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Abstract

Macrophages from animals prone to autoimmune (type 1) diabetes differ from those of diabetes-
resistant animals in processing and clearing apoptotic cells. Usingin vitro time-course assays of the
number of engulfed apoptotic cells observed within macrophages, we quantified these differences in
non-obese diabetic (NOD) versus Balb/c mice. Simple models lead to several elementary parameter
estimation techniques. We used these to compute approximate rates of macrophage engulfment and
digestion of apoptotic cells from basic features of the data (such as initial rise-times, phagocytic index
and percent phagocytosis). Combining these estimates with full fitting of a sequence of model variants
to the data, we find that macrophages from normal (Balb/c) mice engulf apoptotic cells up to four times
faster than macrophages from the diabetes-prone (NOD) mice. Further, Balb/c macrophages appear to
undergo an activation step before achieving their high engulfment rate. In NOD macrophages, we did not
see evidence for this activation step. Rates of digestion of engulfed apoptotic cells by macrophages are
similar in both types. Since macrophage clearance is an important mechanism of disposal of self-antigen,
these macrophage defects could potentially be a factor in predisposition to type 1 diabetes.

1 Introduction

Type 1 diabetes (T1D) is an autoimmune disease in which the insulin-producingβ-cells in pancreatic islets
are selectively destroyed. Numerous cells of the immune system, including CD8+ and CD4+ T cells, dend-
ritic cells, and macrophages are known to play a part in the pathogenesis of T1D. Many chemical factors
such as cytokines, are also implicated. This presents a complex system that is hard to untangle, where mul-
tiple effects are interrelated. In this paper, our goal is to learn more about one specific function of one class
of cells, namely the phagocytosis of macrophages. Macrophages are the body’s primary scavenger cells, and
are responsible for clearing pathogens and apoptotic cells by phagocytosis. They also modulate the immune
response by antigen presentation and activation of other immune cells (Gordon, 1998).
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It has been shown that in young animals, theβ-cell mass undergoes a stage of remodelling during which
many cells enter programmed cell death (apoptosis). Defective clearance of these apoptoticβ-cells by
macrophages may lead to buildup of necrotic cells and debris which is collected and presented by dendritic
cells to T cells in the pancreatic lymph nodes, initiating an autoimmune response. This idea is a current
general hypothesis for the initiation of T1D from what would otherwise be normal cell turnover (Trudeau
et al., 2000; Mathis et al., 2001).

It has indeed been shown that an aberrant response by macrophages,is involved in the initiation of the
disease (Georgiou et al., 1995; Shimada et al., 1994) Various defects have been observed in macrophages
from non-obese diabetic (NOD) mice, including abnormal production of soluble mediators such as IL-12
(Alleva et al., 2000), less efficient activation of other immune cells (Jun et al., 1999), and reduced phagocyt-
osis (O’Brien et al., 2002b).

Phagocytosis involves the engulfment and ensuing degradation of internalised material. After recog-
nising and binding particles, macrophages are activated to release specific proteins, extend pseudopods and
ingest the particles (Alleva et al., 2000). In previousin vitro assays we observed fewer apoptotic cells in-
side macrophages from diabetes-prone (NOD) compared with normal (Balb/c) mice (O’Brien et al., 2002b).
This difference could be a consequence of upregulated degradation, of impaired engulfment, or of defective
activation by NOD macrophages.

The approach is to do a comparative study in vitro of macrophages from animals that are prone to
develop the disease versus those that are not. We combine anin vitro characterisation of the phagocytosis
of apoptotic cells by macrophages with models that quantify the kinetics. The idea is that by learning about
details of the function of these cells we could in future build up a more comprehensive understanding of the
system as a whole. Modelling, experiments, and data analysis all play a fundamental role in this study.

