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Abstract: Ex vivo production of hematopoietic progeni-
tor cells has potential applications for cell therapy to al-
leviate cytopenias associated with chemotherapy and for
gene therapy. In both therapies, progenitor and stem
cells are considered crucial factors for therapeutic suc-
cess. Assays for progenitor cells, however, take 2 weeks
to complete, which is similar to the length of a typical
culture. Therefore, a real-time estimation of the percent-
age or number of progenitor cells, based on rapid mea-
surements, would be useful for optimization of feeding
and harvest decisions. In this study, metabolic activity
assays and flow cytometric analysis were used to esti-
mate the content of progenitor cells. The measured
metabolic activities are a collective contribution from all
types of cells. Cells in granulomonocytic cultures have
been lumped into six cell types and metabolic rates have
been modeled as a linear function of cell composition
and growth rate and as a nonlinear function of cell den-
sity. Data from 24 experiments were utilized to determine
the model parameters in a calibration step. These data
include flow cytometric analysis of more mature hema-
topoietic cells, progenitor cell colony assays, total cell
content, and metabolite concentrations, and cover a
wide range of cell composition, cell density, and growth
rate. After calibration, the model is able to deliver good
predictions of progenitor cell content for cultures with
higher percentages of progenitor cells, as well as the
peak progenitor cell content, based only on parameters
that can be rapidly measured. With the aid of those pre-
dictions a harvest strategy was developed that will allow
optimizing the harvest time based on the culture kinetics
of each patient or donor inoculum, rather than using ret-
rospective analysis to determine a uniform harvest time.
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INTRODUCTION

Ex vivo hematopoietic cultures offer great promise in cell.

therapies for restoring in vivo hematopoiesis in patients fol
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lowing chemotherapy or radiation therapy (Koller and Pals-
son, 1993; McAdams et al., 1996). Since chemotherapy and
radiation therapy are designed to kill rapidly growing cancer
cells, proliferating hematopoietic progenitor cells also suf-
fer considerable damage, leading to, e.g., severe neutrope-
nia (considerable reduction in the number of infection-
fighting neutrophils). Ex vivo expansion can be a very use-
ful tool to abrogate neutropenia, depending on the
transfused amounts of granulocytic progenitor and postpro-
genitor cells (Brugger et al.,, 1995; Colter et al., 1996;
Nielsen et al., 1998; Reiffers et al., 1999; Scheding et al.,
1999). Another potential application of hematopoietic cell
culture is for gene therapy for a wide range of disorders and
to provide drug resistance (Crystal, 1995; Havenga et al.,
1997). A large number of cycling stem and progenitor cells
are required for retroviral transduction, which is the most
commonly used method.

Under different cytokine combinations and culture con-
ditions, hematopoietic cultures expand differently (Koller et
al., 1992; Piacibello et al., 1997). Besides those environ-
mental factors, it has also been observed (Koller et al., 1996;
Sandstrom et al., 1995) that ex vivo hematopoietic cultures
initiated with different patient samples can exhibit large
variations in the rate and extent of expansion of total cells
and progenitor cells, especially at low inoculum density and
at the beginning of cultures. In addition, the contents of
different cell types are constantly changing during an ex-
periment as a result of cell proliferation, differentiation, and
death. The current practice of using a fixed harvest day
(e.g., Day 10; Reiffers et al., 1999), regardless of sample
variations, may therefore lead to culture harvests with sub-
optimal contents of progenitor and postprogenitor cells that
are transfused to patients, so that the effectiveness of cell or
gene therapy is diminished.

Optimization of ex vivo hematopoietic cultures would
improve the effectiveness of cell or gene therapy. However,

an engineered system can only be optimized when the rel-
evant system parameters are known or available. Hemato-
poietic cultures are heterogeneous in nature, containing dif-
ferent cell types at various stages of differentiation. Using
flow cytometric analysis, more differentiated cell types in a



