ROI) has to be chosen, manually or by defining the instants of the
start and end of the time window containing the event’s information, as the QRS complex. Overlapping ROIs
are ignored by the analysis. In particular, the Analyzer allows to study the following parameters:

t-Min: time instant of occurrence of minimum, with respect to the trigger event.

t-Max: time instant of occurrence of maximum, with respect to the trigger event.

Minimum: lowest value in the considered time window.

Maximum: highest value in the considered time window.

Peak-Peak Amplitude: maximum value minus minimum value.

Amplitude: mean value of the data points in the considered time window.

Slope: slope computed through the Least Square method, which consists of fitting a straight line through

the data points into the ROI and extracting the slope of this line.

Slope 10/90 (or 20/80, or 30/70): slope computed through the Least Square method on the chosen

percentual interval.
Minimum and Maximum computations return an invalid value if there are no spike events in the considered
window. Moreover, it’s possible to define a number of windows over which average the computed parameters if
a less redundant analysis is desired.
When the t-Max parameter is selected, the Analyzer can be used to define an Ezcitation Map, which is a map
representing the propagation phenomenon between electrodes as related to the trigger event. The same param-
eter can be used to extract the QT interval as well, by also setting the window extent to consider.

Averager. The Averager is also linked to the Trigger Detector, as the averaged data is a special kind of
triggered data. Indeed, the last sweep of each average cycle is added to a new data stream, and an Avg Trigger
marks these last sweeps to trigger other instruments, as the related Display. The user has to choose the temporal
information related to the window and the number of windows to sum up during the averaging procedure. This
tool is of interest when there’s a need to improve the SNR or the signal quality in general.

Spike Sorter. The Spike Sorter is an event detector independent from the Trigger Detector, with the event



being the FP in our case. The detection can happen through the definition of a threshold or the recognition
of the amplitude and slope of a waveform (3). Both methods can be set to look rather at the fall or the rise
of the signals. The Threshold method is preferred when the baseline over the different signals appears stable.
On the other hand, the Slope method becomes the best choice when not all the FPs appear at the same height.
The Spike Sorter owes its name to its sorting functionality, which is not of interest for signals coming only from
cardiomyocytes.

Spike cutout

Spike detection

: :
' '
: i
! . . !
:Pre Tngge=r /\ Post Trigger ! e i diok

Amplitude dV

Amplitude dVv

Figure 3: Spike Detection with Slope method (left) and Threshold method (right). The pre-trigger
corresponds to the period before the detection of the spike, and the post-trigger is the period after and
should be carefully chosen to preserve the whole waveform. The sum of these two periods is the Spike
Cutout. The Dead Time defines the period after the event during which no other event is considered
as such; if overlapping is allowed, this value is smaller than the post-trigger temporal window.

A Spike Analyzer can be inserted in series to the Spike Sorter. Its main role is the extraction of parameters, like
the interspike interval (ISI), the event rate in Hz and the timestamps at which the spikes occur. Moreover, this
instrument allows to export some results coming from the analysis of the spikes, like the information related to
the bursts, the number of spikes detected during the recording and the mean spike frequency in Hz.

An Analyzer can also be added to the Spike Sorter, to extract the Peak-Peak amplitude, the number of spikes
in the considered time window, and the rate, which in this case is computed as 1/ISI.

Everything described in this section was based on the MC _Rack manuals provided by Multi Channel Sys-
tems [13, 14].

1.3. Aim of the project

The aim of this thesis is to develop a new software for the analysis of signals originating from hiPSC-CMs. In
particular, the focus is on enabling data visualization and facilitating investigations based on the detection of
significant peaks. The analysis can be conducted either on the averaged data - referred to as Waveform Analysis-
or on the original data. These tools and methods will be better described in the Materials and Methods chapter
of this thesis.

The purpose of developing a new software is to enable a more flexible and user-friendly examination compared to
standard software. This kind of analysis is useful for comparing signals from normally behaving cells with those
obtained after experimental interventions. Therefore, MEA Beat outputs are numerical, allowing for quicker and
easier comparison procedures. As a proof of concept, the software was finally applied to signals acquired during
drug and stability tests, proving its capability to detect and analyze electrophysiological alterations effectively.
The entire work was conducted in collaboration with the IRCCS San Raffaele Hospital in Milan, where the cells
were cultured in-vitro and the signal recordings were carried out. The recordings were facilitated using Multi
Channel Systems’ equipment, including the MEAs on which the hiPSC-CMs were placed.

For validation purposes, the well-established MC _Rack software from Multi Channel Systems is employed for
comparison.



2. Materials and Methods

2.1. Recording System

The recordings were conducted at a sampling frequency of 20kHz in the first experiment and 10kHz in the
subsequent ones. This adjustment is due to the fact that a higher sampling frequency requires a higher down-
load time, which slows down the analysis phase. Nevertheless, 10kHz remains an optimal recording parameter
for hiPSC-CMs signals [14, 15]. Between recordings, the MEAs were kept in an incubator at the IRCSS San
Raffaele Hospital with 5% CO2 and 37°C conditions, ensuring a stable environment for the hiPSC-CMs. During
the recordings, the temperature was consistently maintained at 39°C for all hiPSC-CMs. The elements of the
setup considered in these experiments are better detailed now:

MEAs and MEA-MEM. The MEAs employed in the experiments are Standard MEAs (type 60MEA200/30iR-
Ti) with 60 electrodes placed in an 8x8 grid, each with a diameter of 30 m, and an inter-electrode distance
of 200 m. An internal reference (iR) electrode is already present and has to be connected directly to the
amplifier’s ground. It is crucial to correctly place the MEA with the reference electrode on the left side. The
electrodes are made of TiN, with an impedance lower than 100 kOhm. TiN is operated also in the contact pads,
while the tracks are made of simple titanium, the base is made of glass, and the insulation material is silicon
nitride 500 nm (PEVCD). The MEA amplifiers have a maximum peak-to-peak noise level of +/- 10 'V, due
to the microfold structures of the electrodes, which result in a larger surface area, and so into a lower noise
with respect to electrodes made of other materials. Any electrode can be used for stimulation, obstructing its
possibility to record in parallel. Electrodes are highly affected by stimuli due to the electrolysis effect, so it’s
recommended to be careful when applying current or voltage pulses.

