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As atheoretical framework for understanding the self-assenbly of living cellsinto tissues,
Steinberg prop osedthe di eren tial adhesion hypothesis (D AH) according to which a spe-
cic cell type possesses speci ¢ adhesion apparatus that combined with cell motilit y
leads to cell assenblies of various cell types in the lowest adhesive energy state. Ex-
perimental and theoretical e orts of four decadesturned the DAH into a fundamental
principle of developmental biology that has been validated both in vitro and in vivo.
Based on computational models of cell sorting, we have developed a DAH-based lattice
model for tissues in interaction with their environment and simulated biological self-
assenbly using the Monte Carlo method. The present brief review highligh ts results on
speci ¢ morphogenetic processeswith relevance to tissue engineering applications. Our
own work is presernted on the background of seweral decadesof theoretical e orts aimed
to model morphogenesis in living tissues. Simulations of systems involving about 10°
cells have been performed on high-end personal computers with CPU times of the order
of days. Studied processesnclude cell sorting, cell sheetformation, and the development
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of endothelialized tub es from rings made of spheroids of two randomly intermixed cell
types, when the medium in the interior of the tub e was dieren t from the external one.
We conclude by noting that computer simulations based on mathematical models of
living tissues yield useful guidelines for laboratory work and can catalyze the emergence
of innovativ e technologies in tissue engineering.

Keywor ds: Cell adhesion; di eren tial adhesion hypothesis; tissue engineering.

1. Intro duction

Starting from the beginning of the 20th certury, theoretical models of living tissues
have ewolved along two distinct conceptual lines. The rst of theseviews considers
the tissue as a set of discrete, interacting cells, whereasthe other treats it as a
continuum, and monitors cell densitiesinstead of individual cells!® Here we brie y

describe a few of thesemodels. The interestedreadercan nd further details in the
cited literature.

The continuum approacd, promoted by Murray and Oster, usesthe methods
of continuum medanics and allows for modeling tissuesbuilt of realistic numbers
of cells (see Ref. 14 and referencestherein). The distribution of cells of various
typesthroughout the tissue is described in terms of their densities, whereastheir
morphogeneticrearrangemerts are treated as uxes. The method has beenapplied
for studying developmertal morphogenesisdermal wound healing, contraction, scar
formation and vasculogenesis® The latter phenomenonmay occur in vivo via two
di erent medanisms: (i) vascul@enesis a term usedfor de novo vesselformation
by the self-asserhly of an endothelial cell population, and (ii) angiogenesis the
formation of capillary vesseldy endothelial cell sprouting from preexisting vessels.
(Endothelial cellsrepresen the major componert of small blood vesselsand line the
internal faceof large ones.Besidesendothelial cells, capillaries alsofeature attached
pericytes, a cell type responsible for the stability of capillary vessels.)

Growing large, vascularizedorgan replacemets in the laboratory is one of the
major challengesof tissue engineering.Therefore, understanding the intimate mecd-
anisms of vasculogenesiss vital for building perfusabletissue constructs. Starting
from a cell population randomly distributed on the planar surface of a homoge-
neousextracellular matrix, the model of Murray et al.’* predicts the emergenceof
interconnected lamen tous structures of cellsthat are similar to a vascularnetwork.
The results are in good agreemen with in vitro experiments on endothelial cells
seededon Matrigel. !

One of the most important principles of developmertal biology, which inspired
numerous discrete cell models, is the di er ential adhesionhypothesis (DAH). %° It
statesthat (i) cell adhesioncorrespondsto cell-type-dependert energiesand (ii) the
constituent cells of a tissue are motile enoughto reach the lowest energy con gura-
tion. The DAH withstood the test of time, being con rmed by many experimerts.
This principle leadsto a closeanalogy betweentrue liquids and living tissuesmade
of adhesive and motile cells, such as most embryonic and somearti cial tissues?



