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Abstract

Building virtual databases of computational cell mod-
els using the population of models (POM) approach is be-
coming a widely adopted in silico procedure, to account
for the inherent variability of the cells within the cardio-
vascular system. Despite its popularity, POM implementa-
tions have remained as in-house tools, with no open-source
tools available for the community. This is not only ineffi-
cient, but leaves significant room for mistakes and misun-
derstandings. To address this, we introduce POMtool: a
Python-based open-source tool to generate and handle the
entire process of population generation. POMtool han-
dles the running of any type of model based on a user
defining their model’s command-line interface, exposing
the model parameters, selecting biomarkers, and select-
ing valid ranges for calibration. POMtool also supports
user-controlled task partitioning for distributed cluster ex-
ecution. We demonstrate the use of the POMt ool by cre-
ating a population of human induced pluripotent stem cell-
devived cardiomyocyte models with Long QT syndrome
Type 2 based on our earlier hiMCES MATLAB model. The
POMt ool results are reproducible with a simple configu-
ration file, regardless of the underlying model, the model
implementation language, or the computational environ-
ment.

1. Introduction

In vitro investigations form the backbone of under-
standing biological mechanisms. The throughput of those
experiments is limited however, owing to experimen-
tal equipment, biological material, and human labor [1].
Computational modeling and simulation, or in silico stud-
ies have thus emerged as an important complement to in
vitro experiments. A single in silico model, such as a
model of cardiomyocyte, represents the average behavior
that is fitted to the available in vitro data sets, omitting the
inherit variability of biological systems. A population of
models (POM) approach addresses that major limitation
[2,3], by creating a database of models that are parameter
variations of the initial model. Until very recently, POM
studies have been carried out with in-house scripts, while

the first openly available software with such functionality,
like openCARP [4], are just being rolled out. As the use
of in-house developed packages can be labor intensive, a
common tool for everyone to use would be beneficial.

Producing population of model requires several steps
depending on the starting point. Model fitting is done to
bridge gaps of measured phenomena and understood phe-
nomena; we use observations, to make our model fit those
observations. In a sensitivity analysis (SA), the affect of
each parameter on the model output is analyzed. A SA
can either be local, or global. In a local SA, the effect of
each parameter is observed individually. This might not
be enough, as the parameters might affect each other, to
detect this, a global sensitivity analysis is required. In a
global SA, the combined changes of multiple parameters
are analyzed together to determine the contribution of each
parameter [5]. In a POM, first the base model, obtained as
described above, is expanded by creating sets of varied in-
ternal parameters that inform the initial population. Alter-
ing its internal parameters, creating an initial population.
Parameter ranges for the initial population is based on the
e.g. uncertainty of the parameter values and know limits of
the system. After this, the initial population is calibrated to
fit the acceptable biomarker output range, generating mod-
els that are different in function, but that produce responses
that are in the biologically expected range.

There is currently no single tool that can handle the en-
tire POM process as briefly described above. Here, we
introduce and demonstrate POMt ool which is a Python-
based open-source tool for producing, calibrating, and
sharing POMs as well as model fitting and producing SA.

2. Methods and materials

The development and design procedure used in making
the POMt ool is described in section 2.1, followed by the
demonstration implementation procedure in section 2.2.

2.1. POMtool components

POMtool has been created to bridge the gap between
an exposed model and computational methodology.

In a generalized example of POMtool, the computa-
tional model f is used to describe biomechanical function,
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which can be used to map the whole process, from param-
eters to measured features.

User defined configuration control POMtool behav-
ior. The user is required to define f, so that it can be called
via the command line. In addition, the user defines the pa-
rameters X that must to be exposed, and how the y can be
accessed. The POMt ool has defined standard ¢ for typical
[6,7], and custom ¢ can be defined by the user, to account
for more complex features.

POMtool handles x generation for optimization, sensi-
tivity analysis through a user defined configuration file. If
needed, custom X can also be used. By default, results are
collected to unique directories, and the models can thus be
run simultaneously using multiple machines or threads.

Sobol sensitivity analysis is a global sensitivity analy-
sis approach that can be utilized to determine which pa-
rameters are meaningful. It describes first order effects,
and total order effect by calculating Sobol indices [8].

Init, two independent matrices A and B are constructed
of size N x K
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This means that each constructed matrix is indepen-

dently distributed in a similar way, but have a different
realization [9]. However, between matrices, only single
parameter has been changed. We then calculate variance,
and Sobol indexes:
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where \S; describes first order effect, and St tells total
effect for x; [8].

The Differential evolution (DE) optimization algorithm
is designed for global optimization [10]. As such, it is
effective at minimizing the loss function, while avoiding
local optimal solutions. DE starts with candidate solu-
tions, and through small iterations evolves the parameters

stochastically. Each generation mutates randomly some of
the values, and selects either to keep or discard previous
sample based on the fitness [10].

Latin hypercube sampling (LHS) is an improvement
to random sampling, where selected samples are stratified
to fill space completely [11], allowing better coverage of
the target space with limited amount of total samples. This
can be used it to generate parameters for the population.
[11].

Calibration in POM is performed after initial popu-
lation is created, for example using LHS. User defined
biomarker z ranges are used get the final POM where each
sample is a valid model.

2.2.  Demonstration of POMtool

To demonstrate POMt ool we created a population for
mutation Long QT syndrome Type 2 (LQT2) [12,13] using
a well established human induced pluripontent cardiomy-
ocyte (hiPSC-Cm) in silico model hiMCES [14].