During the recordings of the cultured hiPSC-CMs, the MEA-MEM was used to prevent contaminations by
airborne pathogens, reduce the drying phenomenon, and keep the cells clean and sterile. Specifically, the MEA-
MEM is a chamber interface ring with a transparent Teflon membrane, selectively permeable to O2 and CO2,
but not fluids [8].

MEA1060-Inv-BC. This instrument is a 60-channel amplifier equipped with a blanking circuit. The MEA
is directly inserted into the preamplifier (MEA1060-BC-PA), allowing its contact pads to interface with the
contact pins of the amplification system. The MEA1060-Inv-BC includes an integrated heating system, which
can be regulated by a temperature controller. Moreover, several components are connected to this device: the
stimulating wires, the Sync Out from the stimulus generator, the filter amplifier, the data acquisition system
and the Multi Channel Systems MFEA_Select program’s wire. The MEA Select program is used to control
both the blanking circuit and the stimulation activity. This program is also necessary for selecting the ground
electrode - electrode 15 in our case- and setting all electrodes to ground when the amplifier is opened to replace
the MEA being analyzed. The system’s amplifier gain is set to 1200 as default, while the filter settings can be
customized as needed [16].

USB-MEG64 System. A USB-ME System is a stand-alone data acquisition device that digitizes analog sig-
nals and transmits them to the connected computer through the use of a serial bus. The system used during
the recording phase is a USB-MEG64 System, given the presence of 64 possible analog inputs. The maximum
sampling frequency allowed is 50kHz, while the Analog to Digital Converter (ADC) data resolution is 16 bits [17].

PS40W and TCO02. The PS40W is a standard device supplying power with 42W output power and -/+
7V output voltage. This Power Supply is recommended for Multi Channel Systems instruments since it works
well for programmable gain amplifiers, as well as for custom applications. Over-current and over-temperature
protections are provided [18].

The TCO02 is a Temperature Controller used in combination with heating elements. While the heating process is
active, the cooling one is passive, which means that the minimum temperature is defined by the environmental
one. The device makes use of a Proportional-Integrator (PI), exploiting a feedback control mechanism. The
outputs are also isolated against the ground, to not interfere with the other devices [19].

2.2. Differentiation and Plating

The preparation of the MEAs and the differentiation of the cells were performed as a collaboration between
the IRCSS San Raffaele Hospital and the Centro Cardiologico Monzino. The used cell line is of the type ACM
MO003. The following procedure was followed:

Preparation:



Plasma cleaning of the MEAs at the laboratories of the Politecnico di Milano. This procedure
enhances the activity of the chip surfaces, facilitating a more e cient coating.
Sterilization of the MEASs in 70% ethanol for several hours and, subsequently, drying in a stove at
115°C for a minimum of 3 hours.
Day -1:
Coating of each chip with 7.5 L of Matrigel, diluted in 1 ml of ice-cold DMEM-F12 for each chip.
This process creates a more biocompatible environment that mimics the natural one, improving
cells attachment and promoting their growth and functioning on the MEAs.
Incubation of the MEAs at room temperature (RT) for 1 hour. Washing of the iPS cells with 1 mL
of phosphate-bu ered saline (PBS), to which 1 mL of ReLeSR was added before incubating again.
Removal of ReLeSR and incubation for 3 minutes at 37C.
After the addition of the StemFlex Medium and Revitacell Supplement to each well, shaking of the
plates, collection of the cells and centrifugation for 5 minutes at RT.
Counting of the cells, having discarded the supernatant and resuspended ones. After removal of
the Matrigel, 120.000 cells were sed for each chip with 1mL of StemFlex Medium and RevitaCell
Supplement. The high amount of cells guarantees a good di erentiation process.
Day O:
Addition to each MEA of 1.5 mL of BPEL medium supplemented with BMP4 20ng/mL, Activin A
20ng/mL, CHIR99021 1.5 M.
Day 3:
Replacement of the medium with 1.5 ml of BPEL medium supplemented with XAV939 5um 1:2000.
Day 6:
Start of the replacement of the medium with 1.5 ml of BPEL medium every 72 hours.
The beating activity is expected to start from day 7 or 8 [20].
After the recordings were concluded, the MEAs underwent a cleaning procedure, which consisted of a mechan-
ical phase followed by an enzymatic cleaning. During the mechanical phase, a jet of sterile water was used,
simultaneously to the suction of the residuals. The enzymatic cleaning consisted of removing the residuals on
each MEA with thergazyme 1% for 4 hours at RT. The correct cleaning has to be assessed by a check at the
microscope. In the following gure the recording system and a microscope view of the hiPSC-CMs on a MEA
are shown:

Figure 4: Left: MEA1060-Inv-BC and its components, with a cultured MEA covered by a MEA-MEM
placed inside. It can be noticed the cable connection of pin 15 to the ground and the line within the
MEA pointing out the correct positioning. Right: Microscope view of a cultured MEA on Day 13.

2.3. MEABeat

MEABeat software has been developed in Python 3.12 thanks to the use of the Visual Studio Code editor,
taking advantage of Class structures to exploit the standard features related to Object Oriented Programming,
a programming paradigm that allows for interaction between objects.

Prior to the opening of the software, the .mcd recordings conducted with MC_Rack have to be converted to
the ASCII format through the Multi Channel Systems' software Multi Channel DataTool. The generated .txt
le contains the time information in ms and the amplitude data in V for each electrode as a function of time.
The le headers specify the unit of measurement and the electrodes' names as de ned in MC_Rack. This le



format was preferred with respect to other formats since it isn't subjected to any compression and it grants a
fast import of the le, at the expense of the shortage of information supported.

