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Abstract

Systems biology is a field that builds complex multi-
scale models of systems that are evolved rather than engi-
neered. No unifying theory exists for biology as it does
for engineering domains. Thus, models appear in very
diverse forms. Components can be genes, cells, organs
or even whole ecosystems. These components can in-
tuitively be represented as classes in an object-oriented
language, making systems biology a perfect application
for Modelica. However, we still only see very few mod-
els from this domain. In an attempt to change this, we
show that Modelica can exactly reproduce the simulation
results of a reference implementation of an established
biological model of the human baroreflex. Our imple-
mentation highlights the strengths of Modelica like the
event finding mechanism, which makes the model more
precise. We also show that biological systems pose in-
teresting challenges like signals with non-uniform delays
and the interaction of complex rhythms.
Keywords: systems biology, baroreflex, cardiovascular
system, heart rate variability

1 Introduction

Biological systems are complex, dynamic and packed
with feedback loops. Even small academic examples of
systems that exhibit these properties are very hard to un-
derstand and analyze for humans without proper tools
(Voit, 2013, pp. 8–10). Recent support comes in form of
mathematical models, forming the field of systems biol-
ogy. A strong mathematical foundation can help where
intuition fails and indeed there are now projects such
as the Virtual Liver Network (Holzhütter et al., 2012),
the Blue Brain Project (Markram, 2006) or the Physiome
Project (Hunter et al., 2002) that are on the way of build-
ing comprehensive multi-scale models for complete hu-
man organs.

In all of these projects, communication between mod-
els at different scales of time and space is a key chal-
lenge. Low-level models of biochemical reactions have
to be integrated into models on the cellular level which

then again need to be composed together to reach the
desired level of abstraction. This is made more diffi-
cult by the fact that there exists no unifying theory in
biology as it does in other domains such as electrical
engineering (Voit, 2013, pp. 413–415). It is often not
possible to build biological models as a bottom-up ap-
proach from the biochemical or genetic level, because
too much is still unknown. For example, even when
we narrow down the problem to these two lowest lev-
els we still only begin to understand the role of long
noncoding RNAs (Ponting et al., 2009) or glycoproteins
(Ranzinger and York, 2012) in the regulation of cellu-
lar processes. Instead, researchers such as Denis Noble
suggest a “middle-out” approach, that starts at the layer
of abstraction where most experimental data is available
(Noble, 2002).

There exist projects that aim to provide a common lan-
guage for biological modeling, the most prominent being
the Systems Biology Markup Language (SBML). SBML
is an XML-based description format for models featuring
the biochemical concept of different substances (called
species) and reactions that modify the quantity of these
substances. Support for the SBML is widespread in the
systems biology community, but two main factors limit
its usefulness for multi-scale modeling and the middle-
out approach. Firstly, SBML is a data format and not a
programming language. Mathematical formulas have to
be specified in MathML which is not a human-readable
format. Therefore, often multiple tools are needed for the
generation and simulation of SBML models. Secondly,
SBML is specifically designed for modeling biochemi-
cal processes which enforces a bottom-up approach and
makes it impossible to start the modeling process at a
higher level of abstraction. Other languages that are cur-
rently used in systems biology include numerical com-
puting environments like Matlab and Mathematica, and
general purpose programming languages like C. These
languages all have sufficient expressive power and flex-
ibility to start the modeling process at any layer of ab-
straction, but they also come with a lot of cognitive over-
head. Scientists interested in modeling biological sys-
tems, such as physicians or biologists, have to build their
equation systems and solve them by hand, or fit them



into a specific structure for existing implementations of
the desired solver. As a result, the structure of the model
is fitted to the programming platform instead of the other
way around. It also makes the model harder to under-
stand and discuss both for language experts that are not
familiar with the modeled system and biologists that are
not familiar with the specific language constructs. Es-
pecially with large equation systems, one has to put a
lot of effort into structuring his code to preserve a clear
distinction between different components of the modeled
systems, let alone different abstraction layers of one and
the same component.