We investigate which aspects of the macrophage phagocytosis (engulfment, degradation and/or activa-
tion) are altered in NOD mice, and quantify the level of impairment. To explore these differences quantitat-
ively, we derive concise kinetic models for phagocytic uptake and digestion of apoptotic cells. we then use
these models to compare macrophages isolated from NOD and Balb/c mice. In our models, we characterise
macrophage classes according to the number of internalised apoptotic cells. This is similar to approaches
in some previous papers, notably, Gammack et al. (2004) and Tran et al. (1995). Here, however, we also
describe experiments in which each of these classes is measured, and we use the data to determine the best
description of the process. Phagocytosis is assayedin vitro by feeding macrophages with apoptotic thymo-
cytes, as described in Section 2.1, and (at fixed time points) counting the number of apoptotic cells visible
within each of several hundred macrophages. The models described in this paper suggested experimental
refinements that improved inferences about the underlying kinetic parameters. By fitting the kinetic mod-
els to the data, we estimate key parameters. We found differences in both activation and engulfment rates
between the Balb/c and NOD macrophages, but not in digestion rates.

We use the models to mathematically derive shortcuts for calculating ball-park estimates of the kinetic
parameters. Some of these are based on well-known and generally available indices such asphagocytic
indexandpercent phagocytosis, commonly quantified in the literature (see definitions below). While full
parameter fitting leads to greater accuracy, these basic methods can be helpful to biologists in interpreting
data from other phagocytosis experiments. We also focus attention on detailed presentation of nonlinear
parameter fitting techniques that allow us to compare between model variants, strains of mice, and distinct
ways of grouping and analysing data points. We show that the Akaike Information Criterion can help to
identify the models that are most parsimonious in terms of number of parameters while being optimal in
terms of fit of the data.
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2 Methods

2.1 Phagocytosis assay

5-week-old female Balb/c and NOD mice were purchased from Taconic (Germantown, NY). Animals were
handled in accordance with the regulations of the Canadian Council on Animal Care and with approval by
the Animal Care Committee at Simon Fraser University (Burnaby, BC). Macrophages were extracted from
the mice by peritoneal lavage with cold complete medium (RPMI 1640, 100 U/ml penicillin/streptomycin,
10% v/v heat-inactivated fetal calf serum; Gibco Life Technologies, NY). Balb/c and NOD peritoneal mac-
rophages were seeded into chamber slides (Nalge Nunc, IL) and incubated at 37◦C / 5% CO2 for 2 hours.
To ensure that equal numbers of adherent macrophages among strains remained after washing, nonadherent
cells from washes of single wells were regularly counted. The resulting initial number of adherent macro-
phages was approximately 105 cells per well.

Suspensions of apoptotic cells were prepared by 20 min irradiation of mouse thymocytes using a short-
wave (254 nm) ultraviolet C lamp (UVP, CA), followed by their incubation in serum-free complete medium
at 37◦C/5% CO2 for 2 hours. Cell death was assessed using fluorescent microscopy and staining with
fluorescein-isothiocyanate-labelled annexin V and with propidium iodide (PI) (Molecular Probes, OR). This
yielded 44± 7% annexin V+/PI− cells, which were classified as early apoptotic cells. Annexin V binds to
phosphatidylserine molecules expressed on the surface of apoptotic cells, whereas PI serves as an indicator
of membrane integrity, thus distinguishing apoptotic from necrotic cells.

Apoptotic cells were added to each well at the initial ratio of 5:1 apoptotic cells to adherent macrophages,
and were cocultured with macrophages in 0.5 mL of a complete medium at 37◦C/5% CO2 for variable
periods of time. Macrophages from multiple mice of a given strain (NOD or Balb/c) were mixed. Aliquots
from this sample were seeded into 9 different wells. Each well was cultured for a distinct time period, e.g.
5, 10, 20, 30 min, and 1, 2, 4, 6, 8 hours, after which staining and counting took place. Figure 1 shows a
typical image of macrophages with engulfed apoptotic cells. This set of nine measurements is referred to
as “a single 8-hour time series”. (Note that we could not observe a true time series because staining kills
macrophages.) The procedure was repeated 5 times, leading to 5 independent time series for each strain
(using different aliquots), hereafter denoted 5 “replicates”. (In one time series, one mixture was cultured for
90 min instead of 5 min.) Before staining, a given well was washed three times with cold phosphate-buffered
saline (PBS) to remove apoptotic thymocytes that had not been phagocytosed, and then macrophages were
fixed in neutral buffered formalin (Sigma, MO). Cells were stained with hematoxylin and eosin (Sigma,
MO), and observed using light microscopy at 1000-fold magnification under oil immersion.