For the main functionalities of the software, neurokit2 is exploited [21]. Neurokit2 is a Python package for
analyzing biological signals, which has the advantage of being open-source and controlled by a large community
on GitHub. In particular, the ECG-correlated functions are employed, as the resulting hiPSC-CMs' signals
show very similar and repetitive behavior.

An exhaustive explanation of the di erent sections contributing to the software's nal result is now provided.

Data Import.  The user can directly choose which le to import by selecting theFile import option of the File
Menu (5). During the import phase, the data and the corresponding electrode names are read and sorted. The
original time and amplitude values are stored, so they can be accessed when wishing to re-plot the original data.
The time information is also relevant to establish the sampling frequency used during the recording phase, by
simply applying the formula fs = 1=T, with T being the time interval between two samples. If the original
sampling frequency di ers from 1kHz, the signals are resampled to this value. This step is necessary for optimiz-
ing the performance of the neurokit2 peak detector, since the sampling frequency used during the acquisition
phase was too elevated, leading to the presence of noisy frequency components that signi cantly impact the
thresholding procedure during the detection. Resampling was shown to neither a ect the data visualization nor
compromise the analysis results. Since these were the primary concerns regarding the procedure, resampling
is set as the default process for all imported les. Notice that after the process, the time and sample indices
become equivalent, with each ms corresponding to one sample.

Figure 5. Flowchart of File menu option. The actions occurring in the background are included for
clarity.

Plot Original Data. Primarily, the user can visualize the imported data as raw or as Itered. In both
cases, the electrode signals are plotted in a grid of subplots - through the functiomatplotlib.gridspec.GridSpec
following the standard scheme for square grids: the origin is in the upper left corner, the rst digit represents the
column number and the second digit is the row number. The code related to the con guration of the electrodes
is inspired by the one created byCardio PyMEA, an open-source software for the electrophysiological analysis
of signals originating from cardiomyocytes cultured on MEAs. In particular, each channel is associated with
speci ¢ (x,y) coordinates, and each electrode header is matched to its speci ¢ coordinate value. In the following
gure, it's possible to appreciate the described MEA layout:



Figure 6: Standard con guration for plotting and naming the electrodes. Here the iR Electrode is
pointed out. This con guration is employed by MC_Rack, too.

The original raw data can be re-plotted at any time without re-importing it, acting as a resetting function, since

it clears previous analysis results, except for the plotted R peaks and the pre-potentials, which are retained.
This feature is useful if the user desires to review the initial data to improve the analysis process, since main-
taining the R peak positions helps avoid repeating or introducing new errors during steps like ltering.

If no other procedure is applied, the software can be used as a visualization tool only. When the subplots
are visualized all together, only the rst thousand points of each electrode are shown, to reduce the loading
burden. The y visualization is limited to the (-200, 300) V amplitude range. The time information is displayed

in ms. Conversely, when double-clicking on a subplot, this is expanded and the whole signal is displayed. In
the zoomed electrode, a Navigation Toolbar appears, allowing one to zoom, pan-handle, change con gurations,
modify axes, and/or save the subplot image. Moreover, &ompute Distance button appears, which enables the
user to click on two di erent points with the right button of the mouse and compute the distance between them
on the X and Y axis. If a third point is clicked, the previous computation of the distance and the drawn points
are cleared and substituted by the new ones. This additional functionality was directly requested from the
co-advisor of the IRCSS San Ra aele Hospital to allow the user to autonomously measure the distance between
di erent points on the signal. Therefore the MEABeat software is not only very exible but a good alternative

to automatic methods which could produce wrong period computations.

Filter Data. = When the Itering option is chosen, dierent alternatives are proposed. Almost all of them

are implemented considering theecg_clean function of the neurokit2 package:
Neurokit: this Iter consists of a high-pass Butterworth Iter of order 5 with a cut-o frequency of
0.5Hz, followed by a cleaning of the powerline interference frequency, considered at 50Hz by default. The
powerline ltering is performed by smoothing the signal with a moving average kernel having a width of
20ms, so to cover a full cycle of 50Hz. Speci c paper references regarding these cleaning steps are not
supplied, but the work ow can be consulted on GitHub.
BioSPPy: the ltering scheme is modeled on the BioSPPy open-source Python toolbox, also present in
GitHub. In this speci c case, a Finite Impulse Response (FIR) bandpass lIter is implemented, with cut-
o frequencies of 0.67 and 45Hz. The low cut-o frequency is chosen on the assumption that there are no
elements of importance under a beat-per-minute (bpm) value of 40. The order of the lIter is dynamically
de ned by multiplying the sampling rate by the value of 1.5, with an additional constraint of being odd.
PanTompkins: this Iter is based on the famous Pan Tompkins algorithm [22], which de nes a bandpass
Itering through a series of low and high-pass Iters. The objective of this method is to highlight the
energy of the QRS complex in the 5-15Hz window and, for this reason, the poles and the zeros of the
Iters should be positioned only on the unit circle, for exible and precise results. This design can't
be achieved through a simple bandpass lter but only through the cascade described before. However,
an approximation of this procedure is used in this software: the Pan Tompkins option characterizes an
In nite Impulse Response (IIR) Butterworth Iter with bandpass cut-o frequencies of 5 and 15Hz, and
order 1. The lter is implemented considering the Second Order Sections (sos) method, for better stability
and precision.
Hamilton: a bandpass lter is implemented as a cascade of a low-pass Iter with a cut-o frequency of
16Hz, followed by a high-pass Iter with a cut-o frequency of 8Hz. Again, in this software, the actual
design described in [23] is substituted by the simple application of a sos IIR bandpass Butterworth lIter
of rst order with the cited cut-o frequencies.
Elgendi: in the neurokit2 package this is de ned as a second order sos bandpass Butterworth lter
with cut-o frequencies of 8 and 20Hz. Elgendi et al. [24] demonstrated that this frequency pass band
maximizes the succeeding detection of the QRS complex, with respect to other common ltering bands.
EngelseZeelenberg: this Iter takes as a model the algorithm developed by Engelse and Zeelenberg [25].
Theoretically, the signal is passed through a di erentiator and, then, through a low pass lter; moreover,