Modelica offers an elegant solution for these prob-
lems. As an object-oriented language it makes the en-
capsulation of subsystems into larger components intu-
itive and thus highly facilitates multi-scale modeling. At
the highest level, a Modelica model may present cells or
entire organs as components with a clear interface that
hides the details of the implementation at lower levels. If
desired, however, a user of the model always has the pos-
sibility to inspect a component and dig one level deeper
to look at the subsystems constituting the organ or cell.
In theory, this makes it possible to build arbitrarily deep
nested structures without overwhelming the model user
with too much detail at a single level. Additionally, the
declarative acausal nature of Modelica allows to write
most formulas verbatim in the same way as they may ap-
pear in the mathematical definition of the model. This
greatly reduces the cognitive overhead necessary to un-
derstand, maintain and extend an existing model.

Some projects already use Modelica for tasks related
to systems biology. The BioChem library allows to trans-
late SBML models to Modelica and vice versa offering a
starting point for system biologists interested in Model-
ica (Nilsson and Fritzson, 2005). Additionally the Phys-
iolibrary by Mateják et al. (2014) and the HumanLib by
Brunberg and Abel (2010) are both targeting the model-
ing of the human physiology. Yet, when we looked at
three recent systems biology textbooks, we did not find
any reference to Modelica (Voit, 2013; Klipp et al., 2011;
Kremling, 2012), although one of these books featured a
list of over 80 tools for modeling in systems biology, in-
cluding Matlab, Mathematica, SBML and a variety of
application-specific SBML tools (Klipp et al., 2011).

In our opinion not only system biologists can bene-
fit from Modelica, but also the field of systems biology
provides interesting challenges for Modelica modelers.
In contrast to most other application areas of Modelica,
biological systems are evolved rather than engineered.
Specifically, this means that there is usually a high level
of complicated communication between multiple parts
of the system and that these interactions are not always
straightforward. One major example is the the “central
dogma” of molecular biology. It states that every as-
pect of a living system can be explained starting from the
DNA which is translated to proteins. These proteins then
carry out some function in the system, but do not change

the genetic code. This is a natural assumption that would
seem intuitive to an engineer or computer scientist: A
source code defines programs regulating the behavior of
a system. However, the study of epigenetics shows that
there are many factors that can influence gene expression
and thus change the way in which the DNA-code is read
(Holliday, 2006). To make things more difficult, there is
no moment in the life of an organism where a cell is con-
structed from nothing but DNA. Even a single fertilised
egg cell still has not only inherited the DNA from its
parents but also all of the other biochemical substances
in this cell.

Therefore, when we build models of biological sys-
tems, we might encounter unusual connection patterns
between components. These new types of problems may
indicate areas, where Modelica still can be improved. As
an additional argument for the study of biological mod-
els, the field of systems biology spans a large area of in-
teresting and relevant topics, from the modeling of brain
activity to finding diagnosis criteria and treatments for
cardiac diseases, diabetes or cancer to the modeling of
whole ecosystems like oceans (Voit, 2013, pp. 399–415).
The potential of applying mathematical modeling to bio-
logical systems is vast, and with Modelica we can facili-
tate the generation of new insights.

With this paper we want to take a further step towards
bringing together Modelica modelers and systems biol-
ogists. We show that it is not only possible to convert
SBML models to Modelica with the BioChem library
or build physiological models from predefined compo-
nents with the Physiolibrary, but also to implement a
biological model in Modelica directly from the mathe-
matical description. As a proof of concept, we therefore
implemented an established model of the human barore-
flex by Seidel (1997) in Modelica and compared it with
the original implementation of Seidel written in C. An
introduction to the Seidel-Herzel model (SHM) will be
given in section 2. The two implementations of the SHM
– hereinafter called SHM-M for our Modelica version
and SHM-C for Seidels C implementation – will both
be described in section 3. To demonstrate that Modelica
is indeed flexible enough to precisely reflect the math-
ematical description of the model, we directly compare
the output of SHM-C and SHM-M in section 4 followed
by a discussion of the results in section 5. There we
also demonstrate that biological models like the SHM
fit nicely into the modeling paradigms of Modelica and
highlight some interesting challenges of the implemen-
tation process. Finally, a short conclusion can be found
in section 6.