Final Reading
Septenber 1, 2006 11:40 WSPC/147-MPLB 01172

Computational Modeling of Tissue Self-Assembly 1219

A considerablenumber of discrete cell modelsrely on DAH. Monte Carlo simu-
lations of the large-N Potts model from statistical physicsreproducedexperimental
ndings regarding the segregationof di erent cell populations and the mutual en-
gulfment of adjacert tissue fragments.® In this model the tissueis represeried on a
lattice, ea cell spansseweral lattice sites, and hasa unique identi cation number;
the average number of sites per cell is maintained around a target value via an
elastic energy term containing a Lagrange multiplier. The simulations are based
on the Metropolis algorithm, accourting for cell migration and shape changesin
systemsmade of up to sewral thousand cells* These simulations suggestedthat
cell motilit y may be ascribed to an e ectiv e, temperature-like parameter.?

Recernt computational models of in vivo morphogenesisbesidesDAH, alsoin-
clude chemical signaling, i.e. chemotaxis, cell di eren tiation and extracellular ma-
trix production.'>'® The processof culmination of the cellular slime mold Dic-
tyostelium dismideum under the condition of scarcefood supply, was simulated in
two dimensionsby combining the Glazier and Graner model* with a set of par-
tial dierential equations able to describe CAMP signaling. The model is de ned
by parameters characteristic for the subcellular level and is able to predict phe-
nomenathat involve the self-organization of thousands of cells. In this respect,
this model bearsthe potential to characterize the morphogeneticimpact of genes
whosefunction is elucidated at the subcellular level.*? Slime mold aggregationhas
also beendescribed using a distinct, force-based three-dimensional (3D) model, in
which individual amoebaeare treated asviscoelastic ellipsoids with type-dependert
adhesionapparatus, intrinsic motilit y and cAMP-mediated signaling capacity.®

2. In Silic o Tissue Engineering

Tissue engineering(TE) is a rapidly developing eld of biomedical researd, which
aimsto repair, replaceor regeneratedamagedtissues.It exploits biological morpho-
genesis,a self-asserbly processthat givesbirth to a large variety of structures in
living systems.TE employs a number of techniqguesmeart to engagecellsinto form-
ing tissues® (seealso the web page http://www.nsf.  gov/p ubs/2 004/n sf 0450/ ).
It is hard to overestimate the importance of the eld, given that growing organs
in vitro could solve the problem of transplantable organ shortage. TE ewlved in
closerelationship with regenerative medicine, and proved successfulin developing
various functional organ modules. Thesemay be usedfor in vivo tissue repair, may
promote tissueregeneration,and can alsobe usedfor testing newdrugs. The clinical
succesf TE dependson nding a suitable cell source,on optimizing sca olds or
hydrogelsthat support cell growth, di erentiation and assenbly, on building biore-
actors able to provide physiological conditions for the engineeredtissues,and, most
importantly, on the developmen of techniquesable to assurelong-enoughshelflife
for the tissue construct to reach the patient.®
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The succesof the theoretical methods currently usedto describe both in vivo
and in vitro rearrangemerts of cell populations motivated recert attempts of mod-
eling phenomenaof interest in TE. In order to be e cien t in screeningalternativ e
experimental designsand in o ering hints for related laboratory studies, computa-
tional tissue engineeringmust properly accourt for the dynamics of cell populations
in the presenceof sca olds and extracellular matrices that on the one hand guide
cell behavior and, on the other hand, are subject to degradation and restructur-
ing by cells. Seweral groups are preserlly engagedin this endeaor. For example,a
recert computational model describesthe movemert of broblasts within an acel-
lular dermal matrix of oriented b ers!® The simulations predict the dynamics of
matrix invasion as a function of various parameters,such as b er sizedistribution,
pading density, and matrix morphometry. The sca old is generatedby a random
walk algorithm and the broblast movemen along the b ers is described by a
v e-state Markovian processof directional change. The hopping of cells between
nearby b ersis simulated using the Monte Carlo method. The simulations are re-
markable also from the point of view of the computational platform they used, a
versatile 3D modeling and animation padkage,MAYA (Alias, Toronto, ON, Canada;
http://www.alias.  con). It incorporatesan onboard programming language,along
with physics simulation, visualization, and animation engines.The computational
model is meart asa supplemeri for experimental e orts to streamline the work o w
of matrix design.