a thresholding approach is employed. In this software, this method is not really applied, but the Iter
used in the previous methods is implemented with a very strict pass band, since the cut-o frequencies
are set to 48 and 52 Hz, and considering an order of 4.
VG: this approach considers the one used in [26] for Visibility Graph (VG) detectors. Specically, a
second order high-pass Butterworth lter is employed with a cut-o frequency of 4Hz. This reduces the
low-frequency artifacts and the T-wave contributions.
Customize Butterworth Filter: this option is the only one not determined by the neurokit2 package.
When selected, a window appears asking the user to manually introduce in input the low and high cut-o
frequencies of the second order bandpass Butterworth Iter. Keeping in mind that the signals have a
sampling frequency of 1kHz, the maximum cut-o frequency that can be de ned to avoid aliasing is 500
Hz, based on the Nyquist-Shannon theorem. The order of the Iter was chosen as a trade-o between
precision and stability, since higher orders proved to introduce considerable distortions in the signal.
Moreover, the Butterworth Iter was preferred with respect to other kinds thanks to its maximal at
response in the passband. If the user doesn't insert the cut-o frequencies, the default values are used
(0.10-200Hz). The addition of this customizable lter expresses the high exibility of MEABeat.
All the Iters can be repeatedly performed, being aware that each lItering procedure introduces signi cant
distortions into the signal. The results of these Itering procedures on a sample raw ECG signal can be seen in
the following image:

Figure 7: Filtering options proposed by the ecg_clean function of neurokit2.

Compute Peaks. To proceed with the data analysis, it's mandatory to compute the R peak locations on each
signal. This is achieved through the use of theecg_peaks function from neurokit2. An additional, optional
function, ecg_delineate is also implemented at this stage. It is suggested to apply them to Itered data for
better results. As already said, in this project the activity recorded from the cardiomyocytes is approximated
to an ECG signal, which means that these functions will relate the maximum peaks to the R peaks, and the
other peaks to the P, Q, S, and T waves.

ecg_peaksis designated to nd the R peaks inside an ECG signal, exploiting the low-levekecg_ ndpeaks function
from the same package. Neurokit2 permits one to choose between di erent methods of peak detection, with
neurokit being the default one and the chosen one for th&lEABeat software. Besides the method, the function
requires to specify the sampling rate in Hz, which in our case is always set to 1kHz as a result of the resampling
of the data applied in input. The outputs will be a dataframe of zeros lled with ones to indicate the presence
of the R peaks and a dictionary with the samples at which the R peaks occur. In general, this approach detects
the QRS complexes based on the steepness of the absolute gradient of the signal and, then, de nes the R peaks
as the local maxima in each complex. Specically, when the absolute gradient is computed, two smoothing
operations are implemented: rstly, a moving average lIter is applied, followed by another smoothing process
with a larger window, resulting in an overall average gradient. The smoothing process is necessary to reduce
sharp variations related to high-frequency noises and small uctuations, as the gradient alone would detect every
point related to rapid changes. The QRS complex is intercepted every time the smoothed gradient exceeds a
certain threshold, and its start and end points are then established. The local maxima are found through the
scipy.signal. nd_peaks function as the elements characterized by the highest prominence. Some restrictions
are introduced to not mistakenly consider noise as peaks: the QRS complex has to exceed a speci ed duration
to be considered as such, and the R peaks have to maintain a minimum distance from each other. For our
purposes, parameters such as the smoothing window size, the averaging window size, the threshold weight, and
the minimum QRS complex length are kept at the default values de ned by the neurokit2 package.

However, while neurokit2's peak detector performs e ectively for signals that exhibit a regular heart rate, its
accuracy decreases in cases of irregular rhythms. For tachycardic signals, it often fails to detect the R peaks,
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while for bradycardic signals, it may incorrectly identify non-existent R values. To address these limitations,
an Input Window has been implemented, enabling the user to manually input the minimum delay between R
peaks (in seconds) and an amplitude threshold (in microvolts), ensuring that only the peaks exceeding these
values are retained. If no input is provided, the default values of 0.3s and 0.7 times the mean amplitude of all
detected R peaks are considered. This ltering process is essential for generalizing peak detection across all
types of signals, ensuring that the software can accurately handle both regular and irregular signals.

Unluckily, ecg_peaksdefault method isn't properly described in any paper, but a validation of the algorithm
exists [27], since the procedure is inspired by the implementation made fdviopeaks a graphical user interface
(GUI) for features extraction from biological signals.

ecg_delineate delineates the di erent waves of the cardiac cycle, requesting in input the samples at which the
R peaks occur - found with the previous function-, and the method, which here is kept at default aslwt, which
exploits the discrete wavelet transform (DWT). The DWT is a transform that o ers resolution both in time

and frequency. Its application consists of decomposing a signal into a low-frequency part - the approximation-
and a high-frequency component - the detail. Distinct multiscale wavelet transforms are obtained at di erent
degrees of scale. The resulting matrix with the DWT at di erent resolutions is used then for all the functions
described in the next lines.

