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Mass transfer processes in food systems, such as solute infusion, are poorly understood

because of their complex nature. Food systems contain porous matrices and a variety of

continuous phases within cellular tissues. Mass transfer processes are generally not pure

diffusion: often convection, binding and obstructing diffusion will occur. Monte Carlo

(MC) simulation has been increasingly used in life science and engineering to elucidate

molecular transport in biological systems. However, there are few articles available
discussing MC simulation in food processing, especially mass transfer. The main goal of

this study was to show the inherent simplicity of the MC approach and its potential when

combined with traditional experimental and theoretical approaches to better describe and

understand mass transfer processes. A basic framework for MC random walk
simulation applied to a diffusion problem is developed in this project. Infusion of two

sizes of dextran macromolecules in fish muscle cells is used to apply the MC framework

in combination with Fluorescence Recovery After Photobleaching experiments. Effective

diffusivity coefficients within cells, considering the degree of obstruction due to the

myofibrilar matrix, are assessed. Then, the results are used as input in a mathematical

model that was developed for theoretical simulation of mass transfer in the multi-cellular

tissue. Diffusivity values obtained by the MC framework had an SD of ±0.02 [jtm2/s]
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around the true value of 0.25 [tm2/s]. MC results for degree of obstruction were 0.29 and

0.34 for dextran FD1OS and FD2OS, respectively, and the Devalues were 23.7 and 11.2

[m2/s]. The statistical error in the estimation of D was estimated to be [22.8-24.6] and

[9.7-12.7] (95% CI), where average experimental values of 24.3 [jim2/s] for FD1OS and

11.4 [tm2/s] for FD2OS were captured by the respective interval. The theoretical model

showed a significant influence of the cell membrane characteristics and tissue porosity in

both the degree of solute penetration and the solute distribution between intra- and extra-

cellular space. The combined approach was successfully applied to a diffusion problem.

Overall, it is expected that the present work will contribute towards the application of

MC simulation in the field of Food Science and Engineering.
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General Introduction

As Random Walk (RW) is the general topic of this thesis, it is appropriate to recall

Albert Einstein's remarkable achievements 100 years ago that also focused on
Brownian Movement as well as other topics that had major impacts in world science

(Rodger, 2005). In 1905 Albert Einstein published their five famous papers that shook

the world, covering three quite different topics: (1) the theory of relativity that
completely changed our notion of time and space, where the equation E=mc2 led to the

remarkable conclusion that mass and energy are one and the same, (2) his work on the

photoelectric effect and quantum nature of light which was the first step toward
establishing the wave particle duality of quantum particles and finally, (3) his theory on

Brownian motion which allowed researchers the ability to prove that molecules existed,

despite the fact that molecules themselves were too small to be seen directly (Chalmers,

2005; How, 2005).

The Brownian movement is a RW problem that can be solved by Monte Carlo (MC)

simulation. MC simulation is the attempt to follow the time-dependence of a model for

which change, or growth, does not proceed in a rigorously predefined fashion, but rather

in a stochastic manner that depends on a sequence of random numbers generated during

the simulation (Landau & Binder, 2000). Different sequences of random numbers will

not give identical results, but will yield results which agree with those from other
sequences within a statistical error. MC methods are heavily dependent on the fast,

efficient production of random numbers. Since physical processes that are random in
nature generally introduce new numbers much too slowly to be effective with today's

digital computers, random number sequences are produced directly on the computer,
using software dedicated for this purpose. Because such algorithms are actually
deterministic, the random number sequences which are thus produced are only 'pseudo-

random' and could introduce significant errors in the results. Consequently, care should

be taken in choosing the random number generator. The range of physical phenomena

which can be explored with MC methods is exceedingly broad.
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The motion of particles in fluids or composite systems is well described by the classical,

random Brownian motion. These systems are hence well-suited to be studied by MC

simulation, which uses random numbers to realize random walks (RW) (Weiss, 1994;

Landau & Binder, 2000). MC simulation provides another perspective, with the
advantage that different physical effects that are simultaneously present in real systems

can be isolated and considered separately. Simulation could provide increased
understanding of a phenomenon and could be a powerful tool when utilized in
combination with traditional theoretical and experimental approaches. It should be
emphasized that the aim of MC simulation is not to provide better 'fitted curve' to
experimental data than does analytical theory (Landau & Binder, 2000). The goal is to

create a more complete understanding of natural phenomena, making use of the perfect

control of 'experimental' conditions in the computer 'experiment' and complementing it

with both experimental and theoretical approaches.

Molecular transport in complex biological matrixes is not only driven by free diffusion;

it can be also affected by micro-structural components, internal convective flow,

electrical fields, reaction, binding and obstructing diffusion. This phenomenon cannot

be described by the classical Fikean diffusion. MC-RW simulation has been

increasingly used in life sciences and engineering to better describe molecular transport

in biological systems. A literature survey under the words "random walk" between 1985

and March 2005 in the area of biological science and engineering through the databases

PubMed and Engineering Compendex, which include journals such as Biotechnology

and Bioengineering, Journal of Bioengineering, Medical engineering physics,

Biophysical journal, Pharmaceutical Research, Biochemical engineering, Medical

biological engineering etc., showed a sustained increase in the number of publication

per year. For instance, Engineering Compendex yields 400 publications between 1985

and 1990, and 1300 publications in the period of 2000-2005.
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Among its many applications, MC simulation has been used to analyze obstructed

diffusion in cell membranes (Saxton, 1994). Modern experimental techniques such as

Fluorescence Recovery After Photobleaching (FRAP) (Meyvis, De Smedt, Van

Ostveldt & Demeester, 1999) can also be used to estimate macromolecular diffusion in

biological tissues. These techniques can be advantageously complemented with MC

simulation and theoretical approaches.

Mass transfer processes in food systems, such as solute infusion in fish muscle tissue,

are prime candidates for analysis with MC-RW complemented with experimental and

theoretical approaches. The complexity of these systems, which contain porous matrices

and animal and plant cellular tissues with a variety of continuous phases, together with

processes such as brine injection/migration, marination, cryoprotectant loading/removal,

fat migration, osmotic dehydration, etc., make them suitable to be studied by a

complementation of all three approaches. However, a literature search by the same

words "random walk" in the main database of food science and engineering, Food

Science and Technology Abstract (FSTA), yields just one article that is not directly

related to the food system, but rather to packaging (Aurela & Koteja, 2002). A recent

review on mass transfer in food systems only referred to experimental and theoretical

approaches: MC approach was not mentioned and even FRAP was not named among

the experimental techniques (Varzakas, Leach, Israilides & Arapoglou, 2005).

Fish muscle has been infused with a variety of solutes for different purposes:

cryoprotection, flavor and color modification, and enzyme inhibition (1k, Jeng & Lanier

2004; Cabrer, Casales, & Yeannes, 2002; Wang, Tang & Correia, 2000). Disappointing

results, especially in regards to non-uniform concentration of the infused molecules, are

clear examples of the need for better understanding of the mass transfer in this system

(Goeller, Amato, Farkas, Green, Lanier & Kong, 2004; McFarland, 1990). Theoretical

mathematical models have been published to closely describe this complex mass

transfer process (Yao & Le Maguer, 1998; Cui, Dykhuizen, Nerem & Sembanis, 2002;



Hums & Burn, 1948). The models recognize the heterogeneous properties of the tissue,

and present a simplified conceptual model that represents complex cellular structures. In

this manner, the relative influence of the extracellular space, cell membrane and the

intracellular matrix can be assessed in terms of the resistance to solute penetration, and

the tissue components controlling the mass transfer process can be estimated.

The main goal of this study is to demonstrate, through a specific example in fish

muscle, the potential use of MC-RW simulation, complimenting experimental and

theoretical approaches, to better describe and understand mass transfer in food systems.



Monte Carlo-Random Walk approach as an aid for mass transfer analysis in food
systems.

Abstract

Monte Carlo (Random walk) analysis has been increasingly applied in biological

science and engineering to study molecular transport in complex tissues and cells;

however, there are few published articles in the field of food science and engineering.

The traditional experimental and theoretical approaches can compliment computer

simulation analysis to better understand mass transport processes in biological systems.

A basic framework that can be used to develop Monte Carlo analysis in non-

homogeneous systems is presented through an application to a specific problem that can

also be solved analytically. Mean Square Errors and Diffusivity Coefficient D are

estimated from concentration distributions generated by Monte Carlo simulation for

unobstructed diffusion. The results are compared with those obtained from analytical

procedures to check for accuracy. Obstacles accounting for typical microstructure in

biological systems are included in order to show how Monte Carlo simulation can be

applied to assess the impact of the degree of obstruction on the diffusivity coefficient.

The concentration profiles computed by Monte Carlo simulations agreed with the

analytical solution with a Mean Square Error ranging from 0.0 17 to 0.048. The D values

obtained by Monte Carlo simulation had a standard deviation of 0.02 [tm2/s} around the

true value of 0.25 [jim2/s]. How experimental, theoretical and computer simulation

approaches complement each other is described.



Introduction

The Brownian Movement is a Random Walk (RW) problem that can be solved by

Monte Carlo (MC) simulation. MC or "computer simulation" method, the attempt to

follow the time dependence of a model for which change, or growth, does not proceed

in rigorous predefined fashion but, rather in a stochastic manner. It depends on a

sequence of random numbers generated during the simulation. With a second, different

sequence of random numbers the simulation will not give identical results but it will

yield values which agree with those obtained from the first sequence to within some

'statistical error' (Weiss, 1994). At the core of MC simulation is random number

generation. Various methods for generation of random numbers have been utilized, e.g.

in physical processes like atomic decay, but in computer simulations, which depend on

millions of random numbers available within the computer program, is generally

cumbersome. Instead of 'random' numbers, most applications use "pseudorandom"

numbers, which are generated by a convenient computer code. These numbers are

deterministic (or pseudo-stochastic in this case) but "look like" they are generated

randomly from a generally uniform known distribution (Gentle, 2003). The MC

method has found widespread application in many branches of science such as physics,

chemistry, and biology (Landau & Binder, 2000). In recent years the method has

brought about a "revolution of science": the old division of physics, as well as

chemistry, biology, etc., into "experimental" and "theoretical" branches is no longer

really complete. Rather "computer simulation" has become a third branch in

understanding the laws of nature, and it is instructive to practitioners in a way that is

complementary to the first two traditional approaches. The significance of "computer

simulation" approach is simply that it yields exact information (apart from statistical

error) on model systems that are precisely characterized. In contrast, the information

provided by analytical theory is exact only in rather rare cases, while in most other

cases uncontrolled approximations are required. The computer simulations are often

designed to check the accuracy of some approximation made by analytical treatment of
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models. Similarly, since the information provided by experiments is almost never

precise. It is often controversial whether some experimentally observed phenomenon is

"intrinsic" or due to some unknown impurity effects. It depends, for example, on the

researcher's ability to prepare a sample for study or to devise techniques to probe for

the desired property. Based on this reasoning, it is clear that a combination of analytical

theory and experimental results does not always lead to conclusive answers, and

simulation is needed to bridge this gap (Landau & Binder, 2000). This provides another

perspective; in some cases simulation provide a theoretical basis for understanding

theoretical results, and in other instances simulations provide 'experimental' data with

which theory may be compared. It should be emphasized that the aim of simulation is

not to provide better 'curve fit' to experimental data than analytical theory, but rather

the goal is to create a complementary view in which computer simulation, experiment

and theory are distinct but each is strongly connected to the other two approaches. In

recent years computer power has increased quite dramatically, with access to computers

becoming both easier and more common (e.g. with personal computer and

workstations). As a result, computer simulations have become common in science and

engineering, and have the potential for rapidly increasing in sophistication.