LQT?2 is a disease subtype caused by loss-of-function
mutation in KCNH2 gene, which, among other things, de-
lays ventricular repolarization [12]. LQT2 is shown to
increase action potential duration at 90% repolarization
(APD90) by 20.53% [13]. This is a straightforward mu-
tation, chosen to demonstrate the POMtool workflow and
capabilities.

Demonstration of the workflow is done in three stages
(see Figure 1). Firstly, a sensitivity analysis is performed
for the parameters known to be affected by the mutation.
This information is then utilized, to select optimization
parameters that will be used in fitting the disease model.
Lastly, this model is expanded to a POM to have the full
LQT?2 population.

Our first task is to define our f, which is a MATLAB
implementation of hiMCES [14], and our ¢, which is used
to acquire our selected biomarker z APD90. In addition,
the inputs need to be exposed for input modifiers, and the
outputs need to be defined to be saved, namely in here , the
time and membrane potential that are required to calculate
APDO0. In this example We expose the Potassium delayer
rectifier (I i,), Sodium channel({y,), and Sodium Potas-
sium exchanger (¢, ) gains to be modified. The first is
chosen for its known affect in the LQT2 [12, 13], and later
two are chosen for their direct affect to APD90. We thus
expect that in the population, these parameters be altered.

The second task is a SA, which we perform in order to
decide between Iy, and Inc,. The goal is to pick the
parameter for optimization that has a similar effect to the
Ix,. We select 128 to be our K, it is large enough for
demonstration purposes and quick to generate. For SA,
APD90 values corresponding to non-beating simulations
are assigned the value 0.

In the third step, base model optimization, we expect to



Expose single cell model

Sobol sensitivity

Find effect of each
parameter

i ; Identify optimization
Configure inputs candidate

and outputs

Select interesting
parameters

Select expansion
range to parameters

Select target Generate candidates

Find parameters that
produce biomarker

Select calibration
range to biomarkers

Figure 1. Demonstration workflow: Expose workflow
(model as described in [14]), sensitivity analysis, optimiza-
tion, and population of models

find a fitted disease model, that corresponds to a 20.53%
increase in APD90 from the control. In our case, that
means from controls 469 ms to 564 ms in LQT2. To fit the
model, we use gains selected Sobol SA, with differential
evolution algorithm.

In POM, we want to expand all of our parame-
ters, from the fitted disease model, to all in our range.
We will use LHS to acquire candidate population of
size 1000 expand our initial fitted model. In this
demonstration, we chose following expansion ranges [,
50% - 150%, Ino 75% - 125%, and Inc. 75% -
125%. Prioritization is given to changes in If,, with
wider range. Calibration is performed with classifica-
tions healthy (APD90 € [422ms, 516 ms)) and LQT2
(APD90 € [516 ms, 621 ms])).

3. Results

This section describes our primary result POMt oo1, and
results of demonstration.

3.1. POMtool

POMt ool has been implemented in Python, and is pub-
licly availableathttps://github.com/TAU-CBIG/
POMtool with permissive MIT license. The repository
itself contains examples on its use, as well as how its re-
sults and processes can be shared and reproduced by other
users. It has been designed to be modular and expandable,

to meet varied needs of researches.

3.2. Demonstration

With the Sobol SA (Figure 2) of the demonstration
LQT2 case, we determined that Iy, has a similar range
to that of Ix,. With a total of 640 runs in the SA, 113 of
which did not have spontaneous beating. Out of 128 Sobol
rows, there were a total of 80 completely valid rows (with
all A, and B and intersection being valid).
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Figure 2. Sobol sensitivity analysis of APD90 sensitivity
to parameter changes. S1 (left) shows the first order ef-
fects, ST (right) marks the total effect.

For fitting the model to the LQT?2 base model, we used
channels Ix, and Iy,. Changes to I ¢, would dominate
too greatly, resulting in changes to I, being insignificant.
Reaching the 7th iteration, we achieved a mean square er-
ror 0.0118 with a total of 331 runs. Table 1 shows the
result.

Variable Description LQT2  POM range
I, K delayer rectifier 0.657 50 % - 150 %
Ing Na channel 1.001 75 % -125 %

Incae Na K exchanger 1 75 % - 125 %
Table 1. Model parameters with their typical variable

name, description, the fitted LQT2 disease model, and
POM expansion range

The POM was generated from the LQT2 base model
with a LHS of size 1000 x 3 (the ranges for parameters are
shown in Table 1). After calibrating the resulting popula-
tion and displaying both healthy and LQT2 ranges, we ob-
tained 249 models that were within the healthy biomarker
range, 471 within the LQT2 biomarker range, and 280
models not representing neither case. The resulting popu-
lations are shown in Figure 3.

4. Conclusion and outlook

POMtool is available https://github.com/
TAU-CBIG/POMtool along with the shown demonstra-
tion.
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Figure 3. Candidate in silico cells characterized by the ac-
tion potential in the generated population. Calibrated sub-
populations are color coded: green = models with healthy
biomarkers, red = LQT2, and gray = discarded as being out
of physiological range.

The tool enables researches to run their model with dif-
ferent parameters sets, for the purposes of creating a POM,
SA, or fitting their models. It selects parameters, calculates
biomarkers, and prunes the populations. POMtool addi-
tionally enables researchers to sharing and reproduction of
work more easily.

POMtool will be in active development with permis-
sive open-source license, and welcomes pull requests, is-
sues, and feedback. Usability issues will take priority, as
the goal is to make tool efficient to use with as little as pos-
sible overhead. It is our hope, that the POMt ool will be-
come an integral tool on for running models, whether those
models are implemented with MATLAB, openCARP, or
any custom in-house tool. POMtool has integrated all
needs for creating a POM and offers standardized format to
describe studies where biological variability is introduced
to the models.
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