If the R peaks haven't been already computed,ecg_delineate is able to deal with it independently, exploiting
the ecg_peaksfunction as a rst step. The waves are located after a resampling procedure, which means that
the sampling rate in input and the one used for analysis di er from each other, as the latter is set to 2kHz
by default. The resampling procedure is necessary to have a better delineation of the waves as better detail is
provided. Successively, the following parameters used in the DWT are adjusted based on the average R peaks
rate in bpm and on the sampling rate: the time window used for the analysis and the scale of the DWT, which
de nes the level of resolution at which the signal is analyzed. The T and P peaks are found by analyzing
the relationship between the already detected R peaks, the morphology of the ECG signal, and various found
peaks. In particular, they are de ned as the local maxima found in the wavelet transformed data inside a
certain boundary around the R peaks, still through the scipy.signal. nd_peaks function. The waves have to
respect a certain morphology of the signal based on positive-negative transitions to pass from being de ned
as candidate_peaksto actual ones, making the function more robust. The onsets and o sets of the P and T
waves are detected by examining the intervals around the peaks, looking for the points where the signal crosses
a certain threshold. To obtain a good result, the approximated width of the QRS complex, the estimated
durations of the P-R and R-T intervals, the wavelet scales, and the threshold weight for detecting T and P are
initialized before. For what concerns the bounds of the QRS complex, the function searches for the onset by
analyzing the wavelet scales associated with sharp changes in the ECG, while the o set is found in between the
transitions in the wavelet signal coming after the end of the QRS complex. The Q and S peaks are manually
found: a segmentation is applied with respect to the already existing R peak, and the peaks are de ned as so
with respect to a certain threshold.

The outputs of the function are the indices related to the peaks, and the onsets and o sets characterizing the
waves, all saved in a nested dictionary. Despite the simplicity, robustness, and velocity of thecg_delineate
function, some negative remarks have to be mentioned: the function doesn't have a fallback method, which
means that the current algorithm searches for the best tting even if no peaks are actually present; moreover,
only the positive peak related to the T wave is detected, meaning that any negative or biphasic behaviors
remain undetected. Although the P peak is not cited in the literature as present in the signals related to the
cardiomyocytes cultured in-vitro, most of our signals show a small wave before some QRS complexes, which
is here calledpre-potential. Given that a segment traces the values between each T peak and its successive R
peak, in this work the pre-potential is identi ed as the detected P peak that goes beyond a threshold, chosen
as the maximum value between the mean value of the segment and the product of 3 for the standard deviation
computed over the same segment. The mindset operated during the development &fEABeat lays on the idea
that it is preferable to detect fewer peaks, rather than nding more erroneous peaks than the existing ones.
When the Compute peaksoption is selected, the R peaks are displayed on each expanded subplot. A slight
shift can be observed in this plotting procedure, since the sample values corresponding to the peaks have to be
rounded to integers to serve as indices. Only the maximum positive peak is displayed to prevent unnecessary
overwhelming in the visualization. However, if desired, plotting the other peaks can be easily enabled, as they
are also computed at this stage.

Furthermore, selecting Compute peaksalso triggers the computation of the average rate. In this case, the
ecg_rate function from neurokit2 is exploited, which computes the signal rate per minute from a series of given
peaks, the ltered R peaks in our case. Given that the period is equal to the time between these peaks, the
result is a rate of 60/period computed for each period. As this information is not useful for our purposes, the
result is averaged over the whole signal to obtain the average rate in bpm, and the latter is divided by 60 to
obtain the average frequency in Hz.

The following image shows the owchart related to the Main Menu, which includes the plotting of the im-
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ported data, the Itering process and the computation of the peaks:

Figure 8: Flowchart of Main menu option.

Exclude Electrodes. This option has been implemented based on a request made by the co-advisor of the
IRCSS San Ra aele Hospital, as some electrodes proved to either not capture any signi cant signal or to be
corrupted by excessive noise. This feature not only helps to exclude irrelevant data from the analysis but also
reduces the computational load. Two alternatives are available: manual exclusion or frequency-based exclusion
of electrodes. In theManual Exclusion option, a window showing all the electrode headers appears, allowing
the user to deselect those to be excluded from the visualization and the analysis. ABxclude All button is also
provided to deselect all the electrodes at once. Meanwhile, when selectirfgequency-based Exclusionthe user

is prompted to input a bpm threshold. All the electrodes with a bpm value lower than the speci ed threshold
are excluded from the analysis.

In both cases, the exclusion is accomplished by replacing the original list of electrode headers with an updated
one including only the remaining electrodes. This allows the software to keep in memory only the electrodes
that have been chosen for the analyses and plot them, enabling also repeated exclusions. The plotting grid is
adapted to the remaining subplots. The table within the GUI displaying the analysis results is also dynamically
updated each time an electrode is excluded. The key di erence between the two methods is that the manual
exclusion can be applied without requiring the peak detection, whereas the computation of the peaks and the
relative bpm values is a necessary step before applying the frequency-based exclusion.

Peaks Analysis. The estimated peaks can be used to conduct various standard analyses on the signals.
The rate values, expressed both in bpm and in Hz, can be visualized, along with the number of pre-potentials
detected in each signal. Counting the pre-potentials entails their plotting on the expanded subplots. Addition-
ally, the average ISI can be computed as the time di erence between each consecutive spike, averaged over the
whole signal. These analyses o er valuable insights into the functioning of hiPSC-CMs, as they help assess the
presence of abnormalities in their behavior.

The last two subsections are detailed in the following owcharts:
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Figure 9: Flowchart of Exclude Electrodes(up) and Peaks Analysis(down) menu options.