2 The Seidel-Herzel model

The Seidel-Herzel model (SHM) is a model of the hu-
man baroreflex that was created by Henrik Seidel and
Hanspeter Herzel and first published in 1995 with the



main purpose of analyzing heart rate variability (HRV)
(Ernst, 2014). There are two main reasons why we chose
this model as example for a typical biological system that
can be implemented in Modelica: Firstly, although the
cardiovascular system is well researched, heart diseases
are still the most common cause of death worldwide
(Naghavi et al., 2014). This means that models like the
SHM are still relevant and may even help towards finding
diagnostic criteria for heart-related diseases. The second
reason to choose the SHM over other models of the hu-
man heart was that it is rather compact but still covers the
effects of multiple organs. The doctorate thesis of Seidel
contains the most recent version of the model, which has
24 equations and 52 parameters (Seidel, 1997).

Although there is another publication by Seidel et
al. from 1998 (Seidel and Herzel, 1998), we used this
version because it features several improvements of the
model that were not present in the journal publication.
In the following, we will give a short introduction into
the components of the SHM and also explain its rele-
vance in literature. For a more detailed explanation of
the formulas, the reader is referred to Seidel’s doctorate
thesis (Seidel, 1997). This version of the SHM consid-
ers the physiological effects of the baroreceptors in the
blood vessels, the autonomic nervous system, the lung,
the sinus- and av-nodes, the heart itself and the Wind-
kessel arteries. It does not introduce different compart-
ments in the blood system but instead models the arterial
blood pressure as a single physical quantity.

2.1 Baroreceptors
Baroreceptors are the sensory neurons measuring the
pressure in a blood vessel. The basic neural firing fre-
quency of the baroreceptors νb in the SHM is calculated
with the following formula.

ν
′
b(t) = p− p(0)b + kd p

b
d p
dt

(1)

This includes the effects that baroreceptors respond to
the static blood pressure level p as well as to an increase
or decrease in blood pressure and that they only respond
to blood pressure levels above a threshold p(0)b . The pa-
rameter kd p

b is a scaling factor to adjust the relative influ-
ence of the blood pressure slope.

To account for the saturation effect of baroreceptors,
this value is passed through the saturation function

νb(t) = pc0
b

(
1+ tanh

(
ν ′b(t)− pc0

b

pc0
b

))
(2)

pc0
b = pc

b− p(0)b (3)

where pc
b is a scaling parameter to adjust the maxi-

mum of the saturation function, which lies at 2pc0
b .

In a living organism, however, the signal of barore-
ceptors at different parts of the body reach the autonomic
nervous system (ANS) at different time instants. This ef-
fect is modeled in the SHM with a broadening function
that is additionally applied to the saturated baroreceptor
response.

ν̃b(t) =
∞∫
−∞

g(t− τ) νb(τ) dτ (4)

g(t) =

{
0 for t ≤ 0
1
σ

χ2
2+ η

σ

( t
σ

)
for t > 0 (5)

In this equation χ2
n is the probability distribution func-

tion of the chi squared distribution and σ and η are scal-
ing parameters to adjust the broadening range.

2.2 Lung

The Lung influences the heart rate both through neural
signals and the mechanical pressure in the thorax. The
SHM assumes a constant breathing rate that is only mod-
ified by a noise term. The activity of respiratory neurons
νr(t) is given by

νr(t) =
1
2
(1− sin(2πφr(t))) (6)

φr(t) =
t− (tr,i−θr)

Tr,i
(7)

where tr,i is the beginning of the last inspiration phase
and θr is a phase shift parameter that determines the time
between the firing of respiratory neurons and the actual
mechanical movement of the lungs.

The mechanical respiratory influence fm(t) is defined
similarly by the following equation.

fm(t) =−sin(2πφr(t−θr)) (8)

Even during voluntarily controlled breathing, the
breathing rate of a human is always subject to fluctua-
tions. Seidel models these fluctuations by introducing a
noise term which is applied to the mean breathing rate T̄r
at each breathing cycle with an autoregressive function.

Tr,i = kTr T̄r + klast,1
Tr

Tr,i−1 + klast,2
Tr

Tr,i−2 +σTr ξ (9)

kTr = (1− klast,1
Tr
− klast,2

Tr
) (10)

In this formula, Tr,i is the breathing period at the ith
breathing cycle; klast,1

Tr
and klast,2

Tr
are parameters that de-

termine the influence of the last and second last breathing
period on the current period; and σTr is the amplitude of
the white noise ξ .