Most MC-RW applications in life science and engineering are involved with the study

of molecular transport at a micro-level or lim-scale. This allows for grater

understanding of the effects of microstructure on transport phenomena. An introduction

and general approach of MC for assessing problems of diffusion in biology was

presented by Berg (1983), also applications to diffusion with drift and movement of

self-propelled objects such as bacteria are described by the same author. A specific

application with reference to gaseous diffusion in the lung with a complete introduction

to MC method applied to solve diffusion problem was given by Stibitz (1969), and for

extracellular diffusion in brain tissue by Lipinski (1990). Another introductory paper to

application of MC method in solving engineering diffusion problems was published by

King (1951). Murch (1979) showed how MC method can be used as an aid in teaching



the diffusion phenomena. Drug release from specially designed delivery systems has

also been studied by MC method (Kosmidis, Argyrakis & Macheras, 2003). Many

physiological processes involving cell membranes are thought to involve the lateral

diffusion of mobile proteins and lipids within the cell membrane. Diffusion of the

mobile species of interest may be hindered by the presence of other species, mobile as

well as immobile obstacles. Diffusion can also depend on the particle size and binding

affinity to immobile obstacles. This phenomenon can lead to anomalous diffusion in

which the diffusivity coefficient is time dependent. This problem has been extendedly

studied by MC simulation (Saxton 1987; Saxton 1990; Saxton 1993; Saxton 1994;

Saxton 1996; Saxton 2001). Intracellular metabolism involves diffusive transport of

metabolite and enzyme-sized solutes in aqueous cellular compartments. A MC analysis

of obstructed diffusion within cell organelles (mitochondria and endoplasmatic

reticulum) was published by Olveczky & Verkman (1998). Hormone secretion is reliant

upon diffusion of buffered calcium into neuroendocrine cell cytosol, a phenomenon

studied by Gil, Segura, Pertusa & Soria (2000). It is important to note that new

advances in techniques such as confocal microscopy together with fluorescence-leveled

molecules allow for experimental approach at the pm-scale. Perhaps the best

representation of this is Flourescence Recovery After Photobleaching (FRAP), which

allows quantitative measurement of the translational diffusivity coefficient by

measuring the recovery of fluorescence in a bleached area within the system being

studied. An excellent review of FRAP was published by Meyvis, De Smedt, Van

Oostveldt & Demeester (1999).

The nature of mass transfer processes in food systems is still poorly understood due to

their complexity; porous matrices, animal and plant cellular tissues with varieties of

continuous phases. Processes, such as, brine injection/migration, marination

cryoprotectant loading/removal, fat migration, osmotic dehydration, etc. are of interest.

Fick's second law has been widely used to describe these phenomena, however, mass

transfer processes in these systems are not generally purely diffusive in nature, as events



such as reactions, binding, obstacle hindering can occur together with convection and

capillary. MC-RW simulation has been increasingly used in life science and engineering

to better describe molecular transport in biological systems. However, there are few

articles outlining use of RW in food science and engineering, especially applied to mass

transfer.

If problems of molecular transport, particularly, in biological systems like lungs, cell

membranes, mitochondria brain tissue etc. can be studied by MC simulation, certainly

the classical molecular transport problems in food engineering are subjected to be

studied by the same method. Since the MC method for diffusion has not been broadly

used by food scientist and engineers, the general objective of the present paper is to

show how this method can be applied to describe the diffusion phenomenon. The

following specific objectives are considered:

To show the theoretical background and fundamentals of diffusion and

random walk, as well as the inherent simplicity and advantages of the MC

approach.

ii. To show how MC method and classical diffusion theory are consistent with

each other when both approaches are compared.

iii. To develop a general framework for MC applied to diffusion problems in

systems for which diffusion is not free. Solute particles are typically

obstructed by the system microstructure.

Theoretical background fundamentals

Diffusion can be defined as thermally stimulated random motion of atoms or molecules

in fluids. This type of motion was first observed by the Scottish botanist Robert Brown
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in 1827 (Brown, 1828) and is known as "Brownian movement". He was investigating

the fertilization process in Clarkia puichella, a newly discovered species of flower, and

while observing pollen grains in water he noticed erratic motion of particles under his

microscope. At first he thought the pollen was somehow self-propelled or alive, but

even hundred-year old pollen grains had the same oscillatory behavior, and he

concluded that there had to be some other explanation. Further experiments showed that

the motion became more rapid and the particles moved farther in a given time interval

when the temperature of the water was raised, the viscosity of the fluid was lowered, or

the size of the particles was reduced. However, no quantitative reasoning of this

phenomenon was deduced. This information led to the quantitative formulation of

Brownian motion by Albert Einstein in 1905 and 1906 (Einstein, 1905), (English

translation in 1926 (Einstein, 1952)). In his paper he stated that "according to the

molecular-kinetic theory of heat, bodies of a microscopically visible size suspended in

liquids must, as a result of thermal molecular motions, perform motions of such

magnitudes that they can be easily observed with a microscope". The Brownian motion

of the particles considered to be spheres, is caused by the irregular thermal movement

of the liquid particles. The diffusivity coefficient is given by Eq. (1.1) (also known as

Stokes-Einstein equation) that considers previous work done by Stokes in

hydrodynamics:

D= kT

6,rllRh

where: D: diffusivity coefficient of particles in the liquid [m2/s]

k: Boltzmann's constant (RINA) 1.38 x 1023 [JK']
R: Gas constant 8.31 [JK'mol']

NA: Avogadro's constant 6.02 x 1023 [mor']

(1.1)
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i: Viscosity of the liquid [Nsm2]

Rh: Hydrodynamic radius of the particle [m]

He also related the diffusivity coefficient to the random movement of the particles as

follows:

Consider a system with N particles suspended in a liquid moving randomly as a result

of thermal energy, with each moving independently of all other particles and each

movement independent over time considered to be an independent process. A time-

interval t is defined, which is very small compared with the observed time interval and

long enough so that two consecutive t intervals are considered mutually independent

phenomena. In an interval t the x-coordinate of each particle will increase by a quantity

f which has a different value (positive or negative) for each particle, this value has

some probability distribution, so that:

fØ()de=1 (1.2)

and Ø(e)=Ø() (1.3)

Putting v = f(x, t) as the number of particles per unit volume, dependent only on x, the

x-coordenate distance and t, the observed time. The change of particle distribution from

time t to t + r is calculated. The number of particles after a time of t+r which are

enclosed between two planes perpendicular to the x-axis, at x and x+dx is given by:

f(x,t +r)dx = dx Jf(x+ )Ø()d (1.4)

Since r is very small,
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(1.5)
at

Further, f(x + ,t) is expanded in powers of f:

inf.(1.6)
ax 2! ax2

J-_Ø(e)di+... (1.7)
at ax ax2

Even terms of Eq. (1.7) will vanish as a consequence of Eq. (1.3), of the remaining

terms, every succeeding term is very small compare with the preceding. Taken into

account only the first three remaining terms, bearing in mind Eq. (1.2), and putting:

(1.8)

the following equation is obtained:

at ax2
(1.9)

This is the well-known diffusion equation in which D is recognized as the coefficient of

diffusion. The same expression was independently derived by Adolph Fick in 1855 (Eq.

1.11) in a macroscopic derivation of the diffusion phenomenon (Fick, 1855). This result

(Eq. (9)) shows that the macroscopic diffusion process can be explained by the

molecular-kinetic mechanism of Brownian motion in fluid systems. Fick's first law

states that the flux of solute mass (the mass of solute crossing a unit area per unit time



in a given direction) is proportional to the gradient of solute concentration in that

direction:

J=D
dx

(1.10)

13

and its corresponding second law to describe the change of concentration in space and

time:

(1.11)
ax2

This equation is valid for diluted or binary systems.

When Eq. (1.9) (i.e. Eq. (1.1 1)) is solved for a system with all N particles initially (t=0)

at the origin, f(x,t) = 0; Jf(x,t)dx N for xO; t=0, the following expression is

obtained:

nf(x,t) (1.12)

There is a significant relationship between the diffusivity coefficient D and the

constants in the exponential term, and if we compare this solution with a normal

distribution:

P(x,t)= 1 (1.13)

it is possible to conclude that:



14

a2=2Dt (1.14)

a2 =(R2)=2Dt (1.15)

where (R2) represent the mean square displacement (MSD) of the particles after time t

on the x-coordinate. From this expression the well-known Eintein-Smoluchowski

relation is obtained:

D=J_(R2) (1.16)

As demonstrated above, diffusion can be simulated by using RW processes if the MSD

can be evaluated. Now, a more general definition of diffusion will be introduced. The

MSD (R2) of all walkers, in a d-dimensional space and after a long enough time t, is

related the effective diffusivity coefficient De by (Stauffer, 1985; Sahimi, 1994):

(R2) 2dDt (1.17)

Here De is used in state of D to show that the walk or diffusion can take place in a non

homogeneous media, obstructed system or under external forces. There are now three

possibilities:

i. (R2) grows linearly with time t. Then, Eq. (1.17) tells that De is constant. This is the

familiar ordinary diffusion known as Fick's law.
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ii. (R) grows with t slower than linearly. Thus, the motion of the particles is very slow

and De could vanished after a long time. This is called sub-diffusion or anomalous

diffusion or fractal diffusion, often encountered in obstructed diffusion or binding-

reaction diffusion.

iii. (R) grows with t faster than linearly. Hence, the motion of particles is very fast,

and De diverges at long times. This is called super-diffusion, and it is often encountered

in drift-diffusion, for example, due to gravitational, centrifugal or electrical field.

Sub-diffusion and super-diffusion can not be described by the classical continuum

equation or Fickean diffusion. The application of this idea was mainly focused on

solving problems of flow and transport of molecules through porous media such as soil

and was popularized by de Genes (1976), who made an analogy between the motion of

a random walker in a disordered medium and the motion of an ant trying to find its way

in a labyrinth. The analysis to follow we be focused on the process of obstructed

diffusion as a simple way to show anomalous diffusion often encountered in biological

systems.