In the corntext of boneand cartilage morphogenesisn vitr o, hierarchical compu-
tational techniqueshave beenemployedto designanatomically shaped 3D sca olds
with cortrolled porosity and chemical composition via solid free-form fabrication. ’
The method proved useful for improving the mecanical properties of sca olds and
resulted in acceleratedtissue formation.

Computer simulations, serving as proof-of-conceptin silico experiments, may
also speed up the dewvelopmert of new technologies. As an example, we presen
results related to the modeling of arti cial organsbuilt from spheroidscontaining
tens of thousands of cells. The self-asserbly of these cell aggregatesresenbles the
fusion of adjacert liquid drops, thus justifying the name of \bioink" given to the
cell aggregatesusedin bioprinters. Their computer-cortrolled, layer-by-layer depo-
sition into a supportiv e hydrogel (also referred to as\biopap er") goesby the name
of bioprinting.® 315 Model assumptionsand parameter estimations are basedon
experiments. Simulations of similar systemsstarting from newinitial con gurations,
with sameor modi ed conditions, are usedto optimize future experiments. In the
following we describe the employed computer simulation method along with some
of the obtained results.

3. A Lattice Mo del of Living Tissues

We rst build a lattice model of a systemof living cellsin a culture medium or an
extracellular matrix, and then turn to simulate its ewolution using the Metropolis
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Fig. 1. A simplied, two-dimensional square-lattice model. Sites are occupied by cells (black), or
volume elements of medium or extracellular matrix (light gray). A cell is considered to interact to
the same extent with nearest or next-nearest neighbors. Cells interact with adjacent cells (light
gray bond) and with the surrounding medium (dark gray bond). In order to avoid double-counting,
only half of the depicted bonds are attributed to the given cell [seeEqg. (1)].

Monte Carlo method.

Our goalis to describe the self-asserbly of cells within tissue constructs made
of hundreds of thousands of cells. Therefore, in cortrast to the Glazier{Graner
model,*® our program focuseson the typesof particles presern on ead lattice site
rather than following cell shape changesor monitoring the position of individual
cells.

For computational simplicity, we discretizethe spaceand represern the biological
systemon a cubic lattice. Each lattice site is occupied either by a cell, or a similar-
sized volume elemert of the embedding medium. Figure 1 depicts the 2D version
of the model that enablesus to explain the signi cance of the terms in the total
interaction energy:

X
E= PCi; a+)*ICi: isagea) +IC0 5 isa) +ICa 5 vy 2] (D)

1)
The occupancy of a given site,(i; j ), is specied by a type index, ;; , which can
take two values, namely O for a medium (type 1) particle, and 1 for a cell (type 2)
particle. A given cell interacts with its neighbors either directly, via cell adhesion
molecules(e.g. cadherins) or indirectly by binding to extracellular matrix laments
via integrins. In our model adhesivitiesare assaiated to contact interaction energies
also referred to as bond energies,which are determined by both the strength and
dynamicsof the involved chemicalbonds. Each term onthe right hand sideof Eq. (1)
can take the valuesJ(0;0) = "11,J(1;1) = " orJ(1;0)=J(0;1) = "1o.
The "'s are positive quartities and represert the mechanical work neededto disrupt
the corresponding bond.
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Fig. 2. Spontaneous rounding of an irregular tissue fragment made of CHO cells during 24 hours
of incubation.

The secondlaw of thermodynamics tells us that sudh a system will ewolve to-
wards the lessstructured, highest symmetry state that has maximum entropy. In
the assaiated biological problem, however, we are dealing with an open system,
so the principle of maximum entropy does not necessarilyimply lessstructure in
the emergen cellular pattern. That is why, for example, the di erential adhesion
hypothesisis not a direct consequencef the secondlaw of thermodynamics. DAH
has its origin in experiments like that of Fig. 2, shaving that an irregular tissue
fragment placedin a nonadhesiwe environment spontaneously rounds up, as a lig-
uid droplet would.® This experiment indicates that the rearrangemer of cells is
dictated by interfacial forces:the tissue rounds up in order to minimize the areaex-
posedto the tissue culture medium. (A sphereis the geometrical object of smallest
surfaceareafor a given volume).

