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Abstract

As cardiomyocyte models become more complex, effi-
cient optimization algorithms are increasingly important.
This study compares the performance and computational
cost of the genetic algorithm (GA), particle swarm opti-
mization (PSO), and sailfish optimization (SFO), for cal-
ibrating a coupled electro-chemo–mechanical cardiomy-
ocyte model of hypertrophic cardiomyopathy variants with
myosin binding protein C mutations c.772G>A (M1) and
Gln1061X (M2).
Model parameters were selected based on known
mutation-specific effects and a Morris sensitivity analy-
sis. Six contractile parameters were tuned for the six-
objective M1 variant, and seven electrophysiological pa-
rameters for the three-objective M2 variant. All optimiza-
tions stagnated, and 2-100% of Pareto solutions yielded
plausible values for over 74% of the assessed physio-
logical biomarkers. GA spacing was 67.9±28.5% and
98.2±4.6% lower than PSO or SFO spacing for M1 and
M2, respectively. On average, PSO ran over 20% faster
for M2, and SFO 35% faster for M1, with the seed affect-
ing run times significantly. GA showed minor advantage in
performance in solution diversity. Thus, careful objective
design and parameter selection may have a greater impact
on model calibration than the choice of optimization algo-
rithm.

1. Introduction

As computational modeling has become a prominent
tool for studying diverse pathophysiologies and drug re-
sponses, there is a need for a systematic approach to mod-
ify existing complex models to represent disease states
and the effects of different mutations [1]. Multiple pa-
rameter optimization methods have been developed in the
past, and some benchmarking of the these approaches has
been conducted in the context of ion channel modeling
[2]. Population-based methods are well-suited for multi-
objective optimization as they, by design, evaluate multi-
ple points in a parameter space and can provide an estimate

of the Pareto front with only a single run [3]. However, no
single optimization algorithm performs the best across all
problems [3, 4].

In this work, the performance of three population-based
metaheuristic algorithms, genetic algorithm (GA), par-
ticle swarm optimization (PSO), and sailfish optimiza-
tion (SFO) are compared in the context of including
two novel hypertrophic cardiomyopathy variants caused
by MYBPC3-c.772G>A (M1) and MYBPC3-Gln1061X
(M2) mutation to a coupled electro-chemo-mechanical
cardiomyocyte ODE model. GA, and PSO are well-
established algorithms used in multiple fields [5, 6]. To
the best of our knowledge, the applicability of more recent
SFO to systems biology problems has not previously been
evaluated.

2. Methods

Model and parameters: An electro–chemo–mechanical
human induced pluripotent stem cell derived cardiomy-
ocyte (hiPSC-CM) model that was calibrated is presented
in [7]. Model parameter candidates were selected based
on findings from studies conducted on M1 mutated ven-
tricular myocytes and hiPSC-CMs [8, 9], and M2 mutated
hiPSC-CMs [10, 11]. Morris method sensitivity analysis
was performed to further narrow the selection. For the M1
variant, the chosen parameters were knp, kpn, fapp, gapp,
gaslmod, hf, hfmdc, hb and gxb ; all of which are all linked
to the rate constants of cross-bridge transitions in the con-
tractile compartment of the model. For the M2 variant, the
chosen parameters were cell volume (Vc), membrane ca-
pacitance (Cm), conductance of L-type calcium channels
(gCaL), conductance of the pacemaker current (gf), the frac-
tion of gf attributed to sodium (fNa), and Ca2+ disassocia-
tion constant of SERCA-pump (kdcai).

Optimization: The gamultiobj MATLAB© func-
tion was used to perform GA optimization. PSO was based
on the method described in [12], and SFO was based on
the publicly shared SFO algorithm [13]. Both HCM vari-
ants had unique objective functions, based on differences
in average biomarker values in [8, 10]. For the M1 vari-
ant the optimization targets were: action potential am-



plitude (APA) variation within healthy range, a 65% in-
crease in action potential duration at 50 % repolarization
(APD50), a 69% increase in action potential duration at
90 % repolarization (APD90), a 47% increase in time from
maximum intracellular calcium to 50% relaxation (CaT
RT50), healthy average time from the maximum intracel-
lular calcium to 90% relaxation (CaT RT90), and the time
from maximum tension to 50% relaxation (AT RT50) to be
higher than the healthy average but lower than the healthy
upper limit. For the M2 variant, the targets were a 4% in-
crease in APA, APD50 within the healthy range, and a 17%
increase in APD90.