2.3 Autonomic Nervous System

The autonomic nervous system (ANS) consists of the
sympathetic and the parasympathetic system. The
sympathetic system increases the heartbeat frequency
through the release of norepinephrine as neurotransmit-
ter (via synapses) and as Hormone (via the blood ves-
sels). The parasympathetic system has inhibitory influ-
ence on the heartbeat frequency through the release of
the neurotransmitter acetylcholine.

The formulas for the neural activity of the sympathetic
system νs and the parasympathetic system νp therefore
only differ by the sign with which the baroreceptor ac-
tivity enters the equation.

νs(t) = ν
(0)
s −

(
1+ kbr

s νr(t)
)

ν̃b(t)+ kr
sνr(t) (11)

νp(t) = ν
(0)
p +

(
1+ kbr

p νr(t)
)

ν̃b(t)+ kr
pνr(t) (12)

Both equations have a base firing rate ν
(0)
s/p and scaling

parameters kr
s/p for the respiratory influence and kbr

s/p for
the correlation between the activity of the baroreceptors
and the respiratory neurons.

2.4 Substance Concentrations

The SHM models several concentrations of neurotrans-
mitters and hormones. The concentration of nore-
pinephrine at the sinus node (csNe) directly influences
the pacemaker phase together with the concentration of
acetylcholine (csAc) at the sinus node. Additionally, nore-
pinephrine can also act as a hormone. The ventricular
concentration cvNe in the heart itself increases the con-
tractility (force of the contraction). The concentration in
the Windkessel arteries cwNe increases the stiffness of the
vessel walls, resulting in a higher blood pressure during
the diastole.

The release of this concentration is triggered by one
neural signal and can be inhibited by another neural sig-
nal. For norepinephrine the excitatory signal comes from
the sympathetic system while the parasympathetic sys-
tem inhibits the release. For acetylcholine the parasym-
pathetic system is the excitatory part and there is no in-
hibition modeled. Both inhibitory and excitatory signals
only take effect after a delay θ x

c and are subject to satu-
ration. This leads us to the following equations

exx
c(t) = inx

c(t) = tanh(kx
c νx(t−θ

x
c )) (13)

τsNe
dcsNe

dt
=−csNe(t)+ exs

sNe(t) (1− inp
sNe(t)) (14)

τvNe
dcvNe

dt
=−cvNe(t)+ exs

vNe(t) (1− inp
vNe(t)) (15)

τwNe
dcwNe

dt
=−cwNe(t)+ exs

wNe(t) (1− inp
wNe(t)) (16)

τsAc
dcsAc

dt
=−csAc(t)+ exp

sAc(t) (17)

where the τc and the kx
c are scaling parameters for the

overall slope of the concentrations cc(t) and the influence
of the inhibitory or excitatory signal.

2.5 Sinus Node
The sinus node is the main pacemaker of the heart. In
the SHM it is modeled with the pacemaker phase φ(t)
which generates a sinus signal when its value becomes
one and is then directly reset to zero. The rate of the
pacemaker phase increases with an increased concentra-
tion of norepinephrine and decreases with an increase
in acetylcholine. The latter is additionally modified by
a “phase-effectiveness curve” F(φ), because the effect
of the parasympathetic signal on the pacemaker changes
with the phase of the heart cycle. The resulting behavior
is given by the following formula

dφ

dt
=

1
T (0)

(
1+ ksNe

φ csNe(t)− ksAc
φ csAc(t)

F(φ(t))
F̄φ

)
(18)

F̄φ =

1∫
0

F(φ)dφ (19)

F(φ) = φ
1.3(φ −0.45)

(1−φ)3

(1−0.8)3 +(1−φ)3 (20)

where T (0) is the duration of the heart cycle without
any input from the ANS and ksNe

φ
and ksAc

φ
are scaling pa-

rameters for the influence of the concentrations of nore-
pinephrine and acetylcholine.

The heart period of a human is always subject to ad-
ditional fluctuations that do not originate from breathing
or the signals of the ANS. These influences can be im-
plemented by replacing the parameter T (0) with a noisy
base period T (0)

n , which varies with the heartbeat number
n similarly to the respiratory base period in Equation 9.