Phagocytosis was evaluated by counting 150-1340 macrophages per well at the end of each culture
period. (Altogether, 90 wells (45 per strain) were analysed, with a total of 86676 macrophages.) Each
macrophage was assigned to a class (i = 1,2, . . . ,N) according to the number of internalised apoptotic cells
it contained. Only apoptotic cells clearly visible within the perimeter of the macrophage were counted.
The maximum number of apoptotic cells observed inside any given macrophage was 7. We used these
observations to calculate the densities of macrophages in each of the classes, the percent phagocytosis,Φ (the
number of macrophages containing at least one apoptotic cell per 100 macrophages), and the phagocytosis
index,IΦ (the number of ingested apoptotic cells per 100 macrophages). The remaining density of apoptotic
cells, A, could not be measured. Because the number of cells observed per well varied greatly, we used
densities, rather than absolute numbers of observed macrophages in a given class for all data analysis.
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2.2 Model assumptions

We here model the process of macrophage encounter and engulfment of apoptotic cells. In the experiments,
macrophages and apoptotic cells are randomly distributed, and macrophages can be assumed to move ran-
domly. Furthermore, it is evident that “handling times” of apoptotic cells by macrophages during engulfment
are very short (see Assumption 2), so it is reasonable to use mass-action kinetics to represent rates of en-
counter. We subdivide macrophages into classes according to their number of (visible) engulfed apoptotic
cells. LetMi be the density of macrophages that containi visible engulfed apoptotic cells. The integeri
ranges from 0 (none ingested) to some maximal observed value (i.e. 7 in our experimental data). Later, we
will show that it is not essential to incorporate a maximal macrophage capacity,N, in the model analysis,
because the probability of observing a macrophage withi internalised apoptotic cells decreases sharply with
increasing values ofi. However, for simulation-based full parameter fits to the models, we tookN = 7,
unless indicated otherwise. The kinetic model for the process of phagocytosis is based on the following
assumptions:

1. Engulfment of apoptotic cells by macrophages takes place with mass-action kinetics, sequentially
with a constant rate, described by a parameterke. (This is an approximation, andke is to be viewed as
an average uptake rate.) Estimating the value of this uptake rate is one of our goals.

2. Binding and engulfment of an apoptotic cell by a macrophage is approximated as a single, fast and
irreversible process. In reality, the process consists of multiple steps, with possibly reversible binding
of the apoptotic cell to macrophage receptors followed (at some probability) by engulfment of the
bound cell. However,In vivo, at body temperature, the lifetime of these complexes is very short, so
that this stage is seldom observed, making this a reasonable assumption. Indeed, in order to observe
such complexes, the temperature has to be lowered down to 4◦C (Cocco and Ucker, 2001; O’Brien
et al., 2002a,b). (At these low temperatures, the complexes of macrophages with bound apoptotic
cells are relatively stable, owing to slow cytoskeletal rearrangement.)

3. We assume that engulfed apoptotic cells are digested and degraded in the macrophage sequentially
(one by one) at ratekd, and that this rate is roughly constant. (In our model, macrophages move
from classi to classi−1 at this rate). We refer to this as “saturated digestion” because when more
internalised cells are present, it takes longer to complete the full digestion of the lot.

4. Death of macrophages (e.g. by apoptosis, typically on a time scale of days or weeks, Bellingan et al.,
1996) is here neglected, since we focus on phagocytosis occurring on a time scale of hours. We also
do not expect necrosis to contribute significantly on this time scale. The current experimental setting
is not suitable for observing and quantifying macrophage death. Therefore, we cannot rule out some
macrophage loss.

We refer to the model incorporating these assumptions as theBasic Model(Section 2.3). Later variants
(Section 2.4) relax some assumptions, or incorporate others. One of our goals is to characterise which of the
variants provides the best fit to the data.

2.3 Equations of the Basic Model

The simplest kinetic model proposed here is based on following the number of macrophagesMi , where
i = 1,2, · · · is the number of ingested cells in macrophages of classi. The scheme of sequential stages is:
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M0

ke

�
kd

M1

ke

�
kd

M2

ke

�
kd

· · ·
ke

�
kd

MN , (1)

whereke represents the combined rate of binding and engulfment, andkd represents the rate of digestion.
(See Table 1 for a summary of meanings and typical values of all symbols.) In this model,M0 represents
macrophages that have not yet engulfed, or that have already finished digesting apoptotic cells. The model
equations track the “flow” into and out of each class. Flow toward higher classes (greater number of engulfed
apoptotic cells) represents ingestion (proportional to the number of uningested apoptotic cells,A). Flow
toward a lower class represents degradation of engulfed cells. In this model, apoptotic cells are taken up one
at a time, and then digested sequentially, i.e. this is the “saturated digestion” case (see Assumption 3).