mixed hematopoietic culture can be measured. This methodytic cell cultures can be modeled as a function of six cell
relies on the observation that hematopoietic cells exprestypes (groups), growth rate, and cell density. When extend-
different surface antigens (and levels) as they differentiaténg the two-population model (Collins et al., 1997), several
along different lineages. However, it is not possible to meapossible models that differ in the number of model param-
sure the progenitor cell content using flow cytometry. Pro-eters and the degree of nonlinearity can be proposed. The
genitor cells are often present at low frequencies in a culturebjective of this work is to select a mathematical model
and cannot be uniquely identified using only a few markers(with a minimal set of model parameters) that can reason-
Progenitor cells are commonly evaluated based on their praably predict %CFC. Prediction of %CFC or CFC density in
liferative capacity to form colonies in semisolid medium, a myeloid hematopoietic culture follows two steps: 1)
and hence are often called colony-forming cells (CFC).evaluation of the specific metabolic rates of CFC and other
Such a colony assay requires a 2-week cultivation beforeell types by deconvolution of the measured cell composi-
evaluation. That assay time is about as long as a typical eton, cell density, growth rate, and overall metabolic rates
vivo hematopoietic culture, which makes colony assays ofising multivariate regression methods; and 2) prediction of
progenitor cells useless for real-time feeding/harvest optithe CFC density or %CFC by incorporating these specific
mization of a hematopoietic culture. metabolic rates (model parameters) into the model. Based
Despite the significance of nutrient uptake and by-on the predicted (estimated) CFC density or %CFC, a har-
product secretion in mammalian cell cultures, relativelyvest strategy was developed for ex vivo hematopoietic cul-
little attention has been given to metabolism in hematopoitures expanded for cell or gene therapy purposes.
etic cultures. Collins et al. (1997) have shown that the maxi-
mum percentage of cells that are CFC (%CFC) coincideEXPERIMENTAL CONSIDERATIONS
with the peaks of specific lactate production rate and gluOne hundred seventy-seven datasets (individual time
cose consumption rate for cultures of cord blood (CB)points) from 24 experiments of 12 granulocytic (G), seven
mononuclear cells (MNC), peripheral blood (PB) MNC, and monocytic (M), and five granulomonocytic (G/M) cultures
PB CD34+ cells carried out in spinner flasks and in T flasks.were collected to investigate the relationship between the
It has been shown that the correlation between %CFC angercentages of different cell types and the metabolic activi-
specific lactate production rate can be well described by @ies by means of multivariate linear regression. All cultures
two-population (CFC and other cells) model for experi-were performed in T-flasks at the sameB%) and tem-
ments with similar/identical inoculum density, cytokine perature (37°C) and were inoculated with either CD34+
combination, and culture conditions (Collins et al., 1997).cells or PB MNC at different CD34+ cell contents. Different
However, the model parameters can vary substantially afeeding strategies were employed in different experiments
different inoculum densities, cytokine combinations, initial to maintain cell density at different levels. Detailed descrip-
%CFC contents, and culture conditions. Hematopoietic celtions of the materials and methods can be found in Collins
cultures are heterogeneous, containing as many as 100 dist al. (1997) and Hevehan et al. (2000a).
tinguishable cell types, and the cell distribution can vary A typical experiment lasted an average of 14 days. Each
greatly with the cytokines and culture conditions used. It isdataset at a given time point included metabolic (lactate and
unreasonable to evaluate the metabolic contributions of sglucose) activities, viable cell density, and percentages of
many cell types. However, the number of cell types can belifferent cell types, as assessed by flow cytometry and
reduced to some extent by using cytokines that promoteolony assay. Estimation of metabolic activities was based
differentiation along particular lineages. In this article we on daily metabolite concentration measurements. In most
focus on two myeloid lineages: granulocytes (neutrophilslexperiments, flow cytometric analysis was conducted every
and monocytes. Expanded granulocytic cells were exanR days. Thus, about seven datasets were available per ex-
ined for transfusion to abrogate severe neutropenia, angeriment. However, only the datasets between Days 3 and
significant numbers of monocytes are often produced ago were used for further study, reducing the total available
by-products in granulocytic cultures. datasets from 177 to 101. This is because in the first 2 days
In this work, we extend the two-population model (Col- the culture exhibits a lag phase, and the proposed math-
lins et al., 1997) to a multipopulation model, and hypoth-ematical model may not be able to describe cell metabolism
esize that the parameter variation for the two-populatiorduring this transient period. Also, after 10 days the CFC
model could be eliminated when using a more compreheneontent is generally very low and often the change in me-
sive model that considers variations of several relevant celiabolite concentrations is also small. Thus, the measurement
types, total cell density, and growth rate. Based on flowof %CFC and the evaluation of metabolic rates often have
cytometric analysis using surface markers CD15 andarge errors for later culture days and it would not make
CD11b, the relevant cell types for the granulocytic andsense to include those measurements.
monocytic lineages can be lumped into six groups (Terstap-
pen et al., 1990) for characterization of cell metabolism. ItMeasurement of Metabolite Concentrations and
is also important to consider the effects of growth rate andEvaluation of Metabolic Rates
cell density on cell metabolism. Thus, the measurable conGSlucose and lactate are the metabolites considered in this
sumption/formation rate of a metabolite in granulomono-study. A glucose/lactate analyzer (YSI; Yellow Springs,
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Youngstown, OH) was used to measure the concentrationation growth rate can be obtained, based on the two-point

of glucose and lactate, with respective error ranges obr three-point method.

5-10% and 2-5%. The concentration measurements can beTo evaluate the percentages of different cell types, two

performed in less than 1 min and were used to calculate thmeasuring methods were required. The number of CFC—

metabolic rates. that is, the sum of granulocyte (CFU-G), monocyte (CFU-
Evaluation of a metabolic rate is based on the concentraM), erythrocyte (BFU-E), and mixed (CFU-GM and CFU-

tion changes of that metabolite. The overall specific metaMix) progenitor cells—was determined using methylcellu-

bolic rategg at a time point is defined as: lose colony assays (Koller et al., 1992). Evaluation of the
number of cells at more developed stages was performed

1 dGdY) with the aid of flow cytometric analysis (Terstappen et al.,

ast) = Cy(t) dt @ 1990; Hevehan et al., 2000a). Estimation of progenitor cells

based on colony assays takes 2 weeks to complete, while

whereC, is the viable cell density anGg is the concentra- flow cytometric analysis is a more rapid method, usually
tion of metaboliteS at the time point. Since the measure- requiring in the range of 3 h.
ments of metabolite concentrations are conducted in a dis- Figure 1 shows a sample sequence of flow cytometric
crete manner, the time derivative in the above equation caanalysis on different days in a granulocytic hematopoietic
only be approximated based on the metabolite concentratiogulture initiated with CD34+ (CD15- and CD11b-; progeni-
differences, e.qg., by using two-point or three-point methodstor and quiescent) cells on Day 0 (Hevehan et al., 2000a).

A two-point method is a first-order estimation, based onAs the cells become more mature, the level of expression of
the difference between the current and previous time stepg£D15 and CD11b moves from CD15-/CD11b- (zone A) to

such as: CD15+/CD11b- (zone B), CD15++/CD11b- (zone C), and
finally to CD15++/CD11b+ (zone D). During monocytic
0 Cx(t) differentiation (not shown), cells first express CD11b (zone
dC4(t) Cu(t.) Cqt)—C4qt) E) and then pick up low levels of CD15 (zone F). The
as(t) = Cy(t) dt = Cy(t) = Cy(t.) t—t_ (3 number of events in different zones can be used to evaluate

the cell numbers of different lineages at each differentiation
wheret_ means the previous sampling time point and thestage. These six zones form the six cell groups for which the
log-mean cell density is used to represent the variable ceipecific metabolic rates will be investigated at the calibra-
density over the interval. A time-weighted three-pointtion step for CFC estimation. Zones A-F correspond to: 1)

method, which can be stated as follows: progenitor/quiescent cells, 2) myeloblast/promylocyte, 3)
myelocyte, 4) metamyelocyte/band/neutrophil, 5) mono-

Cx(1) blast/promoncyte/monocyte, and 6) metamonocyte/

t,—t nCx(t_) Cqt) - C4qt)) macrophage, respectively (Terstappen et al., 1990). It