The total interaction energy may be rewritten in terms of interfacial contribu-
tions. To this end, considera con guration of N; particles of type 1, out of which
N/ are located on the 1{2 interface while the rest, N, residein the bulk. A simi-
lar partitioning may be done for the type 2 particles aswell. Thus, Eq. (1) can be
rewritten" as

1 %! !
E = > NP Nn"11+ NZnp"o2 + (N1i, "11 + N2y "12) + (N2i,"22 + N1, "12)
i1=1 i2=1

#

(@)

where the factor 1/2 cancelsthe double counting of interacting pairs. The dummy
index i1 (i2) runs over interfacial particles of type 1 (2), whereasns;, (n,i,) stands
for the number of type 1 (2) neighbors interacting with the type 1 particle labeled
by i;. A similar notation holds for the type 2 interfacial particles labeled by i».
The simulations are performed for systemsof nite size, such that cells are
coaxedto move within the medium. With these boundary conditions, it is tech-
nically cornveniert to maintain an immobile medium layer on the frontier of the
system. The cortribution to the interaction energy coming from this layer is con-
stant and, therefore, it canbe discarded. Thus we are dealing with particles lying in
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the interior of the systemwith n, signi cant neighbors (n, = 8 in two dimensions
and np = 26in three dimensions);thereforenyj, = n,  ny,and Nz, = Ny Nyj,,
which leadsto

|
1 R
E= > (NP + N{)np"1a+ (N2 + N))np"22+ ("12 "11) Nai,
i1=1
w7
+("12 "22) N, - 3)
i2=l

Both sunE)s in Eq. (3) yield the total number of heterotypic bonds

i“ii:l Npi, = ,hiél nii, = Biz. Indeed, the rst is obtained by cumulating the
numbers of type 2 particles in the signi cant neighborhood of ead interfacial par-
ticle of type 1, whereasthe secondoneis the sum of the numbers of type 1 particles
around all type 2 particles from the 1{2 interface. Thus, the total adhesiw interac-

tion energy both in 2D and 3D, becomes

1 1
E= 2Bz SNinp"1z Nanp"22 (4)
2 2
where B, is the number of 1{2 bonds, directly proportional to the area of the
interface, and

"t "2 o, (5)

12 = 12
2

is the interfacial tension parameter. During simulations that do not include cell
proliferation, di erentiation and death the last two terms on the right hand side of
Eqg. (4) are constart and, therefore, they may be omitted.

Canonical Monte Carlo simulations using E = 12B;, Yyielded results in quali-
tativ e agreemen with experiments on living tissue self-asserbly.® This expression
is remarkable, sinceit doesnot depend on the strengths of all typesof interactions,
but only on their combination, 1.

In the caseof a complex tissue of seweral cell typesand media, the total inter-
action energy under the constraint of constart numbers of particles of ead type,
is given by

X

E= i Bi; (6)
i;j. =1
i<j

whereT is the number of particle typesin the systemand j; = %("ii +";) " are
the interfacial tension parameters. One can easily show that there are T(T 1)=2
independert  parameters.
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The interfacial tension, 1», de ned asthe interaction energy corresponding to
the unit area of the interface, may be obtained from 3, by assumingthat ead of
the n, bonds formed betweena cell particle and its neighbors stemsform adhesive
interactions acting on an average cell membrane area of Sc=n,, where S; is the
cytoplasmic membrane areaof a typical cell from the simulated population. Under
this simplifying assumption, which does not take into accourt the eventuality of
the clustering of adhesionmolecules,oneinfers 1, = 12 Np=%.

Tissue surface tension (TST) is de ned asthe energyof the unit areaof interface
betweena biological tissue and cell culture medium; it is experimentally accessible
via a specially designedparallel plate compressionapparatus. During the last decade
TST hasbeenmeasuredfor seeral tissuetypes,and employedto predict the sorting
behavior of heterotypic tissues? In the framework of our lattice model the surface
tension of a tissue is givenby = ", n,=(2S.). SeeEq. (5) where the index 1
refersto cell culture medium and 2 to cells, and it has beenassumedthat ";; and
"1, are negligible in comparisonto the cell-cell work of adhesion,",,. Note that the
latter may be assessedising the measuredvaluesof the tissue surfacetension along
with an estimate of the cell surfacearea.