The Random Walk mode/for diffusion

The space is discretized in a one, two or three dimensional lattice. Different kinds of

lattices can be used: square, triangular, honeycomb, Kagomé and others as shown in

Fig. 1.1. The lattice line intersections are called lattice sites. If a walk takes place in a

two dimensional square lattice, during every MC time step t all diffusing walkers take a

lattice constant step along one of the four directions that emanate from their present

lattice site with a probability lIZ, where Z is called the coordination number, In a



square lattice Z is equal to 4. (Z is equal to 6, 3 and 4 for triangle, honeycomb and

Kagome lattices, respectively).
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Fig. 1.1 Some regular lattices. (A) Bathe (Z=3); (B) Honeycomb (Z=3); (C) Square
(Z=4); (D) Kagome (Z=4); (E) Triangular (Z=6). (Sahimi, 1994)
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One dimension RW

In order to characterize diffusion from a RW perspective, it is convenient to reduce the

problem to its simplest form considering it along one axis only, the x-axis (Berg, 1983).

Consider an ensemble of N particles starting from x=0 at time t=0. Each particle can

jump a distance to the right or to the left with the same probability ½. Particles move

at velocity ±u every t seconds, so that =±u,r. For simplicity let u and be constant.

Successive time steps are independent and all particles move independently of all

others. In practice this will be true, provided that particles are reasonably diluted. If

x1(n) is the position of the i-th particle after the n-th time step, it can be mathematically

expressed as follows:

x(n)=x(n-1)±e (1.18)

in which the + sign and the sign will apply roughly to half of the particles. Taken the

square of this expression we obtain:

x2(n)=x(n-1)±2ex(n-1)+1?2 (1.19)

and the average over all particles is expressed as:

N(x2(n))=__Vx(n) (1.20)
N

replacing Eq. (1.19) in Eq. (1.20) yields

N(x2(n)) =V[x2(n_1)±2x1(n._1)+2] (1.21)
N

the second term in the brackets will average to zero since the sign will be roughly half

time positive and the other half negative, so

(x2(n))=(x2(n_1))+e2 (1.22)



Since (0) = 0 for all particles i, (x (0)) = 0 and (x2 (1)) 2 (x2 (2)) = 22,..., and

(x2(n)) = ne2 (1.23)

It can be seen that the MSD increases with the number of time steps n, which is given
by

replacing in Eq. (1.23) yields,

or

(1.24)

(x2 (n)) = (L)e2 (1.25)

II(x2(n)) It (1.26)

The MSD is proportional to time. Now recall Eq. (1.8) and replace it in Eq. (1.26) to

yield

(x2 (n)) = 2Dt or (x2 (t)) = 2Dt (1.27)

The MSD can be evaluated by following the position of all particles through all random

walks by computer simulation and D could be estimated from Eq. (1.27). Generalization

to two and three dimensions can be readily obtained since the square of the distance

from the origin to the point (x,y) or (x,y,z) are respectively:

2 ' 2r =x+y
' 2 ' 2r=x +y+z

therefore,

(r2) = 2Dt + 2Dt = 4Dt for two dimensions, and
(r2) = 2Dt + 2Dt + 2Dt = 6Dt for three dimensions
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Materials and Method

All programming code was written in C# language within the Visual Studio.NET

environment (Microsoft Visual Studio.NET 2003). A Pentium(R) 4 computer with CPU

3.00 Ghz and 2.00 GB RAM memory (Polywell ICE-Cube, Polywell computers Inc.,

San Francisco, CA) was used to carry out simulations.

In general, most new simulations face hidden pitfalls and difficulties which may not be

apparent in early phases of the work. It is therefore often advisable to begin with a

relatively simple program and use a relatively small system size with modest running

times. Sometimes there are special values of parameters for which the answers are

already known, for example, from analytical solutions and these cases can be used to

test the new computer simulation program. By proceeding in this manner one will be

able to uncover unexpected difficulties.

Since the objective of this paper is to show how MC method can be applied to the

calculation of diffusion phenomena, it seemed best to deal with a specific problem that

has a documented analytical solution. The analytical solution can be then used to test

the MC code. A Circular Disc Source of radii "a" in an infinite plane was chosen as

basic problem to show demonstrations, therefore, the problem to solve is:

J2c j2c 1 C-+--=i-- (1.28)

with initial condition C(r,0) = C0; 0 < r < a

and boundary condition C(oo,t) = 0

where r is the radial distance from the circle origin (r2=x2+y2), x and y are the cartesian

coordinates and C is concentration. The distribution of a substance diffusing from an
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instantaneous circular disc source in an infinite plane medium is given by the following

equation (Crank, 1975):

r

4Dt a r2 /
rr'\

C(r,t)=C0
2Dt

Je'ioi Ir'dr' ;r>0 (1.29)
2Dt)

C(0t)=Co{1_e4Dt} ;r=0 (1.30)

where I is the modified Bessel function of the first kind of zero order.

For general solution dimensionless variables are taken:

r r' Dt C9=; 9=; 9=--; u=
a a a C0

and the solution becomes

-f 2

29
Je49Io--JcaJco ;ço>O (1.31)

u(O9)={1_e40} ;9=O (1.32)

The integral in Eq. (1.31) was numerically evaluated (Trapezoidal rule). Eqs (1.31) and

(1.32) were then evaluated for p between -4.5 and 4.5 at four values of 0: (1/4)2, (2/4)2,
(3/4)2 and (4/4)2 These values of 0 were used to check the results with those shown

graphically by Crank (1975), p. 30, figure (3.2).
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The Monte Carlo simulation program

Diffusion in two dimensions was modeled as a RW process, in which diffusing particles

move on an infinite x-y-plane. The designated number of particles were initially

uniformly distributed on the instantaneous disc source of radii "a". To validate the

results, the 2-D RW simulation without obstacles was compared to the 1 -D analytical

solution (Eqs. (1.31) and (1.32)). Fig. 1.2 gives a graphical explanation of the method.

To explain the algorithm, the innermost loop of the C# code is given. This code was

based on the logic given by Sahimi & Stauffer (1991). We consider the case when

diffusion in x and y directions is monitored; the generalization to all direction is

obvious.

for (mt IA=O;IA<NA;++IA)

lot nazar = (int)mtl9937.NextQ;
Newpos = Apos[IAI + IW[(int)nazar];

if(OCUPADO[Newpos] == false)

Bpos[IA] = Apos[IA] + IW[(int)nazar];
Xpos[IA] = Xpos[IA] + XW[(int)nazarj;
Ypos[IA] = Ypos[IA] + YW[(int)nazar];

The first line gives the 1oop for NA number of particles; typically we used i05 or 106

such particles. Since the various particles are diffusing independently of each other, this

loop can be vectorized. The next line calls the Mersenne Twister (mt19937.NextO); it is

a random number generator obtained from de Halleux (2004). It gives a number (nazar)

between 0 and 3 corresponding to the four lattice directions. Newpos is the particle's

new position; thus 1W[nazar] must give the shift in the coordinate due to a move in the

direction given by the index nazar. All sites are numbered consecutively from 1 to L2

and thus the array 1W contains the elements 1, -1, L, -L on the square lattice. For

example, if nazar=2, then JW{2]=L and the particle will move one step in the negative

y-direction. The bit array OCUPADO tells us if the newly-selected site is allowed (free
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"false") or prohibited (obstructed "true") for the diffusing particle. If that site is

prohibited, we do nothing, skip the code in the "if' statement; otherwise we shift the

original Apos[IA] of the particle to the new position Bpos[IAI. The distance Xpos[IA]

and Ypos[IA] in x and y-directions of particle IA from the origin of its random walk is

updated by adding XW[nazar] or YW[nazar] to them, where the four elements of each

array XW and YW are 1, -1, 0, 0 and 0, 0, -1, 1 respectively., depending on the four

directions in the square lattice. Even if a particle starts at the center of the lattice, it may

move toward the boundaries. Therefore, periodic boundary conditions are imposed, i.e.

the particle is re-located as it would be entering the lattice from the opposite site that it

is leaving. This is graphically shown in Fig. 1.2.

Four computer experiments were carried out to evaluate the MC code. The experiment

variables were L or number of sites on the square lattice side and NP or initial number

of particles. The proportion of the disc source to the lattice side is expressed by the ratio

na where r=L/2, in this case the ratio was set to 4.5. See Fig. 1.3.

The equivalence between 0, dimensionless time for analytical solution and n, number of

time steps in the MC simulation was obtained as follow:

r 9

=!=iPi= 4rd29
r

4D

4a22O 2=4a8
£2

(1.33)

In this case rd is the actual magnitude of the central spot radii and "a" is the number of

lattice sites of the central spot radii. Table 1.1 specifies each experiment:
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Table 1.1 Monte Carlo simulation experiments.

Experiment L NP r a n1 n2 fl3 fl4 CPU time [5]

1 100 iö 50 11 30 121 272 484 1-15
2 100 TO 50 1! 30 121 272 484 10-150
3 200 Tö 100 22 121 484 1089 1936 5-76
4 200 TO 100 22 121 484 1089 1936 50-760

For each experiment the Mean Square Enor (MSE) was evaluated from:

MSE=
/(uA_uMc)2

Ni

where uA: dimensionless concentration from analytical solution

uMc: dimensionless particle concentration from MC solution.

Ten runs for each experiment were performed to account for statistical enor.

(1.34)
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Fig. 1.2 Random Walk diffusion for a Circular Disc on an infinite xy-plane as
compared with a 1-dimensional analytical solution



25

L

Fig. 1.3 Lattice side to Disc Source radii, na is set to 4.5
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The parameter of interest now is the diffusivity coefficient D, and it can be obtained in

two ways from the MC simulations:

a. From the slope of the graph MSD vs. time which is directly computed by

monitoring each particle's position every Monte Carlo time step.

b. From the slope of the graph MSD vs. time, where MSD is computed from the

standard deviation of the particle distribution at each time (n1, n2, n3 and n4),

method proposed by Crocker & Grier (1996). The calculation for each

distribution are,

Estimation of the first moment:

qY=

ui
(1.35)

The first moment represents the mean position of the distribution. The total

number of concentration measurements is k; p is the location of the

measurement u1.

Estimation of the second moment can be expressed as:

(ço _)2U.

MSD=ci
k

(1.36)
ui

Dimensionless variables can be scaled to represent actual units of
measurements.

Diffusivity coefficients were estimated for all computer experiments form independent

ten runs, then the mean and standard deviation computed to account for statistical error.



The degree of obstruction C0b is defined as the number of occupied sites over the total

number of sites in the lattice, and it can be used to evaluate the effect of obstruction on

the diffusivity coefficient. To graphically observe this effect, the tested MC program

was run for different degrees of obstruction: 0.1, 0.2, 0.3, 0.4 and 0.5. Further degree of

obstruction would result in no particle movement because particles would be trapped in

clusters and D would go to zero. There are two distinct levels of obstruction under and

over the percolation threshold concentration C. At this obstacle concentration the first

infinite cluster is formed and particles in that cluster can no longer diffuse side to side

on the system. This value is dependent on the kind of lattice used; the numerical value

for a square lattice is C=0.40723 Sahimi (1994). In this way obstacles can be arranged

in prescribed fashion or at random depending on the available information about the

system microstructure. In the case here analyzed, obstacles were randomly placed on

the lattice by mean of a uniform distribution, at the prescribed degree of obstruction.