T (0)
n = T̄ (0)+ klast

T (0)(T
(0)

n−1− T̄ (0))+σT (0)ξ (21)

2.6 Contraction Model
Not every sinus signal generates a heartbeat and not ev-
ery heartbeat is triggered by a sinus signal. On the one
hand, if there is no sinus signal for a prolonged time pe-
riod, the atrioventricular node (AV node) will trigger a



contraction by itself. This is represented by the param-
eter Tav so that a contraction is triggered if more than
Tav seconds have passed since the last contraction at time
tc,n. On the other hand, a sinus signal does not immedi-
ately correspond to the beginning of a contraction. There
is an atrioventricular concudtion delay Tavc,n that passes
from the firing of the sinus node (which is located at the
atrium) at time ts,n to the contraction of the ventricles. It
depends on the time that has passed since the last con-
traction at tc,n. Additionally, the sinus node has a refrac-
tory period Trefrac during which no new signal may be
generated. Combining these two effects, we receive the
following equation for atrioventricular conduction time.

Tavc,n =

{
T (0)

avc + kt
avce−

(ts,n−tc,n)
τavc if ts,n− tc,n > Trefrac

∞ else
(22)

In this equation T (0)
avc is the base value for the atrioven-

tricular conduction time, kt
avc is a scaling parameter for

the influence of the time that has passed since the last
contraction and τavc is a reference value for the atrioven-
tricular conduction time.

2.7 Heart

The final components of the SHM are the contraction of
the heart and the Windkessel arteries that are responsible
for the blood pressure increasing during the systole and
decreasing during the diastole. The switch between sys-
tole and diastole is modeled explicitly by a fixed systole
duration of τsys. During the systole from tc,n to tc,n + τsys
the blood pressure follows the equations

d p
dt

=
1

τsys

Sn

C
(1−φsys(t)) e1−φsys(t) (23)

φsys(t) =
t− tc,n

τsys
(24)

where C is a scaling constant for the contractility Sn.
The value of Sn is determined at the beginning of the
systole at tc,n as follows.

Sn = S(0)+
(
kvNe

S cvNe(tc,n)+ km
S fm(tc,n)

)
S(Tn−1)

(25)

S(Tn−1) =

(
1−
(

1−min
(

1,
tc,n− tc,n−1

T̂

))2
)

(26)

During the diastole, the equation for the blood pres-
sure switches to the following formula that accounts for
the effect of the Windkessel arteries. These arteries di-
rectly connected to the heart are elastic and act as a

dampening system. During the systole they “store” blood
by expanding the blood vessels. During the diastole they
contract back to their original state slowly releasing the
stored blood.

d p
dt

=
−
(

p− p(0)w

)
τw(t)

(27)

τw(t) = τ
(0)
w + kwNe

w cwNe(t) (28)

In this formula p(0)w is the minimum blood pressure
that is still present even if the Windkessel arteries are
fully relaxed and the heart does not pump, τ

(0)
w is a base

value for the time needed for the Windkessel arteries to
fully relax, and kwNe

w is a scaling factor for the influence
of the norepinephrine concentration in the arteries on this
relaxation time.

2.8 Physiological Relevance
The SHM is able to reproduce several characteristics of
complex heart rate dynamics. The first and most obvi-
ous effect are fluctuations of the heart rate with the fre-
quency of breathing cycles called respiratory sinus ar-
rhythmia (RSA). This behavior is not surprising as it
is directly built into the model with the definition of νr.
A more interesting observation is that the model also
exhibits fluctuations with a period of approximately 10
seconds, which also corresponds to a physiological phe-
nomenon called Mayer waves (Seidel and Herzel, 1995).
When investigating the reaction of the model to changes
in parameter values, Seidel and Herzel (1998) also found
bifurcations related to the sympathetic and parasympa-
thetic delays, the baroreceptor sensitivity and repetitive
vagal stimulation. The observed dynamical properties
were in good agreement with patients with baroreceptor
hypersensitivity and animal experiments. However, re-
sults by Duggento et al. (2012) show that these bifurca-
tions can actually be triggered by most parameters of the
model. They suggest that the model should be reparam-
eterized to make all modeled variables physiologically
plausible, and assume that this could lead to a “‘unifying
theory to account for slow oscillation’ in cardiovascular
variability”.