4. Mon te Carlo Simulations of the Self-Assem bly of Cells into
Tissue Constructs

A corveniert way for studying energetically driven conformational changesof a
system is the Monte Carlo method.! This name stands for a large collection of
computational algorithms that involve the use of random numbers. It is important
to pay attention to the choice of the random number generator | a numerical
algorithm that actually generatespseudo-randomnumbers. Correlations between
the terms of the generated sequencemay have important impact on the results.
Our simulations are basedon a random number generator of L'Ecuy er with Baym{
Durham shu e. 7

Tissue ewvolution is followed using a version of the Metrop olis algorithm adapted
for the biological problem at hand. The initial state is constructed basedon the
known composition and shape of the studied biological system. Then, a conforma-
tional changeis madeby identifying interfacial cells, picking one of them by chance
and exdhanging it with an adjacert, randomly chosen,medium particle. The corre-
sponding change of adhesive energy E, is calculated, and the new conformation
is acceptedwith a probability

P=min 1,exp B @)

The move is readily acceptedif it leadsto a decreaseof the energy However, in the
opposite case the move may alsobe acceptedalbeit with a probability lessthan one
(given by the Boltzmann factor). In practice this decisionis made by generating a
random number, r, with uniform distribution between0 and 1, and accepting the
new conformation provided that r < exp( E=Et). A Monte Carlo step (MCS)
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is de ned asthe sequenceof operations during which ead interfacial cell has been
given the chanceto move once.

Such an algorithm is suitable for the study of uids with velocity-independen
interactions,'® therefore it provides a natural framework for investigating the con-
sequencef tissue liquidit y. Its technical implementation also requires creativity,
since multiple decision steps can be made e cien tly by relying on algebraic op-
erations instead of nestedif statemerts. For instance, in a systemof T types of

nature of the neighbors of a given site may be easily inferred from the sum of their
typeindices. Let usillustrate this in someparticular situations: For the highlighted
cell of Fig. 1 this sum would be 3, showing that the cell is surrounded by 3 cells
and 5 medium particles. Had one of the adjacert cells been of another type, the
sum would have beenequal to 102, yielding one neighbor of type 3, two of type 2
and v e of type 1.

From the biological point of view the above stochastic rules mean that a cell
actively exploresits neighborhood, being able to exchange position with adjacert
cellsor to reorganizethe extracellular matrix from their vicinity. The latter process
is known to involve both medanical traction forces and enzymatic activity by
matrix metalloproteases(MMPs). The DAH tells that cells are able to keeptrack
of partial successn lowering their adhesive energyby building more/stronger bonds
with their surroundings.

In the acceptanceprobability [Eq. (7)] E1 is a measure of cell motilit y, the
analogueof the energy of thermal uctuations in true liquids. It is referred to as
the energyof biological uctuations, beingrelated to cytoskeleton-driven cell mem-
brane ruing, and has beenestimated for certain cell types? Our relevant model
parametersare the ratios obtained by dividing the interfacial tension parametersby
E+. This implies that a highly cohesie tissue made of very motile cellsis assumed
to behave just as a lesscohesive one which consistsof lessmatile cells.

Finally, we demonstrate the simulation methods described above in two bio-
logically relevant cases,namely cell sorting and directed self-asserbly of cells into
constructs of cortrolled shape.

It is awell known experimental fact that distinct cell typesfrom a cell aggregate
spontaneously segregate Measuremets have revealedthat in segregatedcell aggre-
gatesthe most cohesive population occupiesthe certral region, being surrounded
by the lesscohesiwe one (Fig. 3).

A measureof tissue cohesivity is its surfacetension, an experimentally accessible
quantity, which predicts the sorting hierarchy.® In the simulations of Fig. 4 we
started with a 3D cell aggregateof linear size of 30 cell diameters, made of about
32000cells of two di erent types,in roughly equal amournts, randomly intermixed.