Then the effective diffusivity coefficient De was estimated from the distributions.

Results and Discussion

The analytical solution was first tested against literature results. An exact replicate of

figure 3.2, from p. 30 of Crank (1975), was obtained when 10 terms in the infinite series

related to Eq. (31) were used, Fig. 1.4.

In order to check the Monte Carlo code, the analytical solution was run for the four

experiments described above. Figs. 1.5, 1.6, 1.7 and 1.8 show the analytical solution as

well as the MC solution for all experiments. Each experiment was run ten times to

evaluate the statistical error of the MC program through the evaluation of the MSE,

shown in Table 1.2. It can be seen that even if all simulations are satisfactory, as the

number of particles increases, the error decreases. Also, the higher the number of time-

steps n (higher L) the lower the error. However, in both cases a lower error costs more



Cpu time. The best combination should be selected by considering the specific problem

under study.

Two other Random Number Generators (RNG) were used to further test the code:

Ecuyerl998.Next and LaggedFibonacci607.NextDouble. MSEs were similar, however,

cu time increased by about I order of magnitude when Ecuyerl998.Next was used.

LaggedFibonacci6o7.NextDouble maintains the same CPU performance as compared

with Mt19937.Next. These findings demonstrate that the RNGs are not just important in

terms of randomness, but also in regards to CPU-time performance.

Table 1.2 MSE, average and SD for ten runs of each experiment.

Experiment Average MSE SD
1 0.024 0.0022
2 0.019 0.0015
3 0.048 0.0016
4 0.017 0.0004

The diffusivity coefficient was evaluated from distributions using both methods

described on p. 13: (a) MSD from the actual position of particles over time and (b) by

computing the standard deviation of the distribution at different times. In these cases the

true D value is always know as it is fixed as input in the MC program. Using r=1 [s]

and [=1 [tm], from Eq. (1.27) we obtain a D value of 0.25 [jim2/s], therefore, the slope

of the curve
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Fig. 1.4. Analytical solution for an instantaneous Disc Source in an infinite plane.
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Fig. 1.6 Results of experiment 2: L=100; NP=106
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Fig. 1.8 Results of experiment 4: L=200; NP= 106
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<r2> vs. time should be 2D or 0.5 [pm2Is] for one dimensional walk. As shown in Fig.

1 .9ab, both methods give similar results for the slope (2D) of the curve. Table 1.3

shows the mean and standard deviations of D values obtained from ten independent

runs of the MC program.

Table 1.3 Diffusivity coefficient D, average and SD for ten runs of each experiment.

Experiment Average D [pm2/s] SD [J1m2/s]
1 0.25 0.02
2 0.24 0.01
3 0.25 0.02
4 0.25 0.02

These D values were computed from the distributions (method (b)) at different times.

Low statistical error was obtained for all four experiments and because the results from

the MSE showed better performance for higher particle concentration, we will use

L=100 and NP= 106 to make simulations in obstructed non homogeneous domains. MC

simulations were performed above and below the percolation threshold (Cp=0.40723).

Fig. 1.10 shows the change of the MSD with time for different degrees of obstruction. It

can be observed that when the degree of obstruction is below the percolation threshold,

at large time MSD increases linearly with time, with constant slope 2De. Anomalous

diffusion or time dependent diffusivity coefficient occurs at short time. When the

degree of obstruction is above the percolation threshold, no long-range diffusion is

possible. Particles are isolated in finite clusters, and as t approaches infinite, MSD

approaches a finite limit. This limit is proportional to the average radius of gyration of

the finite clusters (Mitsescu & Roussenq, 1983). Fig. 1.11 shows the particle

distributions at time O=(l/2)2. It is notorious that when the degree of obstruction (Cob)

is 0.4, near percolation threshold, the distribution of C/C0 does not differ significantly
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from that at 0=0. Fig. 1.12 depicts results of MC simulation for C0b=O.35, below the

percolation threshold, for all four times. It is interesting to note that for 04=1 the center

of the distribution decreased to around 0.8 while in unobstructed diffusion (C0b=O) it

falls to 0.2 (Fig. 4), this shows a significant effect of the obstacles, which can be

estimated by MC method. A curve MSD vs. time can be now generated by direct

computation of particle position over time Fig. 1.1 3a. The slope obtained this way is

comparable with that observed from Fig. (1.1 3b) where the MSD (2) is computed from

the particle distributions in Fig. 1.12. This is the same exercise made with the

unobstructed simulations Figs. 1 .9ab.
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Fig. 1 .9a. MSD over time as computed directly from each particle position. The slope
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Fig. 1 .9b. MSD over time. MSD is evaluated from the 2 of the particle distribution at
each selected time in a 1-dimensional walk.
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Fig. 1.10 MSD over time for different degrees of obstruction above and below the
percolation threshold (Cp=0.40723).
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Fig. 1.1 3a. MSD over time as computed directly for each particle position in an
obstructed system (Cp=O.35).
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Fig. 1.1 3b. MSD over time. MSD is evaluated from the 2 of the particle distribution at
each selected time.
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The framework here presented could be used to study the following different potential

situations:

a. We may have information on the micro structural conformation of a system and

want to assess its impact on diffusion. In this case we can generate MC

computer experiments and complement them with theoretical approaches.

b. We may have experimental results, for example, fluorescence intensity

distributions obtained from probe-molecules in a specific system. In this case we

can evaluate MSD from the distributions and then estimate the De. The impact of

the system microstructure can then be assessed by comparing MSD from MC

simulation under different degrees of obstruction with those experimentally

obtained.

Many other situations can be studied by complementing experimental, theoretical and

computer simulation approaches.

Conclusions

In conclusion, it has been shown that a simple MC program can perform as well as the

corresponding analytical solution and that the MC method allows for further

complexity. For example, degree of obstruction can readily be incorporated to evaluate

its effect on the diffusivity coefficient. This approach could be applied to food systems

like cells and tissues and other matrixes to aid in the understanding of mass transfer

complementing both theoretical and experimental approaches. The framework

presented here can be easily adapted to allow analysis of desired systems.
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A study of obstructed diffusion in fish muscle cells using Random Walk simulation
and FRAP experiments.

Abstract

The Monte Carlo (MC) simulation approach has been increasingly used to elucidate

physical processes in biological systems studied within the biomedical field. However,

it has not been broadly applied in food science and engineering. If problems of

molecular transport in biological systems can be studied by MC simulation, certainly

the classical molecular transport problems in food engineering can be analyzed by the

same approach. This study describes the complementary utilization of experimental

(FRAP) and computer (MC-Random Walk) simulation approaches to assess the degree

of obstruction (Cob) and effective diffusivity coefficient (De) of two macromolecules

diffusing in fish muscle cells: Dextran 9,400 (FD lOS) and 17,200 (FD 20S) in

molecular weight. MC results for C0b (fraction of total area) were 0.29 and 0.34, and De

values were 23.7 and 11.2 [iim2/sI, for both macromolecules, respectively. The

statistical error in the estimation Of De was estimated to be [22.8-24.6] and [9.7-12.7] in

terms of a 95% confidence interval, where average experimental values of 24.3[pm2/s]

for FD lOS and 11 .4[pm2/s] for FD2OS were captured by the respective interval. A

complementary experimental and computer simulation approach could facilitate

research and lead to better understanding of mass transport processes in food systems.

Introduction

Fish muscle has been infused with a variety of solutes for different purposes. Long-term

storage of frozen fish, specifically muscle tissue, requires protection against loss of

protein functionality. Marinating, salting and brining are used for flavoring,

acidification, texture effect and color (Cabrer, Casales, & Yeannes, 2002; Wang, Tang

& Correia, 2000). Solutes used for these applications, among others, are sodium-

chloride, calcium-chloride, lemon-juice, citric-acid, acetic acid, tripolyphosphates
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(TPP), sucrose, etc. Food-grade protease inhibitors like beef plasma proteins, whey

proteins and egg albumin are mixed with muscle tissue to improve texture.

Cryoprotectants such as sorbitol are of interest in the food industry, mainly because of

their effect on preventing protein denaturation and maintaining texture properties. It

has been shown that the inhibitor concentration required in the meat to achieve

inactivation of proteolytic softening produces off colors and flavors. Also, marinating

whole fillets resulted in inconsistent delivery of the solute throughout the tissue (Lamb-

Sutton, 1995). Similar disappointing results for injection of cryoprotectant and

inhibitors solutions in fillets at the commercial scale have been reported (Goeller,

Amato, Farkas, Green, Lanier & Kong, 2004; McFarland, 1990). Cells at different

locations in the tissue can experience very different local environmental changes; for

example, the change in concentration of solutes during the addition process can vary

due to the limitation of mass transfer within the tissue. A specific aim of the addition of

solutes is to ensure a maximum and even effect throughout the tissue.

Fish muscle tissue contains bundles of parallel muscle cells called myotomes that are

connected to sheaths of connective tissue (myocommata), anchored to the skeleton and

the skin (Fig. 2.1) (Goodband, 2002). All muscle cells extend the full length between

two myocommata, and run parallel with the length of the fish. The muscle mass on each

side of the fish makes up the fillet, of which the upper part is termed the dorsal muscle

and the lower part the ventral muscle (Love, 1970). As in mammals, the muscle tissue

of fish is composed of striated muscle. The functional unit (the muscle cell) consists of

sarcoplasma containing nuclei, glycogen grains, mitochondria, etc., and a number (up to

1,000) of myofibnls (Fig. 2.1). The myofibrils contain the contractile proteins, actin and

myosin. These proteins, or filaments, are arranged in a characteristic alternating system

that makes the muscle appear striated upon microscopic examination.

It is highly desirable to assess the diffusion of solutes through different compartments

of fish muscle tissue, including extracellular, membrane and intracellular transport. It is

also a mandatory step in effectively blocking negative effects of extrinsic processes and
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biochemical intrinsic degradation, as well as to enhance positive effects on other

characteristics.