QS(t):t T Co(f) - Co(t)) t—t should be noted that the cell number in zone A includes
. Cx)zt:) - progenitor cells and quiescent (nonactive) cells of different

B n—_— B types, as well as cells of other lineages that do not prolif-
+ t-t G Cdt) — G (3) erate under the culture conditions due to the lack of suitable
L-LC(L)-C)  ti—t cytokines.

is a second-order estimation, allowing more accurate esti-

mation of the metabolic rate, whetgis the next sampling IMODELING COSIDERATIONS

time point. However, the measurement results for the next

time step are required for evaluation of the current metay ;- oar Chemometric Model

bolic rates, which will delay the whole chemometric analy-

sis and thus is not as suitable for real-time CFC estimationThe two-population (CFC and other cells) model describing
the correlation of %CFC with metabolic activity (Collins et

al., 1997):
Measurements of Cell Density/Composition,
Evaluation of Growth Rate, and Grouping of f = %CFC _ %CFC 4

Viable cell density assays were conducted in two steps: totakith a and as the model parameters can first be extended
cell density measurement, and cell viability assay. Cell dento a linear multipopulation model by specifying other cells
sity was measured using a cell counter (Collins et al., 1997in the five granulocytic and monocytic cell groups noted
and cell viability was evaluated by Trypan blue exclusion.above (Fig. 1). Assuming that quiescent cells and nonpro-
The time to complete these two steps is about 0.5 h. Byiferative cells of other lineages have a negligible contribu-
replacing the metabolite concentration in Egs. (2) and (3}ion to cell metabolism, the metabolic activity of cell group
with the viable cell density, an estimate of the specific popu-1 (Fig. 1, zone A) comes mainly from progenitor cells.
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Figure 1. Flow cytometric diagrams used for cell type grouping. -, +, and ++ mean no, moderate, and high surface marker levels, respectively (reproduced
with permission from Hevehan et al., 2000a, Elsevier Science).

Thus, the total specific metabolic rate is the sum of indi-Chemometric methods used for estimatioraf; based on
vidual metabolic activities of the six cell groups (Fig. 1), Eq. (6) will be discussed later. Once the valueggf (i =
except that group 1 is replaced by only progenitor cellsl, .. .,p) become available, we can predict the %CFC by
determined via colony assays. For a metabd@jtthe over-  rewriting Eq. (5):
all (measured) specific metabolic ratg, can be expressed

: X 1 - i

as follows 60ROl = 1000 = 5 adt) - D 50 £ (7)
o Bsa i=2 Bsa

qgt) = 2 %(HBs, (5) where %CF is the prediction of %CFC anj is the pre-

=1 dicted value ofx;.

wherex(t) andBg ; are the respective cell fraction and spe-
cific metabolic rate of cell typg andp (=6) is the number Growth Rate Influence

of cell types (groups) considered. The main assumption, yhe jinear model (Eq. 5), the effects of growth rate have
made here is that the specific metabolic rates for each cefl o, neglected. However, it is well known that microbial

type are constant at any F:ulture time and' In any cell comyqtanolic formation/consumption rates are dependent on
position. Metabolic activities of hematopoietic cultures are

: - rowth rate .. For describing such dependence, mathemati-
known to be dependent on environmental conditions, suc%m models developed by Pirt (1965):

as pH and the availability of cytokines, amino acids, dis-
solved oxygen, and glucose. Through regular feeding and _ M
saturation of these compounds, it is reasonable to assume GIs= _< " mS)
:jhaF each individual specific rate remains almost constan{gmd by Ludeking and Piret (1962):
uring a culture.
When all n sets of measurements, which are gathered Os=agt + bg (9)

from different experiments and at different time points, aré -ve been widely used to describe microbial metabolic up-

?osrﬂlr;Z?s':r(i)bgfeéniorlle?heen(\:j\?hn(;l:fp:\?;gect)ter:estngg :)? (t;e '\ljlrvéke and formation rates, respectively, whéfkgs is the
! - " yield coefficient,ms is the maintenance rate, the growth-
and G/M cultures, we can then include and utilize all thesél Ms > g

. o o . associated product formation coefficient, dngds the non-
datasets to determine the individual specific metabolic ratearowth-associated product formation rate. We evaluated the
Bs, from: '

effect of growth rate on specific lactate production and glu-
cose consumption rates for 24 G, M, and G/M experiments.

8)

Yus

qS(:tl) Xl(:tl) X’(:tl) Xp(ztl) B:Sl Although there is a lot of scatter in the data, there is a
) ) ) ) ’ tendency for higher lactate production rate with increasing
Gs(t) | = Xa(t) o () o x) || Bsy (6)  growth rate (Fig. 2a). The scatter in the data is probably due
5 : : 5 : to the aforementioned culture heterogeneity, whereby other
aqty) X(th) o X(t) . Xt/ \Bs, variables such as the fractions of different cell types are also
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8 incorporate the “crowding” effect into the model, one can

. a assume that cell density and other factors (growth rate and
6 cell types) affect cell metabolism independently. Thus, the
total metabolic activity is made up of two parts. The first
part describes metabolic activity at very low (“zero”) cell
density, while the second part represents the dependence of
the maximum metabolic activity on cell density. Based on
the above discussion, the linear multipopulation model can
0 r T be modified as follows:

0 0.2 0.4 0.6 0.8 1 p K
s

_ i
Growth rate [1/day] as(t) = le %(Dles (0 + Bs,) Ksj+ Cx(t) (19

Comparing this model with Eq. (4), the model parameters
(e and) in the two-population model can be expressed as
functions of cell densities, growth rates, and fractions of
different cell types, as follows:

Lactate production rate [umol/day/105cell]

p K.
B(Cx, 1y %o, - -+, Xg) = 122 X(as i + Bs) F"S'JCX
(12
a(Cy, Py Xo, - - - 1 Xg) = (agq + Bs1) &
Ksy + Cx
Cell density [10°cell/mL] +B(Cyy [y Xy -+ + 1 Xg)

Figure 2. Effect of growth rate ) and cell densitytf) on lactate pro-  YWhen actually fJSing the complex model (Eqg. 11) to eStimate
duction rate. The metabolic rates were obtained by the three-point methodhe CFC density or %CFC, the parameter number triples

Each symbol represents a separate dataset (time point). The solid la)e in (compared to the model shown in Eq. (5), which requires a
is the regression line R= 0.46), while the solid line inkf) represents the considerable increase in the number of experiments Suc-
best fit of Eq. (10) to the maximum metabolic rate. . . )
cessful modeling often does not result in a complex model,
which is able to represent every feature of a process per-
important for describing metabolic rates of neutrophils and€ctly in every aspect, but rather in a model that describes,
monocytes. on the one hand, the process reaso_nably well and_ has, on the
other hand, a structure that is as simple as possible, with a

minimal set of parameters. Thus, a reduced version should
“Crowding” Effect be considered.