Before calculation of the objective function at each fit-
ness evaluation step, the model was run with the modified
parameters for 800 s to reach steady state. The model was
run in spontaneous mode for both variants, and for the M1
variant, it was also run with 1 Hz pacing, to calculate the
contractile element objective. Biomarkers were extracted
from 9 APs, CaTs, and tension cycles over the last 30 sec-
onds and compared to the target.

The initial parameter sets had boundaries of 20 % devia-
tion from the original parameter values, and the subsequent
iterations allowed ten-fold deviations.All the populations
had 100 individuals at the start of the optimization, SFO
having 20 sailfish and 80 sardines. Stopping condiitons
where a maximum number of iterations was 500 or if the
geometric average of the the relative change in the spread
was less than 10-4 over 100 iterations, and the final value
of the spread was less than the mean spread over the last
100 iterations. Each algorithm was executed 10 times, ini-
tializing the random number generator with rng function,
using a seed value corresponding to the run number.

Biomarker evaluation: The final Pareto front esti-
mates of each optimization run were screened based on
biomarker values extracted from 9 AP, CaT, and AT cycles
over the last 30 seconds of the simulation. From each op-
timization run, the solutions that met the most biomarker
conditions were accepted, with remainder were rejected.
For the M1 variant, mutation specific targets were APA
and peak intracellular calcium (Cai,max) within 1 % of base-
line, active tension amplitude (ATA) higher than baseline,
cell shortening less than baseline, and APD50, APD90, CaT
duration, CaT RT50, and CaT RT90 longer than baseline.
For the M2 variant the mutation specific targets were APA
and APD90 higher than baseline values, resting membrane
potential (MDP) and APD50 within 1 % of baseline, and
Cai,max and ATA within 50 % of baseline. If not otherwise
stated, other evaluated biomarkers were the MDP, peak
value of the action potential, action potential cycle length,
maximum upstroke velocity, action potential duration at
30 % repolarization, CaT time to peak, CaT rise times from
10 % to 50 and 90 % of the Cai,max, CaT decay time from
90 % to 10 % of Cai,max, CaT duration to 50 % and 90 %

decay, diastolic intracellular calcium, ATA, cell shortening
%, and AT RT50 that were considered acceptable if their
values were in healthy range based on [14–17].

Computing environment: In all simulations the system
of equations was solved using the ode15s integrator with
an initial step size of 2×10-5 and a maximum step size
of 1.5×10-2. All the optimizations were carried out us-
ing MATLAB® (The MathWorks, Inc., Natick, MA, USA)
in the computing cluster of Tampere Center for Scientific
Computing. Resources requested for the optimizations
were 64 GB of memory, 20 CPUs per task, and 13 days
of computation time.

3. Results

All the optimization runs stopped owing to reaching the
stagnation condition. For M1 optimization, the SFO was
significantly faster than GA, and PSO (p< 0.006) was over
50% faster on average. No significant differences were ob-
served in run times of GA and PSO for the M1 variant
optimization (p> 0.1). FOr M2 optimization, PSO was
faster than GA and SFO (p< 0.05) was over 20% faster
on average. There was no significant difference between
the run times of GA and SFO (p> 0.86). The number
of iterations followed the same trend and pattern of sta-
tistical significance as the run times. The memory us-
age was close to 44 GB in all the optimizations for both
variants, with no significant difference between algorithms
(p> 0.05). The number of solutions in the Pareto front es-
timate were significantly different between the algorithms
(p< 0.02); SFO having the least solutions along with the
widest spread as seen from Figure 1. GA had the lowest
median value for the spacing in both optimizations, and
the spacing values were significantly lower for GA com-
pared to PSO and SFO in the M2 optimization (two-way
ANOVA p< 0.002). The number of solutions in the Pareto
front estimates, and iterations before terminating, CPU run
times, and memory usages are presented in Table 1.

Biomarker-screened Pareto front estimates showed no
clear pattern of parameter acceptance. In accepted M1 so-
lutions, the number of biomarkers within the predefined
range were, 18±0, 18±1, and 18±1 for GA, PSO, and
SFO, respectively. In the M2, the corresponding values
were 16±1, 17±1, and 17±2. AP, CaT and AT traces of
all Pareto front solutions are presented in Figure 2.