Laser Scanning Confocal Microscopy (LSCM) is a form of optical microscopy that has

been used extensively in biological sciences for over a decade. The key advantage of

LSCM is its ability to eliminate out-of-focus light that limits the normal light

microscope in obtaining images at any depth of a transparent object. This advantage

allows LSCM to obtain three-dimensional imaging. The combination of LSCM with

Fluorescence Recovery After Photobleaching (FRAP) results in a powerful tool that can

experimentally measure the diffusion of fluorescence-leveled molecules. FRAP, also

called micro-photolysis, is a rather old, yet ever-evolving, fluorescence technology. In

this method, fluorescently labeled molecules are introduced into the system under study

by microinjection, incubation, or targeted expression of green fluorescence protein. In

the case of incubation, the sample is allowed to achieve equilibrium. A well-defined

volume or area element in the sample is irreversibly bleached by a short intense light

pulse. After bleaching, the non-fluorescence species in the observed region may be

replaced by diffusion of other fluorophores, resulting in a recovery of the fluorescence

signal. The rate of recovery of the fluorescence signal is a measure of the mobility of

the species in the system. A theory describing the relation between the observed

fluorescence recovery and diffusion in the case of a two-dimensional (2-D) system has

been widely documented (Axerlod , Koppel, Schlessinger, Elson & Webb, 1976;

Garland, 1981; Yguerabide, Schmidt &Yguerabide, 1982; van Zoelen,Tertoolen &Laat,

1983; Peter & Scholz, 1990; Cutts, Roberts, Adler, Davies & Melia, 1995). The 3-D

situation is much more complicated, and in most cases it will be preferable to design the

system in such a way that a 2-D approach is valid (Blonk, Don, Van AAlst &

Birmingham, 1992). However, 3-D approaches are also available (Braeckmans, Peeters,

Sanders, De Smedt & Demeester, 2003). LSCM and FRAP have been applied to

measure solute transport in biological systems such as cell membranes, intracellular



compartments, and biological polymers. An extensive review of the technique was

published by Meyvis, De Smedt, Van Oostveldt & Demeester (1999).
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Fig. 2.1 Fish muscle tissue and cell microstructure. (Goodband, 2002)



Muscle cell is also included among LSCM/FRAP applications, Papadopoulos,

Endeward, Jurgens & Gros (2000) employed microinjection and

microspectrophotometry to measure a wide range of proteinsizes (12-3700 KD) in rat

skeleton muscle fibers. They found a strong effect of the myofilamental lattice on the

diffusivity coefficient of sarcoplasmic proteins, and a higher degree of hindrance when

the dimension approached interfilament distances. Similar conclusions were reported by

Baylor & Pape (1988) for myoglobin diffusion in frog skeletal muscle cells.

Papadopoulos, Endeward, Revesz-Walker, JUrgens & Gros (2001) used FRAP to

measure radial and longitudinal diffusion of myoglobin and other proteins. It is

conceivable that the highly ordered sarcoplasmic structure, i.e.the myofilaments, might

give rise to a significant difference between the longitudinal and radial diffusion

coefficient; however, they found no marked difference when rat skeletal muscle cells

were analyzed. They concluded that the high tortuosity in the radial direction slows

down diffusion to the same extent as does the hindrance imposed by the meshes of Z

discs and M lines in longitudinal directions. A modified FRAP technique was used by

Arrio-Dupont, Foucault, Vacher, Devaux & Criber (2000) to show that the diffusivity of

various globular proteins in cultured muscle cells is a decreasing function of their

hydrodynamic radius. Most tracers mentioned above are not inert and might cause side-

effects such as electrical interaction. The use of fluorescein-isothiocyanate coupled to

dextrans (FITC-D or FD) has been shown to be a useful tracer due to its high neutrality

and variety of sizes, with minimal side-effects (Thorball, 1981). Arrio-Dupont, Criber,

Foucault, Devaux & D'Albis (1996) microinjected FITC-Ds of various sizes in cultured

muscle cells and measured the diffusion of tracers by FRAP. They found the diffusivity

coefficients for FD of sizes ranging from 9,400 to 143,000 Dalton in water as well as in

cultured muscle cells. They concluded that the mobility of inert molecules in muscle

cells is size-dependent, hindered by both the crowding of the fluid phase and the

screening effect of myofilaments. In the case of proteins, both specific binding to

cellular structures and non specific interactions due to electrostatic charges are factors

that further contribute to intracellular mobility. The intracellular space diffusion of



solutes or particles may be significantly affected by obstacles, such as myofibrils. This

phenomenon should be analyzed by taking into account diffusion in heterogeneous

medium. A general definition of diffusion is given by the Einstein-Smoluchowsky

relation (for a d-dimensional system):

D=__'R2 (2.1)
2dr /

where D: diffusivity coefficient

<R2>: Mean Square Displacement (MSD) of solute particles

t: time

In normal diffusion, the MSD grows linearly with time t, and according to Eq. (2.1) D is

constant. This is the familiar ordinary diffusion known as Fick's law. In obstructed

diffusion, the MSD grows with t at a rate slower than linearly. Thus, the motion of the

particles is very slow and D (now De) could vanish after a long time. This is called sub-

diffusion, anomalous diffusion or fractal diffusion, and is often encountered in

obstructed diffusion or binding-reaction diffusion. Sub-diffusion cannot be described by

the classical continuum equation or Fickean diffusion. The application of the idea of

diffusion in heterogeneous medium was mainly focused on solving problems of flow

and transport of molecules through porous media such as soil and was first popularized

by de Genes (1976). He made an analogy between the motion of a random walker in a

disordered medium and the motion of an ant trying to find its way in a labyrinth. An

important parameter in obstructed diffusion is the percolation threshold, Ci,, defined as

the highest concentration of obstacles at which a particle can still move side to side in

the system. Long-range diffusion of tracers is allowed at area (volume) fraction of

obstacles below C and blocked at higher area (volume) fraction. These effects have

been studied by the computer simulation approach. Diffusion as a Random Walk

process has been analyzed by Monte Carlo (MC) simulation. Olveczky & Verkman

(1998) published an MC analysis of obstructed diffusion within cell organelles
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(mitochondna and endoplasmatic reticulum). MC analysis due to obstacles and binding

was also studied by Saxton (1994, 1996). He studied mass transfer from unobstructed

diffusion to the percolation threshold in order to examine the time frame over which

anomalous diffusion occurs and the magnitude of deviation from normal diffusion.

Monitoring the MSD over time is key to the analysis of obstructed diffusion such as in

fish muscle cells. When an obstructed system is under study, it is critical to analyze it

for anomalous diffusion and its implications on the problem being analyzed. The

computer simulation approach has been increasingly used to elucidate physical

processes in biological systems (Almonacid, Bolte & Morrissey, 2005). This study will

determine whether the experimental approach through LCSM/FRAP analysis and

computer simulations using Monte Carlo (Random Walk) complement each other to

better describe macromolecular transport in fish muscle cells.

While the general goal of this study is to show how the complementation of
experimental and computer simulation approaches can be utilized to better describe and

understand macromolecular transport in a food system, specific objectives include:

To estimate the degree of obstruction for two sizes of Dextran

macromolecules diffusing in fish muscle cells.

ii. To estimate the fate of anomalous diffusion as a result of the degree of

obstruction, and its effect in the problem being studied.

iii. To test the use of fluorescence distributions from FRAP experiments in

estimating the diffusivity coefficient of macromolecules diffusing in an

obstructed medium.
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Material and Methods

LSCM/FR14P experiments

Fresh Pacific halibut (Hippo glossus stenolepis) was obtained from a local distributor

(Fresh Catch Seafood, Durham NC). Small bundles of white skeletal muscle (3 to 5

fibers) were isolated from the anterior epaxial region from each of two fish samples as

decribed by Carvajal and Lanier (2004). The bundles were mounted in specially made

slides that have a circular opening (15 mm diameter) cut from the center. The slides

were used for fiber incubation as well as for LSCM/FRAP experiments. The bottom of

this circular chamber was sealed with a grease coverslip placed below the opening in

the slide. The chamber was 1 mm deep and could hold 200 tL, a volume sufficient

enough to ensure that fibers were completely surrounded by incubation solution. Two

sizes of FD (9,400 and 17,200 Dalton molecular weight) were used for experiments

(Sigma FD lOS and FD 20S). A stock Ringer solution was prepared according to

Langfeld, Crockford & Johnston (1991), at pH 7.2. Incubation solutions, with both FD

sizes, were prepared to a concentration between 2 and 2.5 mg/mL. These concentrations

were chosen to ensure no interaction among FD molecules (ideal solution). Graessley

(1980) estimated that polymer chains, such as dextrans, begin to significantly interact at

molar concentrations exceeding:

C =(8N,ri' (2.2)

where NAis Avogadro's number and rg is the radius of gyration of the polymer in m. In

order to relate rg and MW of dextran, we used the relation shown by Ekani-Nkodo &

Fygenson (2003):

rg = 2.4x10'(MW)°53 (2.3)

According to these relations (Eq. (2.2) and (2.3)), FD1OS and FD2OS should have a

concentration less than 67 and 47 mg/mL, respectively. Five slides with fibers were

filled with incubation solution FD 105 and five with FD 20S. The slides were kept
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overnight at 5°C for saturation. The day of LSCMIFRAP experiments, samples were

taken out of the low temperature incubator for equilibration at the experiment terature

of 22°C. FRAP experiments were performed by using the timelapse/bleach function on

a Leica confocal microscope TCS NT (Leica, Wetzlar, Germany). This function

conducts photobleaching and records fluorescence recovery automatically according to

pre-set time intervals. In these experiments the time intervals were set at 2.64 s, and 10

to 15 images were taken for each experiment. The 488-nm line of a 100-mW argon ion

laser was used for sample bleaching and fluorescence excitation. Emitted light was

monitored at 520 nm. Typical settings for prebleach and recovery scans were 0.3% of

the maximum laser power. Images were obtained with a 40 x 1 .25NA oil objective and

optical zoom at 1.0. Diffusion measurements were taken at the center of the sample as

illustrated in Fig. 2.2. In this case, it is important to note that not only the fluorescent

molecules in the focal plane are bleached, but the bleaching occurs throughout the

whole light cone. Therefore,

the recovery in the bleached area will mainly arise from diffusion of non-bleached

fluorescent molecules in the focal plane. All images were processed with a Leica

confocal software; Lite Version, Leica Microsystems.
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Fig. 2.2 FRAP experiment illustration
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Determination of the diffusivity coefficient from fluorescence distribution curves.

The fluorescence distribution curves obtained from the LSCMIFRAP experiments were

normalized under the assumption of a linear relationship between fluorescence intensity

and fluorophore concentration. The curve represents 1-dimensional diffusion, as the

intensities are taken from a line through the center of the image. The data so obtained

can be treated as described by Crocker & Grier (1996) and tested by MC simulation by

Almonacid, Bolte & Morrissey (2005). The method is based on the fact that the

measurement of the distribution spread c2 represents the MSD of the particles.

Therefore, by evaluating the first and second moment of the distribution at different

times (different images), it is possible to obtain the curve MSD vs. time from which the

effective diffusivity coefficient De can be evaluated as MSD=2Det.

Estimation of the first moment:

(2.4)

The first moment represents the mean position of the distribution. The total number of

concentration measurements is k; q is the location of the measurement u1.

Estimation of the second moment can be expressed as:

(2.5)MSD=a;=
k

Dimensionless variables can be scaled to represent actual units of measurements.