As for other mammalian cell cultures (Ozturk and Palsson In a reduced version, '.t IS reasonablg to assume that dif-
1990), a crowding effect has been reported in the cultivatiorieren,t cell ,WPeS have similar metgbohc responses to cell
of hematopoietic cells (Talstad, 1971; Sand et al., 1977)glen§|ty variations. Hence, t'he functieffiC,) 'that d'e'sc':nbes.
The “crowding” effect means that cell metabolic activities the influence of cell density on metabolic activities wil
diminish with increasing cell density. Figure 2b shows thehave the same pz_irar_n_eﬂég for_all cell types._A practical
effect of cell density on specific lactate production r<’;1te.pmb|(:“m for using |nd|\_/|duaiKSy]-|s that evalu_atlon of model_
Again, a scattered distribution of data is evident. However,parameters will require the use of nonlinear regression

it can also be clearly observed that the range of scatterin ethOdf’ smcz the mct)dbel II'S ”°'.""”dear n‘)l te;mshof mlc?del
shrinks, and the maximum metabolic rate declines, as ce arameters and cannot be linearized easily. such noniinear

density increases. The following inhibition kinetics are em_regression requires powerful optimization software and is

ployed to describe the dependence of the maximum met2Ut .Of the scope of this projec't. :
Different cell types may proliferate at different rates. Us-

bolic activities on cell density:
y ing differentyy for different cell types means that growth
Ks rates for CFC and other cell types are needed as the model

f(Cx) = Ke+ Cy Ks=>0 (10 inputs when predicting %CFC. Real-time estimation of the

growth rate for CFC, however, requires again real-time CFC

whereKsg is the model parameter to be evaluated. measurement, and thus this kind of model using individual
K is not useful. Furthermore, recent modeling efforts (Heve-
Modified Metabolic Model han et al., 2000b) indicate that a single growth rate can be

used for granulocytic cells ranging from CFC (CFU-G) to
To account for the growth rate influence, the growth-relatedCD15++/CD11b+ cells, and that this composite growth rate
term(s) could be added to the linear model (Eq. 5). Tovaries with the culture conditions. In this work, the specific
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cell growth ratep of the population is therefore used to PCA, corresponding to Eq. (14). The transfer matrix ob-

replace the individual growth rates. tained in this way can be later employed to decide whether
The model can be further reduced by using either indi-a set of real-time measurements is an outlier.
vidual ag ;and a commorBg or individual Bs; and a com- Parameter estimation is based on minimizing the sum of

monag As will be shown later, %CFC prediction based on prediction errors over all datasets. Ideally, experimental
individual B ;is slightly better than that based on individual datasets should be uniformly distributed in the parameter
as; Hence, a reduced version using individ@al;, a single  space. In this study, available datasets are, however, pre-

K, a singleag, and a singlé&gis proposed in this study. The dominately of lower %CFC. Overrepresentation in a sub-
model using individuaks ;and a singleBs is in the follow-  space means that the subgroup is weighted more heavily in
ing referred to as the alternative model. the optimization process, which can bias the parameter es-
In order to eliminate the nonlinearity caused by the celltimation to some extent. Thus, some datasets have been
density term, a new variablgs is introduced to describe removed from the databank, not because they are outliers,
g4f4Cy). Considering the simplifications noted above, thebut simply because there are already enough similar datasets
proposed version of the metabolic model can then be rein the databank. Detection of overrepresentations is based
written as a linear model in terms of model parameterspn cluster analysis using the distance between two sets of
namely: data (Sharaf et al., 1986). The smaller the distance, the more
Kes Ol & o similar Lhe Qataseltls arﬁ. When.t.heldistlance fromforr:e datz?llfet

st Lx to another is smaller than a critical value, one of them wi
ys(t) = ag(t) Ks FElXj(t)BSJ " as“(t);l x50 (13 be removed from the list of the datasets used for calibration;

o a random number generator is employed to decide which
Analogous to Eq. (7), the prediction of %CFC can be car-qataset to remove.

ried out using the following equation: Datasets that pass data processing (outlier and overrep-
resentation detection) are pooled together to form a data-

- 1

%CRC(t) = 100K, (t) :+—ty5(t) bank. Only those datasets in the databank have been em-

o Bsa * agu(® ployed for model calibration.

Bs,t agull)
- 2% m (14)

=2 SE RESULTS AND DISCUSSION
Furthermore, the CFC density (cells/mL; [CFC]) can be
calculated from: Off-Line Model Calibration

%Ci:C(t) Model calibration can be carried out by means of LS, RR, or

(15 PCA, based on either glucose consumption rate or lactate
production rate, using either the two-point or three-point
approximation method (Egs. 2 or 3, respectively). To com-

Model Calibration and Data Processing pare different methods, the norm of %CFC prediction,

) o ) which is also called the overall prediction error (PE) in this
The key step in the prediction of %CFC or [CFC] is the work, is introduced and defined as:

calibration step for evaluation @fs ;andag by deconvolu- _
tion of experimental data. For data deconvolution we emPE=

[CRC0] = Cx() x50

ployed multivariate linear regression methods, namely, least n -

squares estimation (LS), ridge regression (RR), and princi- Z(%CFC(ti) - %CFQt))?
pal component analysis (PCA) (see Appendix for more de- ||%Ci:C - %CFC| = =

tails). n-(p+1)