The set of differential equations for this model are:

dM0

dt
=−keM0A+kdM1 , (2a)

dM1

dt
= keM0A− (kd +keA)M1 +kdM2 , (2b)

dM2

dt
= keM1A− (kd +keA)M2 +kdM3 . (2c)

The forms of the equations for macrophages in classes 1, 2, etc. are the same. In general, theith class satisfies
an equation of the form:

dMi

dt
=keMi−1A− (kd +keA)Mi +kdMi+1 . (2d)

If a maximal number of ingested apoptotic cells (N) is considered, then the final equation for the macro-
phages containingN apoptotic cells is of the form:

dMN

dt
= keMN−1A−kdMN . (3)

For the purpose of simulations, we tooki = 1, · · · ,N, with the terminal valueN = 7, unless indicated other-
wise. We refer toN as themacrophage capacity.

Apoptotic cells are constantly being removed at a rate proportional to their density,A (with rate constant
ke). If there is no terminal macrophage class then:

dA
dt

=−keAM , which givesA(t) = A0e−keMt , (4a,b)

whereA0 is the initial density of apoptotic cells, andM is the total number of macrophages in all classes. If
the terminal class of macrophages isMN, then Eqn. (4) is replaced by:

dA
dt

=−keA
N−1

∑
i=0

Mi . (5)

We used Eqn. (5) to fit data to the full model.
Initially, when the experiment starts, all macrophages are in the pre-phagocytic phase,M0, and none are

in higher classes. The apoptotic cells are supplied at some fixed levelA0. This determines the model initial
conditions:

M0(0) = M , Mi(0) = 0 (i = 1, · · · ,N) , A(0) = A0 . (6)
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The general behaviour of this model is that apoptotic cells decay as macrophages successively engulf them,
first filling up the classM1, and then gradually filling up higher classes. The classM0 will initially decrease,
and later may increase once a significant fraction of the apoptotic cells have been digested.

Two common indices used to describe phagocytosis are the percent phagocytosis,Φ (the percent of
macrophages that have visible engulfed cells), and the phagocytic index,IΦ (the average number of engulfed
cells per 100 macrophages), given by:

Φ =
100
M

N

∑
i=1

Mi , (7)

IΦ =
100
M

N

∑
i=1

iM i . (8)

The above set of equations comprises the basic model. Variants are discussed in the next section.

2.4 Model extensions

In the basic model we neglected possible activation of the macrophages from a resting state (Assumption
1). There is evidence, however, that stimulation of macrophages may affect the response and upregulate
phagocytotic ability (Erwig et al., 1999; Licht et al., 2001; O’Brien et al., 2002b). We therefore considered
a revised model in which the first engulfment occurs at a possibly lower rate than later engulfments, i.e.
we relax Assumption 1. We call this first engulfment an “activation” step. Note that the term macrophage
activation is used in many different ways, but that here it refers only to an upregulation of phagocytosis
after initial uptake of an apoptotic cell. That is, we do not describe here differentiation of macrophages
into antigen presenting cells (APC’s). Since inactivation probably occurs only after 24–48 hours, it seems
unlikely to be a major effect over the time scale of interest here (i.e. over a few hours). Nevertheless,
we investigated two extreme possibilities that activation is either rapidly reversible or fully irreversible (in
variants I and II of the model).

A third variant of the basic model relaxes Assumption 3 that digestion is saturated. This assumption
turns out to be important in our derivation of ball-park parameter estimates. We thus want to check the
validity of this assumption, as we have noa priori knowledge about its accuracy. If, instead, the digestion
machinery is unsaturated, (i.e. particles are digested in parallel, rather than one after another) then the rate
of digestion per engulfed cell should be constant, and hence the rate of flow between classes should be
proportional to the numberi of ingested particles. Variant III explores this possibility.