55

Monte Carlo calculations

In order to estimate the degree of obstruction, a Monte Carlo simulation program was

used as described earlier (Almonacid, Bolte & Morrissey, 2005). The MC code

performs a lattice diffusion of tracers in the presence of obstacles and generates

simulated recovery particle distributions and the MSD vs. time curves. This was carried

out for different degrees of obstruction, characterized by the fraction of lattice sites

occupied by obstacles. The Mersenne Twister random number generator was used (de

Halleux, 2004). The system size was lOOx 100, sites in a square lattice, and the bleach

spot was a circle of radii 11 lattice points. Tracers were initially located at uniform

concentration within the bleach spot circle. Periodic boundary conditions were imposed,

but particles contributed to the simulated fluorescence signal only if they were in the

bleach spot of the original 1 OOx 100 system and not if they were in a periodic image of

the bleach spot. In this way, the obstructed system was, in effect, an infinite system with

obstacles periodically repeated. It is important to note that the slope of the MSD vs.

time curve does not depend on the initial condition or the initial particle distribution, as

the slope is a measurement of the change of the distribution spread (MSD) over time.

All programming code was written in C# language within the Visual Studio.NET

environment (Microsoft Visual Studio .NET 2003). A Pentium(R) 4 computer with

CPU 3.00 Ghz and 2.00 GB RAM memory (Polywell ICE-Cube, Polywell computers

Inc., USA) was used to cany out simulations.

After estimation of De was performed from time dependence of the fluorescence

distribution curves, the MC program was run for the conesponding Dextran diffusivity

in pure water. Then, the degree of obstruction was adjusted up to the point at which the

slope of the MSD vs. time curves generated by direct monitoring of each particle

position, was similar to the one generated from fluorescence distribution images. The

MC program was run ten times to account for statistical error.
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Results and Discussion

Two (sample one and sample two) out of five sets of fluorescence recovery images were

chosen from each FD size to carry out the procedure for estimation of De, some of the

images had defects due to bundle tissue irregularities. Fig. 2.3ab and Fig. 2.4ab show

the raw and normalized curves of fluorescence distributions for FD lOS and FD 20S

(sample one), respectively. Fig. 2.5 and Fig. 2.6 show the MSD obtained from the

normalized curves at each time, and the linear correlation for slope estimation for FD

lOS and FD 20S (sample one), respectively. Figs. 2.7, 2.8, 2.9 and 2.10 depict the same

information extracted for FD lOS and FD 20S experiments (sample two). Since this is a

1-dimensional random walk, the De can be estimated from Eq. (2.1) or the slope of the

MSD vs. time curve. Results are shown in Table 2.1 together with published values for

diffusion of same molecules in similar muscle cells.
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Fig. 2.3a Raw fluorescence distributions for FD lOS, sample one.

Fig. 2.3b Normalized fluorescence distributions for FD lOS, sample one.



Fig. 2.4a Raw fluorescence distributions for FD 20S, sample one.
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Fig. 2.4b Normalized fluorescence distributions for FD 20S, sample one.
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Fig. 2.5 Estimation of <r2> from fluorescence distribution curves and trendline fit for
PD lOS, sample one
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Fig. 2.6 Estimation of <r2> from fluorescence distribution curves and trendline fit for
PD 20S, sample one.
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Fig. 2.7 Normalized fluorescence distributions for FD lOS, sample two.
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Fig. 2.8 Estimation of <r2> from fluorescence distribution curves and trendline fit for
FD 105, sample two
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Fig. 2.9 Normalized fluorescence distributions for FD 20S, sample two.

Fig. 2.10 Estimation of <r2> from fluorescence distribution curves and trendline fit for
FD 20S, sample two
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Table 2.1: General experimental and Monte Carlo simulation results

Exp. Reported results MCAVG MCSD MC95%cI C0b

Dceii Dceii Dwater Dceii Dceii Dceii Frac.
[j.m2/s] [tm2/s] [pm2Is] [tm2/s] [.im2/s] [tm2/s]

FD 23.7 29.9 75 23.7 0.2 [22.8- 0.29
lOS1 24.6]
FD 24.9
los2________
FD 11.1 16.0 64 11.2 2.1 [9.7- 0.34
2OS________ 12.71
FD 11.7
20S2________
FD 2.2 17 2.3 0.7 [0.7-3.9] 0.39
iSos

The values obtained are comparable with those published by Arrio-Dupont, Criber,

Foucault, Devaux & D'Albis (1996) even though, they used cultured muscle cells.

(Reported results in Table 2.1). The MC program can be used to assess the degree of

obstruction as well as the statistical error around the estimation. The program was run

for the respective D's (the diffusivity of dextran in water) of 75 and 64 [tm2/s] for FD

lOS and FD 20S, respectively. The degree of obstruction was adjusted from zero (free

or normal diffusion) up to the point in which the slope experimentally obtained was

captured within one standard deviation of ten MC runs (Table 2.1). For both

macromolecules, FD lOS and FD 20S, the degree of obstruction was below the

percolation threshold concentration (0.40723). It means that anomalous or time-

dependent diffusion can be observed at short time and a constant effective diffusivity

coefficient over a long observation time. Fig. 2.11 shows the MSD vs. time curves for

FD lOS dextran with obstructed fraction Cob value of 0.29, and Fig. 2.12 shows the

same curve for FD 20S dextran when Cob has a value of 0.34. It can be observed that the

time-dependent slope is significant during the first 2.0 and 2.5 seconds for both

molecules, respectively. Consequently, for studies in which the time-scope of
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observation is longer than the anomalous diffusion period, then, De can be assumed to

be constant. For instance, when a marination process is being analyzed by mathematical

modeling, De can be considered constant because the time-scope of the process is in the

order of hours. The COb's assessed by MC simulation are quite lower than those reported

by Johnston (1981), who used electron microscopy to measure the volume occupied by

myofibrils in marine flatfish (Pleuronectes platessa) and found a volumetric fraction

between 0.86 and 0.62 depending on the effect of starvation. If it is assumed that this

fraction can be kept in a two dimensional base, it is clear that the molecules studied here

can easily diffuse through the inter-filament spaces.
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Fig. 2.11 MSD computed from particle position through MC simulation for FD lOS

Fig. 2.12 MSD computed from particle position through MC simulation for FD 20S



This reasoning holds true by considering that the space between thick and thin

filaments, when overlapping, is estimated to be 10 nm and the Rh of FD lOS and FD

20S are 2.9 and 3.4, nm respectively (Arrio-Dupont, Cnber, Foucault, Devaux &

D'Albis, 1996). It should be taken into account that inaccuracies could arise from

bleaching fluoresecence molecules during the illumination recovery process because of

fluorsphore unstability. This could result in unreal fluorescence distribution curves and

result in errors in diffusivity estimations. An alternative to FD could be Alexa-Dextran,

a more stable probe. The increased photostability and fluorescence output of the Alexa

Fluor 488 dye makes this fixable Alexa Fluor 488 dextran conjugate a superior

alternative to fluoro-emerald and other green-fluorescent dextran tracers (Haugland,

2000). This probe would reduce experimental inaccuracies coming from bleaching FD

during the recovery illumination step in FRAP experiments.

With the model presented here, it is possible to assess the behavior of bigger molecules.

For example, an FD 150S (MW= 148 kD) can be taken from Arrio-Dupont, Criber,

Foucault, Devaux & D'Albis (1996). They reported a De value of 2.2 [jim2/s] and a D

value of 17 [jim2/sIl when diffusing in cultured muscle cells and water, respectively. The

required degree of obstruction to obtain a slope with a value of 4.4 [pm2/s] (2De) for a

1-dimensional walk, was estimated to be 0.39 Fig. 2.13, which is still below the

percolation threshold (Table 2.1). The MC program was run ten times to assess for

statistical error. Table 2.1 depicts results for the averages, standard deviations and the

95% confidence intervals. These results can be used to assess mass transfer processes of

macromolecules of interest, such as cystatin, a powerful protease inhibitor that has been

used to prevent softening of fish muscle (1k, Jeng & Lanier, 2004; Turk & Bode, 1991),

with a MW of 1 OkD or soybean trypsin inhibitor (MW =21 kD), an inhibitor of trypsin

and chemotripsyn and an important animal digestive enzyme (Song & Suh, 1998). It has

been shown through a specific case analysis how a combined experimental and

computer simulation approach can efficiently help in assessing and understanding

transport phenomena processes in food systems. This complementary combination can



be used in many different situations. For instance, it could be assumed that a system is

made up of a continuous phase and a micro structural matrix and that the viscosity of

the continuous phase is experimentally known, as well as, information about the system

microstructure and molecular dimension, then, by mean of Stokes-Einstein equation

(Eq. (2.6)), the diffusivity coefficient of the molecule of interest in the liquid continuous

phase can be assessed. Then, by MC and the micro structural information we would be

able to estimate the degree of obstruction and the effective diffusivity coefficient of the

molecule in the system.

D= kT

6iri,Rh

where: D: diffusivity coefficient of particles in the liquid [m2/s]

k: Boltzmann's constant (RINA) 1.38 x l023 [JK']
R: Gas constant 8.31 [JK1m0F'I

NA: Avogadro's constant 6.02 x 1023 [mol'I
i: Viscosity of the liquid [Nsm2]

Rh: Hydrodynamic radius of the particle [ml

Finally, a theoretical approach can be utilized for a macroscopic assessment of the

transport phenomena. This logic is illustrated in Fig. 2.14.

(2.6)
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Fig. 2.13 MSD computed from particle position through MC simulation for FD 1 SOS



Experimental approach

1 : continuos phase viscosity

Rh: molecular hydraulic radii

D= kT

ir

Milk gel microstructure
(Lavochkin, Zuckerman & Schmidt, 2001)

roajjJ Computer simulation approach

Experimental approach

v' Degree of obstruction Cob
v' Effective diffusivity coefficient De

Dimensions ............ Theoretical model Theoretical approach

Macroscopic description

Fig. 2.14 Example of a problem for which all three approaches can be applied
complementary.



Conclusions and Recommendations

A complementary experimental and computer simulation approach can facilitate

research and lead to better understanding of mass transport processes in food systems. It

is possible to estimate Cob and De for macromolecules diffusing in fish muscle cells by a

combination of FRAP experiments and Monte Carlo simulation. The incorporation of

the computer simulation approach in food science and engineering would strengthen the

understanding of natural phenomena and complement commonly utilized experimental

and theoretical approaches.
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Modeling macromolecule transport during infusion in multi-cellular fish muscle
tissue containing extra-cellular space.

Abstract

A mathematical model which incorporates extra-cellular space, cell membrane and

intra-cellular space characteristics was developed for the theoretical simulation of

molecular diffusion to and within fish muscle tissue. An explicit finite difference

method is utilized to solve the three-dimensional mass transport within a unit element

representing the whole muscle tissue. Known diffusivity coefficients, in extra and intra-

cellular space, of three macromolecules were used (Dextrans of 9,400, 17,200 and

140,000 MW) and two tissue porosities (0.21 and 0.80) were considered in this analysis.