An observation (measurement) is not only subject to mea- (16)
surement errors inherent in the analytical assay. Sometimeghere p = 6. The smaller the PE value, the better the
human errors or method errors can also be added to the86CFC prediction and the more successful the model cali-
errors, such that misleading data or less representative (ifration.
consistent) data have been collected. As method errors, we Introducingys (Eq. 13) eliminates the nonlinearity caused
can include the errors caused by the approximation methodsy considering the “crowding” effect, and thus enables us to
used to estimate the metabolic rates. PCA using the first twase multivariate linear regression for data deconvolution.
principal components was employed to detect outliers (meaFor a givenKg, a set ofs; andag can be determined by
surements with large errors). In a biplot of these two com-means of LS, RR, or PCA. Variation ¢fg will lead to a
ponents, each dataset is reduced to a single point. Outligtew set of3s;andag Thus,Kgis determined via an itera-
detection is based on the distance from a point to the centraive process by minimizing the PE (Eq. 16). The reason for
line that represents the general trend of all datapoints. Sinoeonsidering different regression methods is to obtain an op-
%CFC is not available in real time, a matrix containing onlytimal set of Bs; and as, and to minimize the prediction
metabolic activity and flow cytometric results is used for errors of these parameters (see Appendix). Since the true
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values of The two-population model (Eq. 4) lumps all immature and
Bsjandagare unknown, the minimization of the prediction mature G and M cells together, and the simple linear che-
errors forBs;andagis again based on minimizing the PE mometric model (Eq. 5) considers only differentiation by
(Eq. 16). The best regression method was found to be thspecifying te 5 G and M cell groups, while the proposed
RR with k=0.08 (see Appendix), when model calibration is model (Eg. 13) and the alternative model with individual
based on using the lactate production rate approximated byg;and a commogsalso take into account growth rate and
the three-point method. The improvement in reducing PEcell density. The performance of the proposed model vs.
(Eq. 16) by means of RR in comparison to LS is, in thisthose of three other models are compared in Figure 4. All
case, about 10%. All of the following studies employed thepredictions are based on lactate production rate approxi-
proposed model (Eq. 13) unless otherwise indicated. mated by the three-point method (Eg. 3). It can be seen from
When using the three-point approximation to estimate thd-igure 4 that the proposed model delivers better results than
lactate production rate, seven datasets were detected #se other three models. The PE values for the two-
outliers and were not put into the databank (Fig. 3). Tablegopulation model (Eq. 4), the linear chemometric model
I shows that %CFC predictions involving different meta- (Eqg. 5), the alternative model, and the proposed model are
bolic rates approximated by different methods yielded dif-5.9, 4.7, 3.4, and 2.9, respectively. The improvement in
ferent number of outliers. In general, the two-point approxi-%CFC prediction verifies our hypothesis that the parameter
mation of metabolic rates is less accurate than the threesariations in a two-population model can be eliminated by a
point approximation, and thus there are more outliers. Sincenore comprehensive model (Fig. 4a). The prediction im-
the lactate production rate is greater than the glucose comprovement also indicates that not only differentiation, but
sumption rate, there is a larger change in the lactate coralso the crowding effect and growth rate are important for
centration. Together with the lower percent error for lactatecharacterizing hematopoietic cell metabolism (Fig. 4b). Fur-
measurement, this means that the approximation of the ladhermore, Figure 4c shows that the proposed model (using
tate production rate is more accurate, leading to fewer outindividual Bs; and a singlexg) is slightly superior to the
liers (Table ). The %CFC for most datasets is below 5% alternative model using individuals ; and a single3s
and thus almost all overrepresentations are for lower %CFC. The corresponding parameters for the proposed model are
All of the following predictions were carried out based on listed in Table Il. The highest specific lactate production
model calibration obtained after removal of outliers andrate was found for CFC (7.7@mol/h/10°cell), while early
overrepresentations. Removal of outliers decreased the pr& cells (CD15+/CD11b-) have a small lactate consumption
diction error (Eq. 16) by about 35%, while improvement of rate (-0.46umol/h/10¢cell). These two distinctive values
the data deconvolution based on removal of overrepresemnay account for the coincidental peaks for specific lactate
tations was negligible (<3% decrease in PE). production rate and %CFC (Collins et al., 1997). Immature
Different results are expected for the different models.(CD15++/CD11b-) and mature (CD15++/CD11b+) G cells
(Table 1l) have similar metabolic rates (1.36 and 1uéiol/
0.8 - ; h/10cell, respectively). These values are consistent with the
. L’ observation (unpublished results from Y. Kuang and D. Pas-
. A g . .
.’ . coe) that the specific lactate production rate remains at a
© . Az}‘ L moderate level at the end of G cultures when %CFC is
04 R A f~‘ o almost zero. It can be further observed from Table Il that a

AN ‘ higher lactate production rate was found for immature
- A - monocytes (CD15-/CD11b+), while mature monocytes
A{A, "ﬁ .- O (CD15+/CD11b+) have a small consumption rate. This cor-

»

o) & responds well with the observation that in M cultures a
"M“n"l‘ A second ifi i
K S peak of specific lactate production rate appears
A “‘ Aﬁ 5 about 8-12 days after the peak associated with the peak in
I CFC (unpublished results from Y. Kuang and D. Pascoe).
04 ) A . Figure 5 shows the %CFC predictions based on different
p* Py . o metabolites and approximation methods for their rates. Al-
. g though the less accurate two-point approximation for meta-
o . bolic rates results in more outliers, the prediction error
0.8 - " based on this approximation method is not much greater
-0.8 -0.4 0 0.4 0.8 than that based on the three-point approximation (Table ).
Principal Component 1 Thus, estimation of the individual specific metabolic rates
and subsequent %CFC prediction need not be delayed until
Figure 3. Qutlier detection, using the_ three—poiqt a_pproximation for lac- the next available measurements. From Figure 5 and Table
taFe production r_ate, based on the first two_prlnmpal components. Thq it can be seen that the %CFC predictions based on lactate
middle (central) line shows the trend of all points and the top and bottom'’ - Lo
lines define the tolerance range (0.32; selected to minimize the overaf'€ SUperior to those based on glucose, indicating that more
prediction error). Outliers®) are those outside this tolerance range. accurate measurements yield more accurate predictions. It