Comparisonwith the experimental result allows to determine the relative mag-
nitudes of the interfacial tension parameters. Note that the values given in the
caption of Fig. 4 are consistert with the experimental obsenation that the cell
type from the interior has higher adhesivity than that from the periphery. Indeed,
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Fig. 3. Starting with arandom mix of two distinct cell populations (red and green), within a day
of incubation in a hanging drop assa the cells sort out, cells of the most adhesive type (green)
being surrounded by those of the lessadhesive one (red). The aggregate diameter is about 300 m.

A B

Fig. 4. Simulation of cell sorting in a 3D aggregate of 16 789 cells of type 2 (green) and 16 612
cells of type 3 (red). The surrounding medium (consisting of type 1 particles) is not shown. The
initial state (A) contains a random mixture of the two populations, whereas the result of 2 10°
MCS is a completely sorted equilibrium conformation of the system (B) , shown in cross-section.
Compare with the experimental result of Fig. 3. The interfacial tension parameters, expressedin
units of E1 are: 12 = 1.5, 13 = 0.5, 23 = 0:3:

accordingto Eq. (5), 12 = "22=2and 13 = "33=2 becausethe cellsdo not interact
signi cantly with the cell culture medium (type 1); we concludethat the medanical
work neededto disrupt a bond betweentwo model cellsis three times lower in the
caseof the external (type 3) population ("33 = 1; "22 = 3i)

Oncethe parametersare estimated on the basisof experimerts, the model may
be employed for predicting possible outcomesof the spontaneous self-asserhly of
cellsin a system of complex shape and composition.

In the ewlving technology of organ printing, successie layers of cell aggregates
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Fig. 5. Sheet formation depends on the initial con guration and the tissue-matrix interfacial
tension. Two initial states, made of model cell aggregates, 925 cells each, packed in a hexagonal
(a) and square lattice (b), during 250,000 MCS evolve into con gurations shown in panels c
( cg=Et = 0:8) and d ( cg=Et = 1:4), respectively. For identical parameters, fusion from the
hexagonal initial con guration is considerably faster. Similar structures of 25 aggregates of CHO
cells (500 m in diameter) were embedded in 1.0 mg/ml collagen type | (e and f). Compact sheets
after 144 hours of incubation are shown in panels g and h.

and an embedding hydrogel are placed on top of eat other and tissue liquidit y is
supposedto lead to subsequen fusion of the arti cial tissue droplets, giving rise to
constructs of desiredshape. The in silico study of post printing cellular rearrange-
ment may o er hints regarding the conditions neededto coaxthe cellsto build the
desired con guration. It hasbeenshown that the properties of the supportiv e hy-
drogel are vital in this respect.’®> This hasbeenveri ed both in silico and in vitro.
Modeling results are showvn in Figs. 5(a){5(d), whereasthe experimental valida-
tion is depicted in Figs. 5(e){5(h). Sphericalcell aggregatesprepared from Chinese
Hamster Ovary (CHO) cells transfected with N cadherins and histone-attached
yellow uorescent protein (for adhesionand uorescence microscopy obsenations,
respectively), were embedded in 1.0 mg/ml collagentype | hydrogel in 2D close
padked and grid-lik e geometries.(For a detailed description of the protocol of man-
ufacturing spherical aggregates,seeRef. 9).

Figure 6(A) depicts a model systemof a \prin ted" tubular structure of two cell
and two gel types. Suitable energetic conditions, expressedby the values of the
interfacial tension parameters that incorporate cell-cell and cell-matrix adhesion
energieslead to tissue conformations that are similar to blood vesselgFig. 6(B)).
The plot from Fig. 7 shows that our algorithm indeed generatesconformations
of lower and lower energy Especially the rst hundred MCS, corresponding to
cell sorting and adjacert aggregatefusion, result in a suddendrop of the energy
(Fig. 7, inset). This is followed by a regime of slow decrease,indicating that the
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A B

Fig. 6. Post-printing cell sorting and aggregate fusion in a blood vessellik e construct. The initial
state (A) consists of 100 cell aggregates, closely packed along a tube of gel (tan). Each cell
spheroid contains 257 cells; about 30 % are model endothelial (green) cells, randomly intermixed
with the model smooth muscle (red) cell population. The outcome of the 10° MCS simulation
(B) indicates that spontaneous endothelialization is possible under suitable energetic conditions.
In our model these are expressedby the values of the interfacial tension parameters [seeEq. (6)]:
12= 18, 13= 12, 14=07 23=07 2= 12, 34 = 0:4 lllustrations rendered with the
program VMD. 8

