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A genetic algorithm (GA) was developed for the purpose of regressing composition-dependent aggregation
kernels from time series of experimentally measured component or size distributions. The GA evolves initially
random populations of kernel models in accordance with the principles of microevolution. To test the robustness
of the GA, functionally diverse kernetdncluding one describing the shear-mediated aggregation of blood
cells—were constructed. The stochastic time evolution of their corresponding aggregation processes were
then simulated under physiological conditions via Monte Carlo. The GA successfully regressed the kernels
underlying these “gold standard” datasetghere we employ the term in the sense of a “trusted reference”

from these simulation results, reproducing the multicomponent kernels to a maximum relative deviation of
less than 9% over their entire composition ranges. Finally, ramifications of these cases pertinent to experimental
design are considered, including the effects of extreme initial population ratios for multicomponent aggregation
experiments with extreme population ratios.

introduetion Kol o) = U+ %+ + )" (@)
The receptor-mediated aggregation of blood platelets and 4
neutrophils plays an important role in cardiovascular diséase.
Aggregates contribute to myocardial infarction, ischemia
thrombosi$~7 the progression of unstable angfhand com-

plications associated with extracorporeal circulation during

where ys is the shear rate [¢] and ¢ is the “efficiency” or
' “sticking probability” for the interaction. When the aggregating
particles are on the order of micrometers in radius, this parameter
surgery? is a function _of_ both the hydrodynamic and electrostatic fo_rces
' between colliding aggregatés.?° However, because adhesion

Motivated by these medical issues, the aggregation of thes‘?between platelets and neutrophils is mediated by surface-

blood cells has garnered considerable interest among bioDhys'hound macromolecular receptdfs3® their aggregation is a

cists over the past twenty years. A"_‘°“9 the_ more popular function of the kinetics of formation and dissociation of those
approaches to the study of the dynamics of this process is thebond32.812914‘*43 Therefore, since each cell line features a unique

“ H n 15 H H H
p;otﬁulanon baI?nce_ metlhoH’; Wr;ereln _tt?]ef_t'm; evlcl)jl‘;J]t_lon set of surface-bound adhesion molecules, the sticking probability
of the aggregation in a closed system with fixed VOIUES must feature a composition dependence, i.e.,

specified by an equation such as
e(Uo,U',v') = e(y.y.ye) 3)
ac(u,v) 1

v ru - , , A
ot Ef(;j; KU,/ u = u'w = o) o(u,f) clu = wherey = u/(u + v) andy = u/(u' + o).
, N vt o o0 . N o A In 1964, Swift and Friedlander published a method of
Wy —v)durds — C(U’U)L K(u,,u',v) ¢(u,v) du' do determining the sticking probability for the single-component
(1) aggregation of latex beadsInsofar as the aggregation process
was homotypic, the sticking probability could be related
Here, c(u,v) du dv is the concentration of aggregates with a directly to the particle consumption and computed directly from
platelet volume contentun® betweenu andu + du and time series measurements of the particle size distribution.
neutrophil volume contenin®] betweeny and v + dp.16-19 However, this elegant approach has not been amenable to the
The aggregation kern&(u,z,u’,) is the intrinsic rate at which  regression of multicomponent biological kernels on account of
particles of compositionuz) and (1',v') aggregate. By speci-  the explicit composition dependence of the kernels. In the case
fication of the functional form of the kernel and the initial of the heterotypic aggregation of platelets and neutrophils in
composition distributiore(u,»,t = 0), one may specify the time  linear shear flow, the sticking probability must be a function of

evolution of the entire aggregation process. at least two variablesy( and y;') and three parametric
When particles aggregate in a linear shear fieid= ysy), constants: the sticking probability for the interactions of platelets
the aggregation kernel possesses the i with neutrophilsepiai-neus the sticking probability for homotypic

interactions of neutrophils,ey; and the sticking probability for

* To whom correspondence should be addressed. Tel.: (610) 758- homotypic interactions of plateleig,.. Thus, to obtain the
6835. Fax: (610) 758-5057. E-mail: ian.laurenzi@Iehigh.edu. functional dependence of the heterotypic sticking probability
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€(y,y') from experimental data, the PBE itself must be solved aggregation process using the kernels directly, avoiding the
and inverted. However, this is not a trivial task: the infinite set solution of a population balance equation (PBE) such as eq 1.
of nonlinear partial-differential integral equations represented The fundamental axiom of the approach is

by eq 1 rarely admits analytical solution, and Monte Carlo (MC)

simulations of the stochastic time evolution of the aggregation K(u,z,u’,v")

process are requiréd!®44Therefore, a more general regression V ot+0(0y) =

algorithm is necessary to specify the functional dependence of Pr(two specific particles of compositions,{) and