Statistical Measures and Relational Analysis (10). Several statistical measurements are applied to the
signi cant portions of the signals, focusing speci cally on a window surrounding the R peaks. This targeted
approach improves the accuracy and relevance of the results by concentrating on the most critical parts of the
signals. The standard deviation (std), median, variance, minimum and maximum values are calculated using
the relevant functions from the numpy package. The mode of each signal is determined using theumpy.unique
function, which returns the number of times each unique item appears in an array. The mode, being the most
frequently occurring value, is identi ed as the value with the highest counts.
The umbrella term Relational Analysis includes two technigues to measure the Cross-Correlation, besides the
Transfer Entropy and the Mean Shift between two di erent signals. In classical terms, Cross-Correlation mea-
sures the similarity between two signals by revealing how much one signal correlates with another shifted signal.
For this analysis, the numpy.corrcoef function is used, in order to facilitate the user's understanding, since
the result is displayed as a score. This linear correlation coe cient, also known as the Pearson correlation
coe cient, quanti es the strength and direction of the linear relationship between two signals. It is computed
using the formula:

Rj = 9770”

Cii Cjj

The formula expresses the ratio of the covariance matrix between the two signals to the square root of the
product of their variances, providing a normalized value that ranges between -1 and 1.
MEABeat also provides an additional method for measuring the Cross-Correlation, inspired by the work of
Pastore et al. [28]. In this approach, the Cross-Correlation is computed as:

P
i Nspikes (ti 2 [tjn+ lag W, tj + lag+ WJ))
P
N1 N2

CC=
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The formula represents the number of spikes in one signal that occur within a speci ed cross-correlation window
around each spike in a second signal, normalized by the square root of the product of the total number of spikes
in both signals. This method provides a temporal relationship of proximity between the two signals, measuring
how frequently spikes from both signals occur simultaneously or within the same time window. The value of
this measure ranges from 0 to 1, and it's the result of considering only a time-lag equal to 0.
A cross-correlogram can be constructed by using these correlation values for various time-lags, and visualized if
desired. The cross-correlogram is a graph representing the relationship between signals over time and requires
the de nition of a cross-correlation window and a range of time-lags to consider. The peaks in the chart are
associated with the time-lags where the signals are most strongly correlated.
The Mean Shift is calculated by considering the latter cross-correlation values across various time-lags and
computing their weighted average:
P max_lag

K= max_lag

P max_lag
k= max_lag

k Correlogram(k)
MS =

Correlogram(k)

Each lag is multiplied by its corresponding correlation value, and then the sum of these products is divided by
the sum of all the correlation values.

Finally, the Transfer Entropy measurement is also incorporated, which is inspired by the method adopted by
Pastore et al., too. Transfer Entropy detects the information transferred between two signals, indicating whether
the activity recorded by one electrode is in uenced by the activity of another. A reference signal, its shifted
version, and a target signal are considered, and their peaks' information is binarized into spike trains. The
Transfer Entropy is de ned by the formula:

X
TE@ = p(x2;X1;y1) log 006 ] X2)

X2;X13¥1

The formula computes the weighted sum of the joint probability distribution of the variables, multiplied by

the logarithm of the ratio between two conditional probabilities. The numerator p(x, j X1;y1) represents the
conditional probability of the future state of j ( x2) given its past state (x;) and the current state of i (y1),
capturing the in uence of i and the past state of j on its future behavior. The denominator represents the
conditional probability of ( x2) given (x1), re ecting the in uence of j on itself. In this implementation, the
conditional probabilities are simpli ed into joint probabilities, which express the likelihood of two or more
events occurring simultaneously. The results range from 0 to 1.

Since these measurements are sensitive to the choice of a reference electrode, the software tracks the order of
selection of the two electrodes to analyze, and a window displaying the analysis results appears.

Figure 10: Flowchart of Statistical Measures and Relational Analysismenu option.

Propagation Heatmap. = When the Propagation Analysis is initiated, an input dialog prompts the user to enter
the correlation window and occurrence threshold values. The correlation window de nes the interval around the
reference peaks within which the time-lags of the other electrodes are computed at each beat. The threshold
Iters out the electrodes that have a percentage of peaks below a speci ed threshold relative to the maximum
peak count. If nothing is input, the algorithm considers the default values of 100ms and 70%. Using these
values, the time-lags of the remaining electrodes are computed in the background with respect to the reference
electrode, which is the electrode with the highest R peak count. These time-lag values are normalized based
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on the reference R peak times, and the sorted peaks are saved in a dataframe that records both the electrode
names and corresponding time-lags. The mean time-lag values are displayed in a table, with an asterisk marking
the estimated pacemaker, de ned as the electrode that activates rst among all electrodes. At this point, the
user can choose to save the table in an Excel le for further analysis in the desired directory or to display the
related propagation heatmap. If the latter option is selected, the user is informed of the estimated pacemaker's
name and asked for con rmation to proceed with the heatmap display. Upon con rmation, the same process is
repeated, now considering the pacemaker as the system reference. With this new plotting logic, each signal's
coordinates are re-assigned to their respective electrodes. This procedure is repeated for each reference peak
until the maximum peak count is reached. To visualize this dynamic propagation, a heatmap and a colorbar are
generated, updating continuously at each peak computation through thematplotlib.animation.FuncAnimation
function. The probable pacemaker is highlighted with a marker, and the electrodes without any R peak within
the specied interval around the reference peak are excluded from visualization. The colorbar shows only
positive values, with zero set at the pacemaker.

The owchart related to the Propagation Analysis menu is here depicted:

Figure 11: Flowchart of Propagation Analysis menu option.

Waveform Analysis  (13). In the MEABeat software, the analysis based on the morphology of the waves
characterizing the signals is conducted on the averaged signals to reduce the noise contribution and to isolate
the waveform of interest. Therefore, it is mandatory to select theAverage complexeption prior to conducting
any analysis on the waveforms. Moreover, it's necessary to have already computed the R peaks of the signals
to apply the averaging process.