Kotani et al. (2002) extended the model by noise and
more detailed respiratory influences. They showed that
the model can explain the synchronization between the
heartbeat and the breathing frequency observed in hu-
mans (Kotani et al., 2002). In a later study they also
found that the (modified) SHM could produce statisti-
cally valid simulations of congestive heart failure and
primary autonomic failure – diseases that are known to
affect the parasympathetic and sympathetic neural activ-
ity (Kotani et al., 2005).

To sum up, we can say that the SHM is able to pro-
duce physiologically plausible simulations of character-



istics of both healthy patients and several disease condi-
tions. Its potential may not have been fully exploited yet,
making our implementation a possible start for future in-
vestigations.

3 Implementations and Simulation
Setup

Thanks to Henrik Seidel we were able to use his origi-
nal implementation (SHM-C) as reference for our Mod-
elica implementation (SHM-M). It is written in C and
uses a self-implemented Runge-Kutta Method for solv-
ing the differential equations. The executable allows to
set starting values and parameters with a parameter file
and writes the simulation result to a CSV-file.

With our Modelica-version of the Seidel-Herzel-
model we wanted to reproduce the output of SHM-C
as closely as possible, while still retaining the object-
oriented implementation style of Modelica. We di-
vided the formulas of the SHM according to the phys-
iological parts they represent to obtain small Model-
ica components. SHM-M now has separate models for
the baroreceptors, sinus node, heart, lung, sympathetic
and parasympathetic system and the emission of nore-
pinephrine and acetylcholine that can each be tested in-
dividually. A diagram of the full model can be seen
in Figure 1. Where approximations of the mathemati-
cal definition were necessary – namely the broadening
of the baroreceptor response with a Green’s Function –
the same numerical algorithm used in SHM-C was im-
plemented as a function in Modelica. While the SHM
also has a noise model for the breathing frequency and
the heartbeat duration, this noise was not implemented
in SHM-M, because it would complicate the compari-
son of the two models. Instead, to obtain comparable
data, noise was also disabled in SHM-C through param-
eter settings.

Our model was simulated with OpenModelica. The
Runge-Kutta method implemented in OpenModelica
uses the same classical RK4-Parameters that are also
used in SHM-C. Therefore we only had to use the same
step size and the same set of starting values and param-
eters for the simulation to obtain directly comparable re-
sults.

We used the standard parameter set by Seidel and only
adjusted the manually defined starting values in SHM-C
to match the starting values of SHM-M that were calcu-
lated by OpenModelica. The resulting parameter config-
uration can be seen in Table 1. We then did a simulation
with both models for 1000 seconds with a step size of one
millisecond and recoded the important values in steps of
ten milliseconds as well as the duration and end time for
each heartbeat.

Table 1. Parameter and initial values used for the comparison
of SHM-C and SHM-M.

Parameter Value Parameter Value

Baroreceptors Sinus node

p(0)b 60 T (0) 0.9

kd p
b 0.06 ksNe

φ
0.6

p(c)b 120 ksAc
φ

0.2

σ 0.001 Contraction

η 0.01 T (0)
avc 0.09

Lung kt
avc 0.78

θ
(0)
r 0.16 τavc 0.11

T̄r 4 Trefrac 0.22

klast,1
Tr

0 Tav 1.7

klast,2
Tr

0 Heart

σTr 0 τsys 0.125
ANS C 2

v(0)s 50 S(0) 110

kbr
s 0.38 kvNe

S 110
vr

s 30 km
S 0

v(0)p 10 p(0)w 0

kbr
p 0.38 τ

(0)
w 1.3

vr
p 30 krNe

w 0.8

Concentrations T̂ 1
ks

sNe 0.014 Initialization
θ s

sNe 2 p(0) 100
kp

sNe 0.006 csNe(0) 0.12
θ

p
sNe 0.4 csAc(0) 0.5

τsNe 2 cvNe(0) 0.12
ks

vNe 0.014 crNe(0) 0.12
θ s

vNe 2 T0 1
kp

vNe 0.006 tc,0 -1
θ

p
vNe 0.4 Tavc(0) 0.15

τvNe 4 S0 110
ks

rNe 0.014
θ s

rNe 3
kp

rNe 0
θ

p
rNe 0.4

τrNe 4
kp

sAc 0.005
θ

p
sAc 0.4

τsAc 0.05



Figure 1. Diagram view of the SHM-M implementation show-
ing the components of the model.