:jhe heterotypic sticking probability(y,y’) from experimental (u',") will aggregate within the next time intervét) (5)
ata.

In this work, we employ the genetic algorithm (GA) to solve If there is more than one particle of each aggregation species
the “inverse problem” of deconvoluting the functional form of as defined by composition, then it may be shown 3t
the sticking probability from timeseries measurements of
component size distributions of platetateutrophil aggregates.  K(u,z,U',2") L, _
The genetic algorithm (GA) is a method of minimizing or Vv h(X(u,v),X(u',v"))ot + o(ot) =
maximizing functions using the principles of biological evolution Pr(any two particles of compositions,{) and (I',')
and has been used for optimizations as diverse as kinetic model /1 i . UG
u',v') will aggregate within the next time intervét) (6
fitting4>~4” and chemical plant desid¢f4° W2 ggreg ) ()
whereh is the total number of ways that those particles can

Methods aggregate
Generation of “Gold Standard” Datasets. Under different "o .
=
experimental, physiological, or pathological conditions, the h(X (U 1)) = X)((U’U) X(uLv) (ue) = (U'2)
sticking probabilities between aggregates of platelets and (X(u,2), X(u',v)) = ( (u'”)) (u,) = (U',v")
neutrophils may differ. However, our interest lies in the 2

development of an algorithm to regress these probabilities (7)

without restricting our scope to a specific experimental system. and X(u,v) is the total number of particles with composition
Hence, we performed MC simulations of two qualitatively (u,0).
dissimilar models of(y.y2). The resulting sets of time series By judicious use of these axioms, one can construct prob-
of composition distributions (our trusted reference datasets or gpjjity densities for the time until the next event (quiescence
gold standards) were employed as proxy experiments, akin totime) 7 and the specific event to come, such as the interaction
the composition distributions of plateteteutrophit and platelet of a platelet of sizeu with a neutrophil of sizey.17:1844 By
LS1747T° aggregates measured via flow-cytometry. repetitive Monte Carlo selections of quiescence times and events
The two models employed the shear kernel defined by eqs 2from these probability densities and intermediating “updates”
and 3 with sticking probabilities featuring the following  of species population and reaction rates concomitant with

composition dependence: population change (cf. egs 6 and 7), the entire time evolution
_ of any aggregation process may be simulated. We note in
e(yy)=yyC,+(yY(@d-y)+ particular that the derivation of the algorithm is exact, involving

yl-y)NC,+ 1 —-y)(A-Y)C; (4) no numerical approximations, and remarkably fast due to
innovations of data structures for aggregating syst&ftsThe
This model has a microphysical interpretation as a “single-bond” simulations return species populatiokéu,») over a desired
model, whereby acts as the probability that there is a single range of time points, which may be related to concentrations
platelet in a particle of compositiony,¢), in accord with the by division by V.
symmetry property of all aggregation kerned§y,y') = €(V',y), All simulations were performed using volumetrically homo-
regardless of the values €f, C,, andCs. geneous platelets (7.6g&f°]) and neutrophils (290.1um3))

The first gold standard model for which data were simulated at populations of 36 000 and 1000 cells, respectively. To
(E1) was designed to emulate the behavior of true heterotypic approximate experimental error, redundant simulations were not
aggregation of platelets and neutrophils in sheaysat= 335 performed, and the results of individual simulations of the
s L. At this shear rateC;—the homotypic sticking probability =~ models were employed as sets of proxy experimental results
for plateletsepa—and Cz—the homotypic sticking probability ~ for GA regression.