Before performing the actual averaging process on each signal, the average ISI is computed and used to de ne
a dynamic window surrounding the R peaks, emphasizing the waveform of interest. It is evident that if the
ISI value is characterized by high variability, its mean value won't capture it and the averaging result could be

a ected. For this reason, the Coe cient of Variation (CV) of the ISl is computed as:

cv = o tdn(ls:)3|.
n i=1 [
The formula measures the amount of variability in a signal as the standard deviation of the ISI divided by its
mean [29]. In deterministic signals, a CV value <0.5 is expected [30], and so the window size parameter is
simply set as equal to half of the mean ISl for regular signals. A xed window size of 100 ms is assigned to
tachycardic signals, which are the most challenging signals to accurately characterize. This window size is used
to isolate the complexes, which are then aligned and averaged point by point, while ignoring nan values. The
resulting averaged complex is repeated 10 times by default to create a new arragveraging_duplicated which
assists in peak detection, as neurokit2's functions don't work reliably with small sample sizes. Despite this,
neurokit2 was still opted to ensure consistency in peak detection throughout this thesis analyses and to avoid
the need for extensive customizations that would be required if usingcipy. nd_peaks only, which could impede
the generalization of this work.
The R peaks are found throughecg_peakswith the same constrictions cited before, whileecg_delineate is used
to nd the R onset - the Q peak in a classical ECG signal-, the S peak and the T peak. To correctly align
the found peaks with the displayed averaged signal, the peaks from a speci c wave are selected, and the start
of the complex is subtracted from their indices, assuming a perfect repetition of the original averaged signal,
and so the same length for each complex. For what concerns the T peak in general, sineeg_delineate only
detects the main positive peak within the T wave, and since it is known that the T wave can be characterized
by a monophasic behavior - positive or negative- or a biphasic behavior, an additional detection is performed
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to enhance the last peak characterizing the wave. Firstly, all the positive and negative peaks in the signal
are detected through scipy. nd_peaks, then concatenated and sorted. The new T peak is de ned as the rst
signi cant peak with an index greater than the previously found one and an amplitude greater than a pre-
de ned threshold, selected as a compromise between e ectively identifying high amplitude values while still
functioning well with signals that present small T waves or noisy behavior. If no signi cant peak is identi ed,
the T peak remains unchanged. This approach works e ciently when the T wave exhibits a simple positive
monophasic pattern or a positive-negative biphasic wave. However, it can encounter some di culties when
dealing with negative monophasic waves or negative-positive waves, a&g_delineate is designed to detect any
positive wave immediately following the S peak, resulting in some wrong assumptions in some cases. Moreover,
some erroneous detections could be made on non- Itered signals. Despite these limitations, this method remains
the most reliable approach for T wave detection that could be thought of.

To deal with tachycardic signals - one of the primary challenges for this algorithm-, a fallback method is included:

if neurokit2 fails to accurately detect the peaks in the averaged waves, the R peak is de ned as the maximum
amplitude value in the signal, and scipy. nd_peaks is used to identify all the positive and negative peaks in
the signal. Subsequently, the R onset is set as the last negative peak before the R peak, the S peak is de ned
as the rst negative peak after the R peak, and the T peak is identi ed as the last absolute peak respecting a
threshold. The fallback method is called also when there's an error in the re-alignment between the peaks and
the averaged waveform.

All the peaks are saved in a nested dictionary, enabling a clear distinction between those identi ed in the
averaged signals and the peaks found in the original signal during both the plotting and analysis phases. The
peak computation is triggered together with the averaging process and, once completed, these substitute the
original subplots. As for the peaks detected in the original signal, the code related to the plot initiates the
drawing of the peaks by rounding their values to the nearest integer value, removing nan values, and ensuring
that they remain within bounds. Additionally, as with the original peaks, a legend is provided for clarity during
visualization.

The rst analysis that can be conducted on the averaged signals is thd?eak-to-Peak measurement, computed
as the di erence between the amplitude value of the R peak and the amplitude value of the S peak.

The T wave amplitude can be calculated using di erent approaches depending on the comparison between the
T peak detected byecg_delineate and the one saved. If the two peaks di er, the T wave amplitude is computed
as their absolute dierence. This approach works well for biphasic positive-negative waves and monophasic
negative waves, sinceecg_delineate often identi es any positive point after the S peak as the T peak, which
usually corresponds to the baseline, making this method appropriate for the negative monophasic cases. On the
other hand, if the T peaks coincide, the algorithm searches for a negative peak preceding the T peak. If such a
negative peak is found, the T wave amplitude is computed as the absolute di erence between the T peak and
the preceding negative peak. If no negative peak is identi ed, the T wave amplitude is measured as the T peak's
amplitude relative to the baseline, de ned as the mean of the signal's initial segment. As a result, the latter
approach works well for biphasic negative-positive waves and monophasic positive waves. This method relies
heavily on the accuracy of the peak detection done during the averaging phase, which, as previously noted, is
not particularly robust for non- Itered and tachycardic signals. As a result, some imprecise measurements can
occur. In particular, the use of the fallback method prevents the computation of this parameter. Despite the
limitations, computing this parameter felt necessary due to the signi cant importance of the T wave in literature.
For instance, Balafkan et al. [11] correlate the T wave amplitude with the Field Potential Amplitude. This
highlights the importance of improving the assessment of this value, as it plays a critical role in understanding
the electrophysiological behavior of hiPSC-CMs.

The Field Potential Duration is computed as the time interval between the R peak and the T wave o set. The

R peak is used as the initial point, as recommended byardio PyMEA and [31], and is a compromise between
[11, 32] choice of the S peak as the starting point, and [33, 34] consideration of the R onset value. The T o set
value is computed considering the Trapezium's Area (TRA) method, de ned by R Vazquez-Seisdedos et al.[35].
In order to use this approach, in the case of a biphasic T wave, the T peak has to be de ned as the last peak in
the wave, justifying the method used before in the peak detection. Firstly, a xed vertex(Xm;Ym) is determined
as the point with the highest absolute derivative within a window after the T peak. If the T peak is negative,
the gradient is positive and the maximum value in the window is selected; if the T peak is positive, the gradient
is negative and the minimum value is used. An additional xed vertex (X,;y;) is set in the interval after the
end of the T wave, usually positioned 200 to 400 ms after the T peak. The windows used to search for these
points are dynamically adjusted based on the length of the averaged signal, in order to have a more generalized
approach. Finally, the mobile vertex (x;;y;) is located between the two xed points, and the trapezium area is
computed using the following formula:

A=05@Wm Vi)2X Xi Xm)

The T oset is identi ed as the mobile point that provides the maximum area. Since the analyzed signals
produce very small amplitude values for(yn Vi), often resulting in an area value of zero, the analysis is
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conducted on a magni ed version of the signal to improve precision. In the following image, the procedure is
detailed:

Figure 12: TRA method for the determination of the T o set. Left: Demonstration on monophasic T
waves. Right: Demonstration on a biphasic positive-negative T wave.