The effect of the membrane diffusivity coefficient is assessed by varying it from no

effect (membrane diffusivity equal cell diffusivity) to a value of 0.001 [im2/sII.

Significant influence on the degree of solute penetration and solute distribution between

intra and extra-cell space was found when the cell membrane characteristic and tissue

porosity is changed. These results could be significant especially, when location of

solutes such as cryoprotectants or protease inhibitors are critical to achieve the expected

effect.

Introduction

The infusion of fish muscle with a variety of solutes has been used for a variety of

purposes. Long-term storage of frozen fish, specifically muscle tissue, requires

protection against loss of protein functionality. Marinating, salting and brining are used

for flavoring, acidification, texture effect and color (1k, Jeng & Lanier 2004; Cabrer,

Casales, & Yeannes, 2002; Wang, Tang & Correia, 2000). Solutes which have been

applied, among others, include sodium-chloride, calcium-chloride, lemon-juice, citric-

acid, acetic acid, tripolyphosphates (TPP), sucrose and sorbitol. Lamb-Sutton (1995)

found that marinating whole fillets resulted in inconsistent delivery of solutes
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throughout the tissue. Similar results for injectionlinfusion of cryoprotectant and

inhibitor solutions in fillets at the commercial scale have been also reported (Goeller,

Amato, Farkas, Green, Lanier & Kong, 2004; McFarland, 1990). The multi-cellular

nature of fish muscle tissue represents a complex mass transfer problem which can be

best assessed by mathematical modeling. Fish muscle tissue is divided into blocks of

muscle known as myotomes which are separated by collagenous myocomata. The

individual muscle fibers (muscle cells) are long cylinders which run parallel to each

other and extend the full length between two myocomata (Goodband, 2002). Muscle

cells can be as long as 10 mm depending on the species, size and position along the fish

length Fig. 3.1 (Love, 1970).

Animal and plant multi-cellular tissues have been previously studied through

mathematical modeling techniques. The complicated molecular mass transfer in this

process can be modeled by a pseudo-diffusion approach in which the heterogeneous

material is assumed to be homogeneous and an unsteady state second-order diffusion

equation is used to find an approximate solution to describe the mass transferred.
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Fish fillet

Fig. 3.1 Structure of fish muscle tissue
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An effective diffusivity coefficient is calculated by regressing experimental data.

Micro-models, which have been shown to closely describe this process, have been

developed. These Micro-models recognize heterogeneous properties of the tissue and a

simplified conceptual model is generated, which represents the actual complex cellular

structure of the tissue. This allows for the determination of the relative influence of

extra cellular space, intracellular space and the cell membrane. These models provides

the ability to assess the resistance to solute penetration, and estimate, which of these

tissue components control the mass transfer process.

Osmotic dehydration of plant tissue was thoroughly studied by researches and reported

in a series of papers (Tupin, Marcotte & Le Maguer 1989; Tupin & Le Maguer, 1989;

Marcotte, Tupin & Le Maguer, 1991; Marcotte & Le Maguer, 1992; Yao & Le Maguer,

1996; Yao & Le Maguer, 1997; Yao & Le Maguer, 1998). These authors developed a

mathematical model which represents different elements of the biological system.

Water flow, solute diffusion through the extra-cell space, permeation through cell

membrane and perfect mixing in the intracellular space, were considered (Tupin,

Marcotte & Le Maguer 1989). The tissue was modeled as a hypothetical equivalent in

which each average unit cell was represented by a cylindrical equivalent, and the real

three-dimensional microscopic process was conveniently handled unidimensionally.

An important conclusion of this investigation was that the pseudo-diffusion approach

showed no predictive ability with regard to osmotic dehydration unless the time and

space variation of the diffusivity coefficient could be estimated. The tissue

representation used in this reports sequence, is the well known Krogh model, developed

by Krogh (1919) to represent the capillary oxygen delivery in muscle tissue. The same

representation was used by Renau, Bruley & Knisley (1969) to describe the oxygen

transport in the capillary-cerebral matter system and also by Graboski (1974) to assess

capillary permeability.

Tissue engineering, based on the revolutionary development of biotechnology, has also

been a topic of interest, especially in the medical field. Solute delivery into and within
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systems such as engineered human skin is a complex mass transfer problem. Engineered

tissues are usually preserved and stored by cryopresenvation in which the tissue is

subjected to a freezing process. Before the tissue is frozen, it is loaded, usually by

injection or infusion, with cryoprotecting agents to protect against cellar damage which

may occur due to dehydration or ice formation. The loading step is a complex mass

transfer process in a multi-cellular tissue. Cui, Dykhuizen, Nerem & Sembanis (2002)

attempted to make a generic model to describe the loading/unloading of solute

(cryoprotectants) and heat transfer process, in engineered tissue by modeling a tissue

composed of intracellular, extracellular space and membrane. The whole construct is

discretized into N control volumes or elements, the volume of each element consisted of

two compartments, one occupied by cells and the other by extracell space, both

separated by a membrane. Cells although dispersed inside the elements, were assumed

to behave like one collective unit, each unit composed of both, the integrated, cell

volume and extracellular space. The surface area of the membrane for each element was

considred to be the summation of all cells dispersed into one element. Perfect mixing

was assumed to occur within the volume of the cells. The model was then numerically

solved. It was concluded that the model was usable to design experiments toward a

model validation procedure, and to evaluate the design of bioconstructs on the basis of

their sustainability to cryopreservation and to guide the selection of cryopreservation

protocols for a given tissue product. Muscle tissue has also been analyzed in regard to

mass transfer. Hums & Burn (1948) studied the kinetics of the transfer of alkali metals

ions between an assembly of cells, such as muscle tissue, and the sunounding medium.

In their model mass transport is influenced by two factors, the rate of diffusion of ions

in the extra-cellular space and the rate of crossing the cell boundaries. The researchers

considered the muscle tissue as a plane sheet containing long parallel right circular

cylinders, representing the cells. Between cells exists extra-cellular or channels through

which the substance has to travel between the outer surface and any point inside the

sheet. They obtained a system of differential equations which was solved analytically.

Results were generated for the extra-cellular space diffusivity coefficient and
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permeability by using experimental data obtained with radioactive tracer elements. The

main weakness of the model is that it does not consider the diffusion within the muscle

cells.

The purpose of this study is to obtain a better understanding of mass transfer

phenomena induced by incubation of fish muscle tissue. A mathematical model is

developed in order to assess the relative influence of the tissue components on the

solute penetration and distribution.

Materials and Methods

All programming code was written in C# language within the Visual Studio.NET

environment (Microsoft Visual Studio.NET 2003). A Pentium(R) 4 computer with CPU

3.00 Ghz and 2.00 GB RAM memory (Polywell ICE-Cube, Polywell computers Inc.,

San Francisco, CA) was used to carry out simulations.

The model published by Hurris & Burn (1948) is the closest representation of fish

muscle tissue, therefore this model was adopted with modifications for use in this study.

The muscle is represented as a plane sheet of thickness 2L, composed of N long parallel

cylinders of radii R, which cross the plane thickness. A unit element is considered to be

a parallelepiped with cross section 2Rx2R and 2L length, with the cell represented by

the cylinder, inserted in the parallelepiped. The difference in volume between the

cylinder and the parallelepiped counts for the extra-cellular space Fig. 3.2. Diffusion of

solute from the surrounding solution is assumed to occur in one dimension, while

diffusion within the element is considered in three dimensions. Modeling the muscle

tissue in this manner allows for membrane, extracellular and cell diffusivity coefficient

effect on the global mass transfer process. In this way, one average element will be

loaded with solute from both square section faces (x-y), while all four side faces (y-z, x-

z) are considered to be isolated Fig. 3.2. The mass transfer phenomenon which takes



place in one average element is assumed to represent the global behavior of the tissue.

Diameter of typical fish muscle cell range from 50 to 200 pm (Goodband, 2002).



Fig. 3.2 Fish muscle tissue: conceptual model and discretization
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The general differential equation which describes the diffusion problem is:

cz=iD +--D --+--'D a

at ax x ax) ay a) az
(3.1)

Where C: solute concentration.

D: diffusivity coefficient.

t: time

x,y,z: Cartesian coordinate

With initial condition:

C(x,y,z,O) =0 for -RxR; -RyR; -LzL
And boudary conditions:

C(x,y,±L,t) = I for t>0

i(±R,y,z,t)=O fort>0
ax

(x,±R, z, t) =0 for t>0
ay

Equation 3.1 representing the system described above is discretized (Fig. 3.2) and

numerically solved by an explicit finite difference method. Since the system is

composed of extra cell space, membrane and intra cell space the numerical solution is

derived so that it can handle mass flow through the media inter-phases (Crank, 1975). If

the inter-phase between media "a" and media "b" is to be solved (Fig. 3.3), then:

ac 2Da (c,_, C F
Ala

--n-J
(3.2)
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3C 2Db (c1, -c, +±_"l
(3.3)

b Db)



AXb

AXa

Fig. 3.3 Composite media diffusion



and eliminating F from Eq. (3.2) and Eq. (3.3) the following equation is obtained:

Ci)-
= 2 b

at (a +AXb)

(C. C. )
AXa
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(3.4)

Therefore, applying the finite difference solution (explicit method), the concentration

after a time interval At for a node involving one material is:

C'' = C' + D&[ci+1
2C + C_1

+
C11 2C + C_1

+ Ck+I + Ck_I 1 (35)
z,j,k i,j.k

(A)2 (\)2
(Az)2

and for a node involving two materials is:

--(C, C1) --(C1 C,)P(C, C) PL(Ck+I C1)---(C Ck) (3.6
C'' = C' + 2At

Ay
'1' (x + (Ay + tub) (az, + Azb)

)

It is clear that by replacing D=Da=Db in Eq. (3.6), Eq. (3.5) is obtained. The proposed

model will be used to analyze the diffusion of three macromolecules with know

diffusivity coefficients in water (D) and in muscle cell (Dr). Dextran molecules with
MW of 9,400 (Ml), 17,200 (M2) and 148,000 (M3) daltons with the following

characteristic are shown in Table 3.1.

Table 3.1: Dextran molecules characteristics

MW D [11m2/s] D {im2/s]
Ml 9,400 75 24*
M2 17,200 64 11*
M3 148,000 17 2**

* In fish muscle cell (Almonacid, Bolte & Morrissey, 2005)
** In cultured muscle cell (Arrio-Dupont, Criber, Foucault, Devaux & D'Albis, 1996)



D were also taken from (Arrio-Dupont, Criber, Foucault, Devaux & D'Albis,
1996)

Since no information exists on the dextran diffusivity coefficient in the extra-cellular

space, it was assumed for the purposes of this study to be similar to those from D. The

content of collagen in extracellular space is low in fish muscle when compared to

terrestrial animals and birds, since the water environment lends body support in fish.