eneutfor neutrophils-are 0.05 and 0.31, respectivéRp1-52The The results of these simulations tend to be statistically
value of the heterotypic sticking probability between platelet indistinguishable from analytical solutions of eq 1 unless (a)
and neutrophil singletgyiat-neut Was estimated to be 0.5. the kernel grows geometrically in size or (b) the number of

The second gold standard model (E2) was chosen to havemonomers of a component is too small. In the simulations of
significantly different features than the first: parameters of 0.5, our model systems, the number of particles was sufficiently large
0.1, and 0.6 were selected 64, C,, andCs, respectively, to enough to reproduce bulk behaviors. Simulations were per-
favor homotypic aggregation of the two “cells” over heterotypic formed on a 1.2 GHz Dell desktop computer running RedHat
aggregation. Moreover, the homotypic parameters were specif-Linux and typically required only a few seconds of CPU time.
ically chosen to be similar in magnitude. Genetic Algorithm. The first GA is attributed to John

Monte Carlo Simulation. To obtain time series of the  Holland>® who devised electronic entities whose “evolution”
composition distributions of cellular aggregates that behave was guided by their conformity to a fitness measure. By
according to models E1 and E2, we conducted stochasticcorrelating these quantities to mathematical statements and
simulations of their aggregation processes. We employed theformulas, he was able to use the concept of natural selection to
stochastic simulation algorithm (SSA) of Laurenzi and co- optimize functions. Since the early 1980s, GAs have been used
workers, which is based on Gillespie's direct metho#:44.53.54 extensively in physics, economics, chemistry, and their coun-
This method simulates the stochastic time evolution of the terparts in engineering for optimization and design.
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The task of fitting these parameters to experimental or new models. Like the selection of the event to come in the SSA,
simulated experiments is nontrivial. Inasmuch as the free both selection and crossover were tregieababilistically. Here,
parameters characterize a kinetic process, a model should behe selection criterion followed from the event selection method
able to predict a set of experimental results at multiple time of the SSA:
points. If the derivatives of such an objective functions were
known, the traditional second derivative test could be employed f
to minimize the difference between model and experiment. — = Pr(thekth parent will procreate in the coming
However, owing to the noise of both the results of simulations "
of models and the noise of experimental results, such derivatives f
cannot be determined in this case. Because GAs do not requiré™
derivatives of objective functions, they are well suited to the
regression of such noisy data to stochastic simulation results.
We then investigated whether a simple GA could evolve a kernel ) . . )
to fit new simulation results to the VERs resulting from Equation 10 balances the _relatlve probabilities of the coming
simulations of models E1 and E2. To evaluate this, we defined 8vent and favors “more fit" models for reproduction. The
a model as the ordered tripl€{, Cy, Cs). We also supplement “paren.t" models were then chosgn like the reacthn events to
the model with the constraint th@, C,, andCs are limited to come in the MC simulation algorithm for aggregation
values between 0 and 1, guaranteeing ¢éhafeus €plat—neus and
epla are all positive and less than one. By defining the model in
this way, we also establish the first step of the GA.

Gene Pool.The GA requires a gene peoa population of
model kernels that will evolve to maximize the fit between the -1 n !
experiment and the simulation. The first step of the GA is the Z fi=r, fi < fi parent 2 selection
construction of a population of model extrema i=Li=k i=Li=k i=Lr=k (11)

$1=(C11C51C50)
S, = (C12C;5,C3))

reproductive cycle) (10)

k=1 n k
f,=r) f, <) f, parent1 selection

wherer; andr, are random numbers on (0,1].
Upon selection of parent models, a new “child” model is
created from them by crossover. In the context of the GA,
crossover has a significantly different meaning than in nature.
®) Upon fusion of two haploid cells, typically from different

parents, the resulting (diploid) child cell possesses half of each
parent’s alleles. Our GA cannot produce child models in exactly
this way, since each model is “haploid”. To effect a mixing of
parental information to produce a child model, we needed to
ensure that different genes were not mixed. That is, none of
one parent'sC; genes should mix with the child&; gene. Our
solution was the following: if modelg andk are the chosen
parents, the crossover mechanism of our GA was defined by
the following formula

Sh = (Cl,n'CZ,n,C3,n)

randomly generated on the possible range€fC,, andCs.
In our GA, we used a population of 200 models. We denote
Cij, Cyj, and Cg; as the genesof model i and the set
(C4,,C2;,C3;) as itschromosome