2.2:\ T T 17T T \‘\ || \ll \l\ I| \‘\ \‘\‘| \‘\ T |:
~20F <20 7
2 1'85 x|—15£ E é
16 = F 1 7
L :_ 10’ L [ L E
= 141 %0 50 1007
1_2; MCS =
107\ A T T T T 1 Y O B
™0 20 40 60 80 100
MCS (x10°)

Fig. 7. The total adhesive energy expressed in units of the biological uctuation energy, Et,
versus number of elapsed MCS during the simulation of Fig. 6.

tubular structure of Fig. 6(B) is a long-lived metastable state. According to this
in silico experiment we expect that, provided that the technical di culties of build-
ing such systemsin the laboratory can be overcome,the self-asserbled tube can
be transferred into a pulsed- ow bioreactor that will provide biomimetic conditions
for tissue maturation.
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5. Conclusions and Outlo ok

A large variety of theoretical models aim towards understanding how cells organize
into tissues.Due to the diversity and complexity of biological tissues,thesemodels,
rather than being universally valid, are in fact able to accourt only for a limited
range of phenomenain speci ¢ tissue types by sheddinglight on specic dewvelop-
mental processesg.g.in vivo tissue remodeling and in vitro morphogenesis.The
importance of modeling in regenerative medicine and tissue engineeringcannot be
overlooked, since computer simulations are relatively quick and inexpensive ways
of testing working hypothesesand designing new experimental setups.

Living tissuesare viscoelastic materials. On atime scaleof days most embryonic
tissuesand arti cial tissue constructs, obtained by the self-asserbly of adherert
cells,mimic the behavior of highly viscous uids. This property, referredto astissue
liquidit y, may be exploited in tissue engineeringfor cortrolling the spreadingof cells
on biocompatible materials in sca old-basedapproachesaswell asfor building living
structures of desirable shape and composition by bioprinting and biopatterning.
Tissue liquidit y may be understood in the light of the DAH, which implies that the
rearrangemerns of the constituent cells result from their motilit y and from their
tendency of establishing the largest possible number of strong bonds with their
neighbors.

In the present mini-review we have preseried a brief overview of the biological
tissuemodelsemployedin computational tissue engineering,with particular empha-
sis on a speci ¢, DAH-based lattice model of the self-asserbly of living cells into
arti cial tissue structures. The model has beenvalidated by comparisonto in vitro
experiments on aggregatesof genetically engineeredCHO cells. The segregation
of cell populations during cell sorting has also beenreproducedin the simulation,
showing that, in spite of its simplicity, our in silico approad capturesthe essetial
features of tissue self-asserhly.

As a particular application of the model, Monte Carlo simulations were per-
formed to study spontaneousstructure formation after computer cortrolled, layer-
by-layer deposition of cellular spheroidsinto hydrogels.

Sud studiesfacilitated recert dewvelopmerts in the emergen technology of bio-
printing® 1315 | a newtechnique that makespossiblethe organization of cellsand
biomoleculesin three dimensionswith desired anatomical shape and local density
that mimic their distribution in organsand, therefore, promoting their functional-
ity. The e ciency of bioprinting hingeson the developmert of new hydrogelswhich
can be co-deposited with cells or cell aggregateswithout a ecting the physiological
parametersof the latter. Controlled degradation of the supportiv e biomaterials via
physico-chemical or biological mechanismsis also required in order to make room
for the cellsto produce their own ECM.

Re nements of the current in silico approachesmay be done by implementing
more structural details into the modelsand by improving the methods of parameter
estimation. To this end one may rely on targeted experiments and on the wealth
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of available proteomics and genomicsdata. In order to meet the needsof tissue
engineering,future modelswill have to addressproblems such as sca old/h ydrogel
biodegradability, prediction of biomedanical properties of the fabricated tissue
constructs and characterization of nutrient and gas transport throughout tissue
maturation in specially designedbioreactors and after implantation into the host
organism.
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