Principal component 2
o
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Table I. Number of datasets used in calibration of Eq. (13), number of outliers, and number of
overrepresentations based on different metabolites and approximation methods

Approximation Number of Number of Number of datasets PE
Metabolite method outliers  overrepresentationsused in calibrationr) (Eq. 16)
Glucose 3-point 12 4 85 35
Lactate 3-point 7 5 89 2.9
Glucose 2-point 23 3 75 4.8
Lactate 2-point 14 6 81 3.4

can also be seen that prediction is reasonable for highdor all these experiments. Due to a high value for the esti-
%CFC values—especially when using the lactate producmated lactate production rate, the model overpredicts the
tion rate, while predictions of lower %CFC can be far out-%CFC value on Day 5 (Exp. 4) to a certain degree (about
side a 25% error range. The discrepancy for lower %CFC igl0% off). This error has been amplified in the [CFC] pre-
likely to be partly due to the greater inaccuracy on a perdiction because of a very high total cell density at this time
centage basis of colony assays with lower CFC contenfpoint. It should be noted that the real-time measurements for
Model inaccuracy due to using singleKg, andag values  this particular day were not recognized as an outlier. Thus,
for different cell types may also partly contribute to the the unsuccessful predictions for %CFC and [CFC] at this
prediction inaccuracy for lower %CFC. However, despiteparticular time point illustrate a possible failure of the pro-
the greater percent error for lower %CFC, Figure 5 alsqyosed model or the outlier detection method. However, it is
shows that even at lower %CFC values, the model generall|so possible that there were errors in the colony assays for
predicts higher %CFC for higher values and lower %CFCinat day, especially since higher [CFC] values were ob-
for lower values. Thus, if the prediction of %CFC values tzined on Days 4 and 6. Unfortunately, we can only specu-

greater than a threshold valugs) is of primary interest, |ate, since repeating a colony assay at a later time is impos-
then the prediction method proposed in this article provideg;jp|e.

a useful tool. A proposed harvest strategy is depicted in Figure 7, and

its application is illustrated using Exp. 5 (Fig. 6i,j). Before
performing the %CFC and [CFC] estimations for Exp. 5, the
real-time measurements and rate approximations (cell den-
Reasonable real-time predictions of %CFC and [CFC] coulcity, growth rate, flow cytometry results, and metabolic
be useful in deciding when to manipulate a hematopoieti¢ates) at a given time point were first transferred to a point
culture. In gene therapy, it might be better to initiate geneon the PCA biplot (Fig. 3) for possible outlier detection
transfer when %CFC is highest, while the transplantation ofFig. 7). The transfer matrix was obtained based on the
an ex vivo culture with the maximal [CFC] may be more datasets in the databank. If a new dataset is detected as an
effective to abrogate neutropenia. Thus, in order to improveutlier, the measurements at this time point should be re-
the harvest decision for cell or gene therapy, the peak valugseated to exclude human mistakes (Fig. 7). The original
of %CFC and [CFC] should be reasonably estimated. Byeal-time measurements on Day 7 of Exp. 5 were detected as
means of our proposed model, the time profiles of %CFCan outlier. Repeating the measurements showed that the
and [CFC] during an experiment can be estimated in reaprevious lactate concentration reading on Day 7 before
time. In Figure 6, predictions of %CFC and [CFC] for five feeding was too low, leading to a lower calculated lactate
representative experiments are depicted. The datasets fropnoduction rate and considerable underestimation of %CFC
Exp. 1-4 were already embedded in the databank used fand [CFC] (Fig. 6i,j). By correcting the lactate concentra-
model calibration (Fig. 6a—h), while the datasets from Exption, reasonable predictions of %CFC and [CFC] were
5 were not included in this databank (Fig. 6i,j). achieved (Fig. 6i,j). The real-time measurements and rate
In 14 of 24 experiments available for this study, only approximations from new experiments, e.g., Exp. 5 in Fig-
three datasets per experiment have been embedded in thee 6, can be integrated into the databank after screening for
databank due to outlier or overrepresentation removal or theverrepresentation once the colony assay results (%CFC
lack of one or more necessary measurements. Three expenteasurements) are available. Such an accumulation of
ments are represented in the databank with only twalatasets would raise the accuracy and confidence level of
datasets. Representative %CFC and [CFC] predictions fahe estimated model parameters, as well as the quality of
those experiments with few datasets are depicted in FiguréeCFC and [CFC] predictions.
6a,b. Based on real-time estimation, optimal harvest decisions
There are seven experiments with four or more datasets ican be made by using harvest rules developed for a particu-
the databank. Three representative predictions are shown lar application (Fig. 7). One possible harvest rule is that the
Figure 6¢c-h. Except for Day 5 of Exp. 4 (Fig. 6g—h), good culture will be harvested as soon as one observes a decreas-
predictions for the %CFC and [CFC] peaks were obtainedng tendency of estimated %CFC or [CFC]. Another pos-

Real-time Estimation and Harvest Decision
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40 Table Il. Parameters values for the proposed model (Eq. 13)
a +25%.‘ Parameter Cell types Un7it Value
Bs1 CFC pMol/h/107 cell 7.73
LLIB 30 Bss CD15+/CD11k pMol/h/107 cell -0.46
O A" Bsa CD15++/CD11k uMol/h/107 cell 1.36
° $ Bsa CD15++/CD11b+ uMol/h/107 cell 161
° A e 2289, Bss CD15-/CD11b+ pMol/h/107 cell 2.71
S 20 Bes CD15+/CD11b+ pMol/h/10” cell -0.49
.- A e as Al pMol/107 cell 9.6
0 i K. Al 108 cell/mL 2.5
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Figure 4. Comparison of the proposed multipopulation model (Eq. 13)