Evaluation of Fitness. Keeping in mind the physical
interpretations o€, C,, andC;z discussed previously, we sought
to fit them to the simulated models E1 and E2 via an objective
function, to evaluate, thitnessof each model. We defined the
fithess theith model, f;, as a measure of the time-averaged
percentage of correctly allocated mass ’ (rcld T (17 NC1CrpCsi O=r=< l/3
Seniig = { (Cojp(r — 1/3)C2,j + (4/3 —1CyCsy) l/3 =r= 2/3

f- 14 Y my oM+ 1) Min(Xe,pmn). Xs(mn)) o (CyjCop(r = 5)Csj + Cls = 1)Cqp) 3= <( %2)

I
4= > my oM+ MX,p(mnt) » o |
The genes are distributed probabilistically from the parents in

In eq 9, Xexp{m,n,ti) is the simulated composition distribution — a way similar to the biological process. Moreover, this crossover
at time t, for either model E1 or E2 an&s(mn,ty) is the formula does not allow accidental generation of illegal values
corresponding distribution for modsl Like the time-dependent  for the parameter€;, C,, andCs.
composition distributions for models E1 and B2(mn,t) is Mutation. To assist in the escape from local minima of the
generated via MC simulation of modglwith the same initial objective function, a mutation step was added to the procedure
conditions as models E1 and E2. of generating new models from their parents. In nature, mutation

Models with negative fitness were discarded at the beginning most certainly has helped organisms adapt to their surround-
of the procedure, and new models were generated until the genengs: If there is a mutation in a gene of a living organism (i.e.,
pool was set. In the results of models E1 and E2, measurements change in its sequence such as ...GATC... from ...GTTC...),
were taken at four time points at equal intervals. Hence, exactthere may be consequences for the structure and function of
models from the “gene pool” will allocate the components the protein encoded by that gene. An abundance of literature
almost identically to experimental composition distributions at testifies to the significance of single nucleotide polymorphisms
all times, resulting in a fitness of one. By contrast, models that (SNPs) to the function of proteins from which mutated genes

are nonpredictive or predictive only at large or snialill have
fitness values close to zero.
Selection and CrossoverOnce the population was defined

are translated. If the floating point numbers we designated as
genes are represented bitwise, then if a bit at the upper end is
changed, there will be a change in the first significant digit of

and each model evaluated, the GA selected pairs of modelsthe corresponding floating point value. Likewise, if the last bit
according to their fithess and employed “crossover” to generate is changed, then the entire number becomes negative if the
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Figure 1. Evolution of the ‘C; gene” €pip), “C2 gene” €plat-neu), “Ca
gene” gnew), and fitnesd as the GA evolves a population of aggregation
models for the heterotypic aggregation of human blood platelets and
neutrophils to model E1. The values corresponding to the best (most fit)
model and the population mean are tracked with each generation. Gray
lines are the population averageSD.

computer stores numbers using twos complements. However,
intermediate bits may be of little to no significance, i.e.,
changing the floating point value in the fourth significant digit.

Due to these considerations, and in particular the twos
complement issue, we choose to randomly generate a new gene
on [0,1) if the GA dictates that mutation will occur. Like the
desicion for the crossover point, the decision to mutate is made
by MC. For each of the genes of a new child model, a random
numberr € (0,1] was chosen. If this numberis greater than
0.95, that gene will be replaced as discussed. By choosing the 0 062 04 06 08 1
tolerance 0.95, mutation was ensured to be both rare and y

sufficient for the generation of models that can escape from Figure 2. Convergence of the GA to model E1. (A) Gold standard model
; in fi E1. The optimal values found wefe; = 0.044+ 0.026,C, = 0.615+
local m§XIma in fitness. 0.017, andC; = 0.283+ 0.026 (population mear: SD), which fall at
Insertion. Once the new model Was'gen.erated by crossover (v coordinates of (0,0), (0,1), and (1,1), respectively. The actual values
of the parents and possibly mutated, its fithess was evaluatedof the parameters aig; = 0.05,C; = 0.61, andC; = 0.31. The surface
by stochastic simulation. If the fithess was nonnegative, the child reflects about the ling = y'; values are shown foy' <'y. (B) Fractional
model was added to the population. A fixed population size gifference between the GA-regressed and true sticking probabikties-

L . . . ée1l/ega. The relatively large deviation fdE3 is a result of a large platelet/
was maintained by displacing the least fit member of the neutrophil ratio of 36:1 in all model simulations that minimizes the effects

population at each new generation, weeding out less fit models of homotypic neutrophilic aggregation, diminishing the sensitivityCio
over successive generations.