Ultimately, during the morphological analysis, it is also possible to calculate thecorrected FPD using Fridericia's

formula:
FPD

isi 3
1000

This formula provides a clearer understanding of the trends in the results. In particular, a value greater than 0.43
is classi ed as prolonged [32, 36]. Although this formula is primarily used for assessing QT interval anomalies in
standard ECG signals, its computation is kept in MEABeat to potentially support future applications in heart
slice analyses.

CFPD =

Figure 13: Flowchart of Waveform Analysis menu option.

Results. The analysis results are displayed in a table within the GUI, considering only the non-excluded elec-
trodes. Each time a new computation is completed, a new results column is added to the table. If an analysis
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is repeated following data changes - like the exclusion of other electrodes or a Itering process-, the table is also
updated with the latest results. This design allows for quick and e cient visualization of the results for the
electrodes of interest. Nested dictionaries are unpacked, with each value shown separately in the table. Addi-
tionally, the user has the option to save the table in an Excel format, with complete control over the directory
where the le is saved. This functionality ensures exibility and ease of access to data for further analysis or
comparisons.

Comparison of results. The user can select two Excel les for result comparison. The common parame-
ters and electrode names between the two les are identi ed and stored, with only the parameters with at least
four common electrodes being retained to ensure the comparisons are based on su cient data. The comparison
focuses on the mean value of each valid parameter across all valid electrodes, providing a concise overview
of the results. This process relies heavily on the user's discretion to verify which electrodes are suitable for
analysis, as including irrelevant or noisy electrodes could bias the nal mean values and compromise the com-
parison's reliability. The comparison between Excel les can be triggered at any time, makingMEABeat useful

for comparison purposes alone, without requiring additional analyses. The resulting mean values for each pa-
rameter can be saved on an Excel le for further comparative analysis. The comparison feature is essential for
experiments where the behavior of the hiPSC-CMs is compared before and after a test to identify any anomalies.

All the analysis parameters implemented in this software were determined in collaboration with the co-advisors
and were inspired by the literature practices, ensuring that the methods align with both expert guidance and
current research methods.

3. Results

3.1. GUI

The graphical user interface ofMEABeat is entirely built using PyQt5, a comprehensive set of Python bindings
of the Qt GUI toolkit. This choice was made because of the extensive presence of di erent modules, as well as
the wide availability of online support. Most features are implemented as threads, which in Python indicate
separate ows of execution, allowing for multiple tasks to run simultaneously.

The menu settings of the GUI are inspired by the Cardio PyMEA's ones. Some windows feature a Question
Mark icon, which triggers an explanatory box when clicked. This addition helps clarify more complex processes
for users by providing further explanation of their functionality. Most windows also include standard X icons
for easy exit. When these are not present, a modal environment is created, which means that the interactions
with other windows are blocked till the current ones don't close, to not overwhelm the system's functioning.
The appearance ofMEABeat can be visualized in the next gures.
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Figure 14: File dialog window that appears when selecting th®pen File submenu option of theFile
menu option. The user can select a .txt le or any other type. MEABeat supports .txt les generated
through MC_DataTool for analysis. Only one le at a time can be selected and imported. TheéNo

le imported label is substituted by the le's name once the data loading is completed, allowing the
user to keep track of the le under analysis when long analyses or analyses made on many les are

conducted.

Figure 15: Result of thePlot Original Data option. The Main menu is composed of this option[ilter
Data and Compute Peakssince plotting the data and computing the R peaks are mandatory steps for
further analyses, while the ltering process is strongly suggested. Notice that only the rst thousand
points are plotted when the plot is displayed following the standard MEA con guration. Moreover,
when the data are imported, a table with the sorted electrodes' names appears in the GUI, which will

be then populated with the corresponding analysis results.
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Figure 16: Input Dialog window Insert Frequenciesappearing when theCustomize Butterworth Filter
option in the ComboBox is applied. The user has to insert the low and high cut-o frequencies of the
second order bandpass Butterworth Filter. In the ComboBox other Iters can be chosen and applied
instead of/additionally to this customized option.

Figure 17: Left: Input Dialog prompting the user to insert the minimum distance between R peaks
and the amplitude threshold to consider in the R peak detection phase. This window appears when
selecting the Compute Peaksoption of the Main menu. Right: Result of Compute Peaksand Count
Pre-potentials on El_58 expanded. Notice how, despite the irregularity of the signal, the R peaks are
correctly detected. The Navigation Toolbar and the Compute Distancebutton appear when a subplot
is expanded.
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Figure 18: Upper left: Input Dialog prompting the user to insert the correlation window and occurrence
threshold values, together with an exhaustive explanation. This window appears when selecting the
Propagation Analysis and Heatmapoption of the Propagation Analysis menu. Upper right: Resulting
table showing the mean time-lags values in ms. The two button§&ave Tableand Show Heatmapallow

the user to deepen the analysisUpper left central: Message Box declaring the estimated pacemaker
and asking the user for con rmation of displaying the heatmap. Down: Propagation heatmap continu-
ously updating at each peak, here shown for the reference Peak 10. A colorbar is present, representing
the time-lags in ms characterizing the electrodes spiking activity with respect to the reference elec-
trode. The X and Y coordinates are referred to the MEA measurements. The estimated pacemaker is
highlighted with a pink marker, here El_28.
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