4 Results

The SHM was designed for the analysis of heart rate vari-
ability. Therefore, to compare different implementations
it is most important to look at the duration of heartbeats
and the blood pressure. A direct comparison of the time
series for these physical quantities can be seen in Fig-
ure 2. For the blood pressure both curves have no visual
differences until 5 seconds after the start of the simula-
tion, when SHM-M starts to run ahead slightly. At the
end of the simulation, the situation is similar: The only
difference between the curves seems to be a time shift.
For the heartbeat duration the differences are already no-
ticeable at the first heart beat, which is 3 milliseconds
longer in SHM-M than in SHM-C.

To better quantify these differences, we plotted the
difference between heartbeat durations in SHM-M and
SHM-C against the standard deviation between heartbeat
durations in SHM-C. The result can be seen in Figure 3.
It turns out that the duration of the first 40 heartbeats
only differs by less than 10 milliseconds with a standard
deviation of 34 milliseconds. The plot also shows that
on average SHM-M produces heartbeat periods that are
3 milliseconds longer.

While absolute differences can give an impression of
the size of possible calculation errors, for the SHM it is
much more interesting to look at the long-time behavior
of the model. Seidel used a plot of the spectral density of
RR-Intervals (i. e. heartbeat durations) as one of his main
arguments for the physiological plausibility of his model.
We therefore also compared SHM-C and SHM-M on the
frequency domain. The result can be seen in Figure 4.
The plot shows a clear peak identical in magnitude and
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Figure 2. Comparison of time series of blood pressure p
and heartbeat duration Tn between SHM-C (blue) and SHM-M
(red) for a simulation time of 1000 seconds, showing seconds
0 to 5 and seconds 995 to 1000.

position at approximately 0.25 Hz, which corresponds
to the breathing frequency and can thus be thought to
represent respiratory sinus arrhythmia. We can also see
another less pronounced peak for both implementations
at approximately 0.1 Hz which Seidel attributes to Mayer
waves. However, in SHM-M the peak at 0.25 Hz is much
sharper than in SHM-C.

5 Discussion

The comparison between both implementations SHM-M
and SHM-C shows that our proof of concept was suc-
cessful. At the beginning of the simulation, the blood
pressure stays almost the same. There are noticeable
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differences in the heartbeat duration, but these are not
unexpected as the event finding mechanism of Model-
ica can determine the exact time at which an event oc-
curs more precisely compared to the simple check after
each Runge-Kutta step implemented in SHM-C. This is
also consistent with the sharper peak in the frequency
domain observed in Figure 4. Experimental data with
voluntarily controlled breathing actually shows a rather
smooth RSA-related peak in the frequency domain sim-
ilar to SHM-C. However, the reason for this is that the
subjects naturally cannot time their breathing to the ex-
act millisecond, introducing a noise to the breathing fre-
quency. This type of noise has been incorporated into
the model by Seidel and it can also be incorporated in
SHM-M. Our model therefore may allow a more precise
analysis of the theoretical effects of RSA without sacri-
ficing realism.

Now that we have seen that SHM-M is able to repro-
duce the simulation results of SHM-C we can ask what
makes the new implementation (or biological models in
general) interesting from a Modelica perspective. First of
all, the notion of a system composed of multiple organs
fits nicely into the object-oriented paradigm and leads to
a natural and intuitive class structure. All components of
the model described in Section 2 could be directly im-
plemented as Modelica classes with a few noteworthy
particularities. Because equations 14–17 are so similar
it was even possible to represent all different concen-
trations of neurotransmitters and Hormones as separate
instances of the SubstanceRelease model, that has

an excitatory and optional inhibitory neural input. Sim-
ilarly, the sympathetic and parasympathetic system did
not require two completely different models. Instead the
terms of the sum in equation 11 could be implemented
as separate variables in the abstract base class ANSPart
and then put together with different signs for the barore-
ceptor term in the classes SympatheticSystem and
ParasympatheticSystem. Apart from the organi-
zational aspects, the model also makes use of the encap-
sulation aspect of object-orientation. The implementa-
tion of the contraction model presented in section 2.6
proved to be more complicated than expected, but in-
stead of bloating the Heart class itself, it was possible
to introduce a separate class Contraction that hides
the additional complexity unless the user wants to look
at this specific detail. It therefore seems that biologi-
cal models can be implemented in a clean and intuitive
manner, using Modelicas object-oriented approach. An
additional interesting aspect of biological models has al-
ready been mentioned. Due to the tendency of biological
systems to feature multiple complex rhythms, these mod-
els can showcase the strength of Modelica’s event find-
ing mechanism in comparison to a naive implementation
of the Runge-Kutta- or Euler-method or other tools that
mainly focus on continuous modeling.