200 and 300 generations, but it actually produced a less accurate

Results and Discussion value of Cy. This escape from a local minimum then allowed

. . . the population to relax to a new minimum, and after the passing

In Figure 1 we present typical results for the regression of ¢ 300 generations, the convergence was fairly monotonic.

model E1 from its simulation results. At the beginning of the The GA ded i duci Il th ;
GA regression, the model population average (MPA) values of € succeeded In reproducing a t ree constants for
C1, Cs, andC; are all approximately 0.5 due to the fact that the M°del E1. After 3000 generations, the population appeared to
initial genes were uniformly randomly generated on (0, 1]. With reach steady state, with optimal point estimate€pf= 0.044
each generation or creation of a new model, the model + 0.026, C; = 0.615+ 0.017, andC; = 0.283 &+ 0.026

populations became more and more homogeneous: in Figure(Population meant SD). Of the GA estimates of the three
1A-D, the gray lines representing the meatts standard parameters, those f@2; and C, were the most accurate. The
deviation (SD) monotonically approach the mean with each estimate ofCs—although less precisewas sufficiently accurate;
generation. the true value ofC; for model E1 was 0.31. However, if one
The convergence of the mean values of the parameters,compares the functions for the sticking probability for the
however, is not monotonic. After 200 generations, the initial regressed and E1 models, the convergence is remarkably good
population was completely replaced in accordance with the (Figure 2). The worst case relative deviati, — €gil/eg1
population constraint of the GA but the best model had not been corresponds to a percentage difference betweg®,1) = Cs
replaced. The evolution of a more fit model occurred between andég(0,1)= C; of only 8.7%. Generally, the relative deviation



Downloaded by UNIV OF PENN on August 6, 2009
Published on April 25, 2006 on http://pubs.acs.org | doi: 10.1021/ie051155t

5486 Ind. Eng. Chem. Res., Vol. 45, No. 16, 2006

A 08 Bl C 1
06} “"\/-v/{\\
(.)— 04F o Dﬂ 0.5
02 *\/ vy
0 2 3 4 0 2 3 4
10 10 10 10 10 10
Bos : D 1
06} 09t
0.4 « 08}
© Average
02} 0.7 Best
— Actual
0 2 3 4 2 3 4
10 10 10 10 10 10
Generation Generation

Figure 3. Evolution of the ‘C; gene” €pip), “C2 gene” €plat-neu), “Ca
gene” gnew), and fitnesd as the GA evolves a population of aggregation
models for the heterotypic aggregation of human blood platelets and
neutrophils to model E2. The values corresponding to the best (most fit)
model and the population mean are tracked with each generation. Gray 0.8
lines are the population averageSD.

between the true and regressed sticking probabilities ovgr all 0.6
andy' is less than 3%.

Further study revealed the lower precision @f to be a )
consequence of (a) the heterotypic nature of the aggregation 0.4

process described by eq 7 and (b) the small initial population
of neutrophils. At the beginning of both the GA and gold

\\

standard model simulations, the 36:1 ratio of platelets to 0.2 h \\
neutrophils causes most neutrophils to aggregate heterotypically, N
strictly out of population considerations (cf. eqs 6 and’7). 0 ~ N
Moreover, the high platelet population and higher number of 0 02 04 06 08 1
platelet combinations for smalguarantee significant homotypic y

platelet aggregation even in the presence of neutrophils. Later,Figure 4. Convergence of the GA to model E2. (A) Model E1. The optimal
as the aggregation process proceeds and homotypic plateleyalues found weré; = 0.512+ 0.006,C; = 0.1024 0.004, andCs =