(@) with three other modelsA) for prediction of %CFC: ) the two- Figure 5. Prediction of %CFC using the proposed model (Eqg. 13) based
population model (Eq. 4)b) the linear multipopulation model (Eg. 5), and on glucose consumptioi\[ and lactate productior®) using the &) two-

() the alternative multipopulation model with individuak ; and a com-  point (Eq. 2) andlf) three-point (Eq. 3) approximation methods. The solid
monBg The solid lines describe perfect predictions, while the dashed linedines describe perfect predictions, while the dashed lines represent 25%
represent 25% over- or underestimations. over- or underestimations.
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w ], Exp 1 040 [ Exp 1 (Fig. 7). It involves developing a mathematical model that
30 4 0.30 properly describes the relationship between %CFC and
20 0.20 1 metabolic activity, evaluating the model parameters (model
b : MU e calibration), estimating %CFC or [CFC] in real-time, and
42_ o i ' making an optimal harvest decision based on predetermined
ol AN Exp2 oa | L. Exp2 harvest rules. The success of this strategy lies in reasonably
20 0.20 | predicting the %CFC and [CFC] peaks based only on real-
_ 10 N = o010 /\\ time measurements. The proposed nonlinear multipopula-
S o £ oo . . tion model, which was extended from a previous two-
g e Exp3| & o040 Exp3 population model (Collins et al. 1997), is able to reasonably
5:- 1 = 030, predict higher values of %CFC, and thus the %CFC or
& f: ‘g :f'; [CFC] peaks, for ex vivo hematopoietic cultures carried out
5§ , [ N g 0:00 under different cytokine combinations with different feed-
S w0l N Toa = 0] ing strategies and inoculated with different patient samples,
0] © P 0.30 | inoculum densities, and initial CD34+ cell contents. Predic-
20 0.20 | tion accuracy of %CFC or [CFC] is related to the model
10 S 0.10 formulation (Fig. 4), measurement accuracy (Fig. 5), regres-
0 ' : 0.00 sion methods for parameter evaluation, and data processing
:Z i Exp 5 Z:Z j Exp5 (e.g., outlier detection). In order to improve the predictions,
20? : 020 more complex models that may include additional meta-
N \/ 010 //’\L/ bolic rates should be tested. It would also be helpful to
o N 0.00 e increase the rate approximation accuracy by using more
0 4 8 12 0 4 8 12 sensitive metabolites, e.g., dissolved oxygen, which can be
Day of culture Day of culture measured on-line. Furthermore, more advanced/complex re-

. . - gression methods could be employed, such as multivariate
Figure 6. Measured (symbols) and predicted (solid lines) values fornonlinear regression Besides the regression methods. data.
%CFC (A) and [CFC] @) for five experiments: Exp. 1a(b), 2 (c,d), 3 a ; : : 1 3
(e, 4 (g,h), and 5 {j). Dashed lines for Exp. 5 in (i) and () represent base mining with cluster analysis and pattern recognition
predicted values that would have been obtained without outlier detectiofStephanopoulos et al., 1997) could be used to determine
and correction (see text for details). which parameters are most significant for %CFC estimation

and to eliminate the outliers more effectively, thereby im-

) _ _ proving data deconvolution and model calibration. Despite
sible hz_irvest rule involves harvesting a culture_as S00N 8§,age possible improvements, which could be further stud-
the estimated %CFC or [CFC] exceeds a certain thresholfly onq addressed in the future, this study presents an over-
value. all strategy to approach the harvest problems of ex vivo

hematopoietic cultures and outlines a detailed harvesting
CONLUSIONS procedure that could be implemented in clinical application.

A harvest strategy was developed for ex vivo expanded The experimental data used were provided by Paul Collins, Brian

hematopoietic cultures to be used for cell or gene therapies Finch. Diane Hevehan, Yu Kuang, Gerrie Liaw, Deborah Pascoe
and Sanjay Patel. We thank Professor Gregory Stephanopoulos
(MIT) for helpful discussions.

Offline  Available Data Data Model
calibration 33';% iztéF? processingH b&}nk _’caliblration NOMENCLATURE
s 1
Transfer,/;natrix Model | parameters ag growth-related metabolic coefficient in Eq. (9)
; 1 2 h A b. nongrowth-related metabolic rate in Eq. (9
Real-time ﬁzzls_l?rr;ients | Outlier ;%CFC/[CFC] CSB cor(? blood “©
estimation  without %CFC detection estimation CFC progenitor cells
If outlier, repeat CIEC(t) estimated CFC content
the measurements %CFC  percentage of CFC
y %CFC(t) estimated percentage of CFC
PTCRC %CFC/{CFC] [CFC]  CFC density
Gene therapy time profile [CFC(t)] estimated CFC density
Harvest Harvest | Harvest Cq concentration of metabolitg
decision rules Cx cell density
Cell therapy Plot [CFC] E{*}  average of *
time profile fCy)  cell density influence factor o8 metabolic rate
I, n x n unit matrix
Figure 7. Proposed harvest strategy for ex vivo hematopoietic cultures L distance fromBg to Bg
for clinical application based on real-time measurements. Ks parameter used in the functidgCy)
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LS least squares estimation A — vyl oy
MNC mononuclear cells Bs= (XX} X'ys (18)

m number of principal components as the estimation b5 The LS estimation is unbiased, i.e.