These complex rhythms also proved to be one of the
two major challenges that arose during the implemen-
tation of SHM-M. As already mentioned the contrac-
tion model was not as straightforward to implement.
The interplay of the sinus signal, refractory period and
AV node lead to rather complicated expressions in a
when-condition. This ultimately produces a discrete
equation system, which is currently not supported by the
OpenModelica compiler (Version 1.9.1). We therefore
hat to implement the contraction signal using continuous
variables in the when-condition as the following code
snippet shows.

when s i n u s _ p h a s e < 1 e−10 and s i g n a l
and r e f r a c _ c o u n t d o w n <= 0 then

T_avc = T_avc0 +
k_ av _ t ∗ exp (−T_passed / t a u _ a v ) ;

c o n t r a c t i o n = s i n u s _ p h a s e > 1 or
av_phase > 1 ;

This introduced several additional phase variables for the
atrioventricular conduction time, the refractory period
and the period of the AV node.

The second major challenge was the implementation
of the convolution in Equation 4 for the broadening of
the baroreceptor response. We found no better way to
calculate this convolution than to explicitly build an array
with delay expressions of the baroreceptor signal with
the following loop.

f o r i in 1 : s i z e ( h i s t , 1 ) loop
h i s t [ i ] = d e l a y ( x , ( i−1 ) ∗ s t e p , ( i−1 ) ∗ s t e p ) ;

end f o r ;



This implementation works as desired but the model
translation is rather slow for larger broadening ranges.

We can therefore conclude that the SHM, as a model
that exhibits the typical properties of biological models
in general, fits nicely into the modeling style of Model-
ica but also has some challenging aspects. This suggests
that biological models could indeed become a new and
interesting application area for Modelica.

6 Conclusion

With our implementation of the SHM we demonstrated
as a proof of concept that Modelica is perfectly suited
for the implementation of biological systems in a natu-
ral representation. The language can directly reflect the
biological composition of the system instead of having
to fit the system into the language constructs. This is
shown by the fact that our Modelica version of the SHM
– which uses a lot of the features of Modelica such as
acausal declarations, encapsulation and component reuse
through instantiation and inheritance – can reproduce the
same behavior as the original reference implementation
in C. Moreover, it is in some parts even more precise
thanks to the event finding mechanisms of Modelica.

We also demonstrated that new challenges that are
not present in other domains may arise when we model
evolved rather than engineered systems. The interac-
tion of complex rhythms together with time-varying sig-
nal conduction delays lead to a contraction model that
could not be intuitively implemented with the current
version of the OpenModelica compiler. Additionally,
implementing the behavior that the baroreceptor signal
reaches the ANS through many different nervous con-
nections with varying delays required a convolution that
seems to be a performance bottleneck.

These are strong arguments both for biologists to
choose Modelica over a general purpose programming
language and for Modelica modelers to look for inter-
esting applications and models in the systems biology
domain. This paper laid the ground for the implemen-
tation of more biological models from the side of the
Modelica community, but to encourage interdisciplinary
research we also have to take the opposite perspective.
We need to investigate the benefits of Modelica more
closely in regard to the needs of systems biologists. A
first step could be to reparameterize the SHM as sug-
gested by Duggento et al. (2012) and to incorporate ad-
ditional components that can simulate vagal stimulation
and different disease conditions (which is possible but
cumbersome with the C implementation). We also plan
to extend the SHM to a multi-scale model, for example
by exchanging the heart model with a more detailed rep-
resentation modeling individual heart cells. Finally, it
would be interesting to embed the model into the Physi-
olibrary to provide a single point-of-entry for biologists
and physicians interested in physiological modeling with

Modelica. We believe that there is a lot of potential for
interesting projects involving biological models in Mod-
elica and we are looking forward to seeing more of them
in the future.
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