; ; :0.6444 0.014 (population meatt SD), which fall at ¢,y’') coordinates of
aggregates aggregate with heterotypic aggregates out of entropi 0,0), (0,1), and (1,1), respectively. The actual values of the parameters are

considerations, all aggregations tend to _be heterotypic. C_Zonse-Cl =0.5,C, = 0.1, andCs = 0.6. (B) Fractional difference between the
quently, the heterotypic sticking probabili§, and homotypic GA-regressed and true sticking probabilities, — égal/ego. As with the
platelet sticking probabilitC; are the most important parameters  results for model E1, the relatively large deviation f2yis a result of a

in the process; the final results are not as sensiti@stéience, large platelet/neutrophil ratio of 36:1 in all model simulations that minimizes
the GA does not resolv€; to the precision of the other :Zeciffects of homotypic neutrophilic aggregation, diminishing the sensitivity
parameters.

Results of a typical regression of model E2 are presented in GA. With this caveat, we note that the ultimate results of the

Figure 3.C; andC, were reproduced very well and with high
precision, whereas the GA estimate 10z is not as precise.
After 3439 generations, the GA resolved = 0.512+ 0.006,
C,=0.102+ 0.004, andC; = 0.644+ 0.014 (population mean

GA are remarkably robust, as illustrated in Figures 2B and 4B.

To improve experimental designs for the measurement of
e(y,y'), we suggest that experiments be run with varying
concentrations of neutrophils. This may be achieved, for

+ SD), although the convergence is more or less achieved afterexample, by isolation of neutrophils from venous blood via ficoll
1500 generations. As with the regression of model E1, small hypaqué® and resuspending them with varying amounts of
differences between the parameters used to generate the “modgblatelet-rich plasma prior to aggregation. Each diluted sample
time series” and the parameters of the population average modemay then be aggregated, yielding composition distribution time
are insignificant over the entire range of aggregate compositionsseries akin to the simulation results of models E1 and E2, which

y andy'’: the relative deviationeg, — €gal/eg is at most 7%
(Figure 4).

In as much as the form of model E2 is has a different type
of curvature (i.e., an inverted saddle point with respect to model
E1l) and different magnitudes and ratios of the homotypic
extrema, we conclude that extreme ratios of the initial cellular

may then be used to calculatfy,y’) via the GA. The constants
regressed can then be compared via ANOVA or another method
to systematically quantify the effect of the cell population ratio
on the GA sensitivity.

Although we have not addressed the matter explicitly in this
work, we note that the sticking probability may be a function

population are a potential cause of precision loss when regress-of both the compositions of colliding aggregates as well as the

ing €(y,y') from experimental composition distributions via the

shear rate of the suspending medium. However, depending on
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probabilities may have a broad range of shear behaltdps?
Therefore, although it is possible to modify the models and GA
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t = time (s)
r, ry, r = uniform random numbers on (0,1]
fi = fitness of model

to accommodate the regression of experiments at multiple sheais = ordered set of parameters constituting madel

rates, we believe that it is more informative to perform

u, U = platelet volume contenim3) of an aggregate

regressions at each shear rate and then analyze the model, ' = neutrophil volume contenu(mq) of an aggregate

constants for their shear dependence.

Conclusions

We have developed a genetic algorithm to facilitate the kinetic
characterization of heterotypic aggregation processes. Given

time series of cellular composition or size distributions such as
may be measured via flow-cytometry or a Coulter counter, the
GA regresses a model of the aggregation kernel for the process

To obtain a diverse set of gold standard data for testing the

GA, we developed unique models of aggregation of blood

V = batch volume

X(u,v) = population of aggregates with platelet volume content
(um3) u and neutrophil volume contenti®) v

y, Y = platelet volume fraction of an aggregate

¢ = efficiency or sticking probability

a —

€plat = homotypic sticking probability for platelets

eneut = homotypic sticking probability for neutrophils
eplat-neut = heterotypic sticking probability for interactions
* between platelet and neutrophil singlets

ys = shear rate (3)

T = quiescence time

platelets and neutrophils and simulated these via the stochastic

simulation algorithm of Laurenzi and co-workéfs'® The
resulting time series of composition distributions were then

processed via the GA to regress the original models. The GA

was capable of fitting multicomponent kernels to experimental
composition distributions with remarkable accuracy. Heterotypic
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