mg maintenance consumption on metabofite . . . ~ . .
N number of dataset points (sample size) E_{BS} = Bg and its variance-covariance matrix can be
p number of cell groups given by
PB peripheral blood n 5 1
PCA  principal component analysis VAR(Bg) = o2(X'X)~ (19
PE overall prediction error ) ) -
Os overall specific consumption/production rate of metabcite  Let L be the distance from the estimatifg to the real3s
RR ridge regression Then, the average of the squared distance can be given by
t time point of sampling
U ;)(r)t(r’\onormal matrix whose columns are the eigenvectors of E{LZ} = E{(Bs_ BS)/(BS_ Bs)}
; p+l
v, j-th column vector ofV _ 2 N -
\ orthonormal matrix whose columns are the eigenvectors of =0 TracaX'X) "= o Zl N (20
X'X =
W(t) ]i‘”"etfse ":ca“i’li used in principal component analysis where )\, is the j-th largest eigenvalue ok’X. When the
X raction of cell group) A i, .
%, predicted value ok, matrlxx Xis“ill condlt!oqed, i.e., it has one or more small
X cell composition matrix eigenvalues, the prediction errors & ;andagtend to be
Vs ratio of metabolic rate to crowding effect correction large (Hocking et al., 1976), often making the estimation of
Yxs  vield coefficient . _ Bsjandag unacceptable. RR and PCA mainly aim to cor-
z diagonal matrix containing square root of eigenvalues rect the matrixX’X when it is “ill-conditioned.” The former

method adds a positive term to the matixX diagonal

Greek symbols elements to prevent any small eigenvalues from occurring

«, B parameters in the two-population model (Hoerl and Kennard, 1970), while the latter eliminates the
as  growth-related metabolic coefficient small eigenvalues in the matr¥ X (Jolliffe, 1986; Wold et
Bs  vector containing alBs; al 1987)

Bs; individual specific metabolic rate coefficients
Bs; estimation offg; _

e measurement and modeling error

N eigenvalue

o standard deviation

Ridge Regression Method

Estimation of3g based on RR gives:

APPENDIX

The multivariate linear regression methods used to estimate ~
Bs;andagin Eq. (13) are LS, RR, and PCA. Since multi- In this case, the average of the squared distance fgin
variate linear regression is a statistical method, a term deBs can be given by

scribing measurement or modeling error is added to the 5 A LA

metabolic model. When afi experimental data are summa- E{L(k} = E{(Bs~ B (Bs~ Bo)t

Bs= (X'X+KNXys k>0 (21)

. . . . p+1
N\
rized in a matrix notation analogous to Eq. (5), we get - o2 E j - CBLUXX+ k)2 Bs  (22)
Ys=XBstes 17 =1 (\+K)

whereXis a (0 x (p + 1)) matrix withx(t) as its (j)-th  The parametek is determined in such a way that the mean
elementx,,,(t) = p(t)X- () (Eq. 11).ysisa @ x 1)  value of the squared distance is minimized.

vector withyqt;) as thei-th element, an@g is the unknown

((p + 1) x 1) parameter vector containing gl ; with asas

the last element. Finallygis the f x 1) measurement and Principal Component Analysis

modeling error vector. The mean &fis usually assumed to
be zero, mathematically expressed as&{= 0. Further-
more, it is also assumed that the errors made at each sam
are uncorrelated and thus the covariance matrixofs X=UzVv (23)
diagonal, i.e., E§ses} = o2 whereo, is the standard deri-

vation andl,, is the @ x n) unit matrix. It should be noted Where:

that the number of experimental data seis much larger 1) Uisa ( x (p + 1)) matrix and has orthonormal columns

In PCA, the singular value decomposition is often used to
IC()1gcompose the matriX in the form

than the value off{ + 1), and the rank oK is assumed be so thatU'U = I, ,. Furthermore, the columns bfare

(p+1). those eigenvectors ofX' which correspond to the non-
zero p + 1) eigenvalues.

Least Squares Estimation 2) Vis a (p + 1) x (p + 1)) matrix and has orthonormal

All linear regression methods are more or less based on the columns so thaV'V = 1, ;. Furthermore, the columns

LS estimation that gives: of V are the eigenvectors of X.
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3) Zisa(p+ 1) x (p+ 1)) diagonal matrix With\jl/2 as its  Jolliffe IT. 1986. Principal component analysis. New York: Springer-

(i,j)-th element. Verlag.
) ) ) Koller MR, Palsson BO. 1993. Tissue engineering: reconstitution of human
The inverse matrix oK’'X can then be given by: hematopoiesis ex vivo. Biotechnol Bioeng 42:909-930.

Koller MR, Bender JG, Papoutsakis ET, Miller WM. 1992. Effects of

p+l - . o N
1 1 g , synergistic cytokine combinations, low oxygen and irradiated stroma
XXy =(VZU'UZV) " =VZ'Z) V' = 21 f Vv (24 on the expansion of human cord blood progenitors. Blood 80:403-411.
=1

Koller MR, Manchel I, Palsson MA, Maher RJ, Palsson BO. 1996. Dif-
Assuming that the number of principal componentmig) ferent measures of ex vivo human hematopoietic culture performance
<m= p+ 1), a new matrixW is introduced to replace the are optimized under vastly different conditions. Biotechnol Bioeng

matrix (X'X)™* such that all of the smallesp(+ 1 — m) 50_:505_51_3' o - )
. L . Ludeking R, Piret EL. 1959. A kinetic study of the lactic acid fermentation.
eigenvalues are eliminated:

J Biochem Microbiol Technol Eng 1:393-412.
moq McAdams TA, Winter JN, Miller WM, Papoutsakis ET. 1996. Hemato-
W= 2 . vjVj’ (25) poietic ce_zll culture therapies. Il. Clinical aspects and applications.
3N Trends Biotechnol 14:388-396.
Nielsen LK, Bender JG, Miller WM, Papoutsakis ET. 1998. Population

wherev; is thej-th column vector o¥/. The principal com- balance model of in vivo neutrophil formation following bone marrow

ponent estimation then gives the estimatiofsgas follows rescue therapy. Cytotechnology 28:157—162.
~ Ozturk S, Palsson BO. 1990. Effect of initial cell density on hybridoma
Bs=WXyg (26) growth, metabolism, and monoclonal antibody production. J Biotech-

. . . . nol 16:259-278.
The s_electlo_n ofmis m(_)re or less arl?ltrary’ depe”d'r‘g on Pirt SJ. 1965. The maintenance energy of bacteria in growing culture. Proc
the distribution of all eigenvalues of'X. However, mini- R Soc Lond B 163:224-231.

mizing the distance fromisto Bgis often a good criterion.  Reiffers J, calliot C, Dazey B, Attal M, Caraux J, Boiron JM. 1999.

Abrogation of post-myeloablative chemotherapy neutropenia by ex-
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