Collagenous content ranges from 1.1 to 2.2% (Lampila, 1990). Upon this consideration,

the analysis is oriented to study the model outputs under different membrane diffusivity

coefficients (Dm).

First, the model was checked against the analytical solution for the equivalent

parallelepiped with constant diffusivity coefficient. The numerical solution is

discretized in 10 space intervals n, in all three dimensions:

n =n =n =10 (3.7)

Both, the analytical solution and a stability restriction for the time interval At were

taken into account to obtain correct outputs from the numerical solution (Crank, 1975):

The analytical solution for the corresponding initial and boundary conditions is:

4 ., (-1) I_D(2n+1)2,r2tl ((2n+1)x\expu(x,t)=1--
4L

cos
2L )

(3.8)

where u is the dimensionless concentration:

C(x,t) C0
u(x,t) =

ClCo

C: concentration over space and time

(3.9)



C0: initial concentration in the plane sheet

C1: constant concentration in the sunounding, assuming a well stirred solution.

Eq. (3.8) is similarly applied for all three dimensions (Crank, 1975),

u(x,y,z,t) =u(x,t) u(y,t) u(z,t) (3.10)

The stability restriction is:

AtD
(3.11)

2

The most restrictive time interval results from the smallest space interval and the

highest value of the diffusivity coefficient. The unit element (Fig. 3.2) is set with the

following dimensions:

Side of the section 2R=200 [Mm] as the diameter of a large muscle cell.

Thickness of the plane sheet 2L= 10,000 [Mm] (1 cm) as the thickness of a small fillet

cut.

Therefore, Eq. (3.11), yields time interval of:

0.7s (3.12)
2 75

Results and Discussion

The numerical solution was compared with the analytical solution for a parallelepiped

(200x200x10,000 [Mm]), for initial and boundary conditions already specified. The

comparison was made by generating a saturation curve for the geometrical center of the

system. Fig. 3.4 depicts such a comparison for a At value of 0.1 [s]. In this way, the

model and basic code can be confidently used to carry out theoretical simulations for



different values of the membrane diffusivity coefficient (Dm). For each molecule on

Table 3.1, Dm took the following values:

j. Dm D [11m2/s] (no membrane effect)

li. Dm1 [jim2/s] (Value of the same order of magnitude of the smallest D

value considered in this study, see Table 3.1)

li. Dm=0.1 [im2/s]

iv. Dm0.O1 [jim2/s]

v. Dm=0.0O1 ftim2/s

Effects of Dm have been evaluated in terms of both, the ratio of the average solute

concentration in the cell to that in the extra-cellular space (<Cin>/<Cex>), and the

individual evolution of these concentrations over a time period of 24 [hI. Porosity (c) of

the tissue could be of significant influence in the solute penetration, since it determines

the extra and intra cell space. Computation of porosity takes into account the volume

occupied by the cylindrical cell in the unit element (Fig. 3.3):

(Volume of the elemnet) (Volume of the cylindrical cell)
(Volume of the elemnet)

Two porosities were used in the analysis, the first considers a cell with a diameter equal

to the unit element side (200 [imI) and the second one has a cell diameter of half the

unit element side (100 [tim]) and their values are 0.21 and 0.80 respectively. These

values are dependent on the fish species and its physiological state, for instance, it is

higher during starvation since proteins are utilized as an energy source (Johnston,

1981).

Fig. 3.5ab through Fig. 3.7ab show the model outputs for all three molecule sizes and

porosity equal 0.21. It can be seen that the larger the molecule the more significant is

the effect of Dm. When comparing Fig. 3.5a, 3.6a and 3.7a, it can be observed that there

is no difference in the in/ex concentration ratio for molecule Ml. The ratio is higher, but



not significant for molecule M3, especially, at short time (periods of less than 10 [hI).

After a long time, however, solute content tend to equalize. Fig. 3.5b, 3.6b and 7b

depict the
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Fig. 3.4 Saturation curve: Analytical vs. Numerical solution
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Fig. 3.5a Ratio of intracellular to extracellular average concentration forM! (9,400
MW) c=O.21

Fig. 3.5b Solute cell penetration for Ml (9,400 MW), c=0.21
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Fig. 3.6a Ratio of intracellular to extracellular average concentration for M2 (17,200
MW) c=0.21

Fig.3.6b Solute cell penetration for M2 (17,400 MW), c=0.21



93

Fig. 3.7a Ratio of intracellular to extracellular average concentration for M3 (140,000
MW) c=0.21

Fig. 3.7b Solute cell penetration for M3 (140,000 MW), c=0.21



average solute concentration within the cell. This indicates that the difference in

concentration with no membrane effect and Dm=O.001 [pm2/s] remains similar

regardless of the molecule size, but the absolute solute penetration decreases as

macromolecular size increases.

Figs. 8ab through lOab show the model results when the porosity value is set at 0.80. In

general, it can be observed that the degree of membrane impermeability significantly

affects the solute distribution within the tissue for all three molecular sizes. The ratio

inlex of average concentrations is always lower than 0.8 when DmO.001 [im2/s],

indicating that most of the solute is outside the cell. This result could be significant in

the case of cryoprotectats infusion because their action is to protect the myofibrilar

proteins which are located intra-cellularly. Higher molecular weight solutes would

magnify this effect as observed from Figs. 8a, 9a and lOa. The same effect is illustrated

by Figs. 8b, 9b and lOb, where after 24 [h] of infusion time, the solute concentration in

the extra-cell space is significantly higher than that of the intra-cell space, and even

higher than the solute content when no membrane effect is considered (continuous black

line in all Figs.). Figs. 1 la and 1 lb show the importance of the three dimensional model

for diffusion inside the unit element, especially, when the membrane effect is to be

considered. When no membrane effect is being considered, the gradient through x-axis

is not significant even though D is around six times the D value (molecule M2),

however, when a low diffusivity coefficient membrane is located between intra and

extra-cell space the gradient is clearly depicted (Fig. 1 lb). It is also important to note

that the degree of penetration of a macromolecule of these sizes is not high, even after

24 [hI of infusion time. When no membrane effect is considered, the center of the

muscle tissue has 20% of solute concentration with respect to that in the brining

solution and only around 10% within the muscle cell when membrane effect is

considered (Figs 11 ab). This factor, not previously considered, represents the main

change introduced to the model proposed by Hurris & Burn (1948).
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Although the developed model has, in general, not yet reached the level that would

permit their application to a wide class of problems related to molecular infusion in fish

muscle tissue, it gives valuable information regarding their assumptions and/or

limitations. The main limitations are considered as follows:

One-dimensional mass flow (infinite slab) at the boundary of the flat sheet,

which limits the model application to a thin cut of fish muscle tissue (1 cm

in thickness was used in this study).

ii. Since the unit element represents the average tissue structure, the cell

diameter is considered uniform, which is not true in the actual tissue. This

represents a source of variation that was not analyzed in this study. The

magnitude of this variation may be theoretically assessed and experimentally

checked. Creese, Neil & Stehpenson (1955) studied the distribution of cell

dimensions in rat muscle tissue and obtained a mean of the volume/surface

area ratio (VIA) of 4.5 ± 1.2 m. This indicates that, at least in rats, there is

variation among muscle tissues, which should be considered in future

assessments of fish muscle.

iii. The thickness of the flat sheet considered in the model determines the length

of the cell. The cells run in parallel between two myocommata. The distance

between two myocommata varies from the head to the tail of the fish. For

instance, the longest muscle cells in Cod (Gadus morhua) are generally

found around the twelfth myotome counting from the head with an average

length of 1 cm (Love, 1970). This variation in the actual muscle tissue

structure should also be taken into account, so that the muscle cut in the

model is consistent with the assumption of full length cells crossing the flat

sheet, as considered in the model.



Under these limitations and considering that the whole muscle tissue is represented by

the unit element, the scale up of the solute penetration and distribution in the multi-

cellular tissue can be easily computed for known values of cell diameter and porosity.

For example, when cell diameter and porosity have the values of 200 pm and 0.2,

respectively, the number of unit elements per cm2 of muscle tissue is 2,500 and the

estimation of solute transport in a whole cut can be calculated if the dimensions (height

and width) of the actual muscle are known.

Conclusions

A numerical model has been developed to simulate macromolecular transport in fish

muscle tissue. The outputs of the model can be used to evaluate molecular-agents on the

basis of their capability to penetrate the different compartments of fish muscle tissue,

including extracellular, membrane and intracellular transport. This is a mandatory step

to effectively block negative effects of extrinsic processes and biochemical intrinsic

degradation, as well as to enhance positive effects on other characteristics. Based on the

model limitation, it is expected that this theoretical approach will help guide the

development of future generation of transport models. As such, there is a need for

continued research and refinement of the model. The global model goal should point to

the development of a practical tool to assist in the design of infusion protocols for a

given tissue/solute application by optimizing the process and thereby achieving a

maximum and even effect throughout the tissue. This will result in better process

efficiency and improvement of product commercialization.
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Fig. 3.8a Ratio of intracellular to extracellular average concentration for
Ml (9,400 MW) c=O.80.
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Fig. 3.8b Solute cell penetration for Ml (9,400 MW), c=0.80



Fig. 3.9a Ratio of intracellular to extracellular average concentration for
M2 (17,200 MW) c=0.80.
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Fig. 3.9b Solute cell penetration for M2 (17,400 MW), c=0.80.
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Fig. 3.1 la Dimensionless concentration profile for M2, E=O.80, Dm=1 1 [im2/s].

Fig. 3.11b Dimensionless concentration profile for M2, c=O.80, Dm=O.00l [tm2/s].
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General Conclusions

A basic framework for Monte Carlo simulation applied to diffusion problems has been

developed. The Monte Carlo program was successfully applied for problems of free and

obstructing diffusion. The Monte Carlo approach allows for further complexity by

accounting for obstruction, binding and other phenomena, thereby facilitating the

analysis of complicated systems such as food matrices. Experimental measurements of

molecular mobility within fish muscle cells were achieved by the mean of Fluorescence

Recovery After Photobleaching. This experimental approach, when combined with

Monte Carlo simulation, allowed for a complete analysis of the diffusion phenomenon:

estimation of the diffusivity coefficient, accuracy of the estimation and the fate of

anomalous diffusion. This combined approach proved to be a powerful tool to study

mass transfer problems on a micro-scale and was highly suited for analysis of food

systems. The results from the microscopic analysis were used as input in a theoretical

macroscopic mathematical model, which was developed to describe the mass transfer

phenomena in fish muscle as a multi-cellular tissue. The application was focused on the

solute infusion of macromolecules in fish muscle tissue in order to better describe and

understand the process. The model, although limited by its assumptions, provided

important information about the effect of porosity and membrane permeability on

global solute penetration and distribution. This information can be of prime importance

at the industrial scale to reduce losses due to non-uniform andlor inappropriate solute
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delivery. Overall, it is expected that the present work will facilitate the application of

Monte Carlo simulation in the field of food science and engineering.
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