4. Discussion and conclusion

For the M2 optimization, PSO algorithm was the fastest
with fewest iterations needed. For the M1 optimization,
SFO was the fastest with fewest iterations needed. How-
ever, the standard deviations of the run times were high as
seen in the Table 1. This suggests that the run times are
influenced by the initial values and the initialization of the



Table 1. Number of solutions in Pareto front estimate, number of iterations reached before terminating, memory usage,
and CPU run time of MYBPC3-c.772G>A and MYBPC3-Gln1061X optimizations using genetic algorithm (GA), particle
swarm optimization (PSO) and sailfish optimization (SFO).

GA PSO SFO
Number of solutions in
Pareto front estimate [#]

c.772G>A 35± 1 98± 5 32± 10
Gln1061X 31± 8 17± 4 10± 4

Last iteration [#] c.772G>A 156± 60 253± 178 112± 22
Gln1061X 175± 66 121± 36 217± 124

CPU time [h] c.772G>A 1925.71± 670.73 3232.84± 2372.53 945.10± 252.02
Gln1061X 868.94± 359.23 536.72± 144.01 902.40± 440.72

Memory used [GB] c.772G>A 44.66± 0.34 44.44± 0.43 44.24± 0.24
Gln1061X 43.78± 0.68 43.92± 0.83 44.18± 0.56
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Figure 1. Spacing values of the final Pareto front estimates
using genetic algorithm (GA), particle swarm optimiza-
tion (PSO) and sailfish optimization (SFO) to optimize for
(A) MYBPC3-c.772G>A, and (B) MYBPC3-Gln1061X
HCM variants. ** Two-way ANOVA p-value< 0.005,
**** Two-way ANOVA p-value< 5×10-5.

rng function. The total combined runtime or the slow-
est run time is more relevant than individual run times in
practice. Repeated optimizations with different seed val-
ues might be required, particularly as the outcomes also
varied between the runs. Since the required optimization
time is typically unknown beforehand [4], and the variation
in performance between the algorithms was of a similar
magnitude Less iterations used in GA and SFO optimiza-
tions of M1 optimization with more objectives compared
to M2 may be attributed to the relatively small influence
of the parameters on the AP and CaT in the M1 optimiza-
tion as indicated by Figure 2, despite having optimization
targets related to them.

We did not observe significant difference in memory us-
age, and therefore memory usage cannot be considered
a meaningful factor in optimization algorithm choice be-
tween GA, PSO and SFO. This may result from inefficient
storage of intermediate information, thereby masking dif-
ferences attributable to the algorithms themselves.

The highest number of Pareto front solutions was ob-
tained with the PSO, and GA algorithms in the M1, and
M2 optimization, respectively as seen from Table 1. Al-
though the number of Pareto front solutions is generally
expected to be maximized, a Pareto front with fewer solu-
tions may nevertheless outperform one with more solutions
[18]. The spacing value is used to evaluate the uniformity
of the solutions in the Pareto front, lower values reflect-
ing greater uniformity and considered desirable [18, 19].
GA achieved the lowest median spacing values in both op-
timizations (Figure 1), but no significant difference was
observed compared to PSO in the M1 optimization. The
results indicate that solutions of GA Pareto front are more
evenly spread.

It is often difficult to determine whether optimization
terminates due to local optima, convergence issues, or pa-
rameter non-identifiability [4]. The wide range observed
in the final Pareto front estimate parameters suggests the
presence of at least parameter non-identifiability. As Fig-
ure 2 illustrates, there are a large variations in the opti-
mized physiological traces in M2 optimization and active
tension of M1 optimization. For the M2 variant, some
traces are feasible. Owen et al. compared the performance
of optimization algorithms that have been previously ap-
plied to ion channel models, and found that the trust region
reflective (TRR), as described by Wilhelms et al. [20], per-
formed generally better [2]. However, their study did not
incorporate multiple objectives, making these findings not
directly applicable in the present context. Additional test-
ing is required to determine whether TRR performs better
in this context, and how optimizing algorithm parameters
affect the results.

Taken together, GA showed minor advantage in perfor-
mance in solution diversity compared to PSO and SFO.
However, the marginal differences in performance suggest
that careful objective design and parameter selection may
have a greater impact on model calibration than the choice
of optimization algorithm.



Figure 2. Membrane potential (A & D), intracellular calcium (B & E) and active tension (C & D) traces of genetic algorithm
(GA – -), particle swarm optimization (PSO - -), and sailfish optimization (SFO · · · ) solutions that passed the biomarker
check in MYBPC3-c.772G>A (A-C) and MYBPC3-Gln1061X (D-F) optimizations. The solutions that were rejected are
presented with gray (- -), and the healthy variant trace is presented with black (–).
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