Reversible macrophage activation step; model variant I

In model variant I, we explicitly include a reversible activation step: the rate of engulfment of the first
apoptotic cell differs from the rates of subsequent ingestions. Upon full digestion, the macrophages revert
to a non-activated state, and must again be activated on further encounter with cells to be engulfed. (See
variant II for an irreversible version.) Model variant I is very similar to that of the basic model, but with the
rate of activation,ka, replacing the first forward rate constantke:

M0

kakaka

�
kd

M1

ke

�
kd

M2

ke

�
kd

· · ·
ke

�
kd

MN (9)
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Equations for model variant I are then as before, but with the following changes to classesM0,M1:

dM0

dt
=−kaM0A+kdM1 , (10a)

dM1

dt
=kaM0A− (kd +keA)M1 +kdM2 . (10b)

Irreversible activation of macrophages; model variant II

In model variant II, we assume that macrophages have an irreversible activation step, i.e. that they do not
revert to their resting state on a time scale of a few hours. We define an additional class,Mu, representing
the level of unactivated macrophages as shown below:

M0

ke

�
kd

MuMuMu
kakaka+2pt↓

M1

ke

�
kd

M2

ke

�
kd

· · ·
ke

�
kd

MN (11)

The equations for variant II are as before in Eqns. (2), but with new equations forMu andM1:

dMu

dt
=−kaMuA , (12a)

dM1

dt
=kaMuA+keM0A− (kd +keA)M1 +kdM2 . (12b)

The macrophage mass balance is then:

Mu +
N

∑
i=0

Mi = M . (13)

We assume that initially, all macrophages are in the unactivated state, i.e.Mu = M,Mi = 0 for i =
0, · · · ,N. Variants I and II differ only in the assumptions about reversibility of the resting state. (I assumes
full reversibility, II assumes none.) While the actual situation is likely an intermediate case, we here only
compare the two extremes, as current data are inconclusive. To obtain a more accurate description, either
longer term data sets or experiments involving secondary meals are required. In these variants, the activation
step delays the initial rise inM1. (Otherwise, the behaviour is similar.)

Unsaturated digestion; model variant III

Here we relax Assumption 3 that digestion is saturated. If, instead, digestion is unsaturated, its rate should
be independent of the number of engulfed cells so that flux of macrophages from classi to classi−1 should
be proportional to the ratekd and to the number of cells to be digested,i. Then:

M0

ke

�
kd

M1

ke

�
2kd

M2

ke

�
3kd

· · ·
ke

�
Nkd

MN . (14)

Herekd is replaced everywhere byikd in the model, e.g.:

dMi

dt
= keMi−1A− (ikd +keA)Mi +(i +1)kdMi+1 . (15)
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Unsaturated digestion could be combined with any of the above models, but here we discuss only the
version that includes irreversible activation of macrophages (i.e. as in variant II). We refer to this combin-
ation as variant III, and find that it leads to a very bad fit. (This is discussed below.) Other combinations
result in a worse fit, and are omitted here.

It is likely that the actual situation is an intermediate case, where digestion is optimally described by, for
example, Michaelis-Menten kinetics. However, the current data are not well suited for determining kinetics
at that level of detail. Further, our analysis suggests that the digestion saturates very rapidly. This justifies
the simplification made here, pending availability of data that specifically address digestion. In this variant
of digestion, we expect a much more rapid decay of all classes, since internalised particles are digested
simultaneously, rather than one by one. Moreover, we expect relatively fewer macrophages in the higher
classes.

2.5 Parameter fitting

Further on, we describe analysis of the models leading to easy parameter estimation. We also implemented
full parameter fitting routines to the basic model ((2), (3), (5)), as well as to variants I, II, and III. To find the
best-fit kinetic constants,ke, kd, andka, we used the Levenberg-Marquardt optimisation (Levenberg, 1944;
Marquardt, 1963) of the freeware biochemical simulator program Gepasi (Mendes, 1993, 1997; Mendes and
Kell, 1998). (The Levenberg-Marquardt optimisation method is a gradient descent technique, that combines
steepest descent with a Newton method. Its advantages are rapid and robust convergence.) To arrive at
parameter best-fit estimates, model predictions for the number of macrophages in the classesM0,M1, · · · ,MN

were applied to data for all these observed classes over all times of observation. Previous studies have
already showed a highly significant difference between Balb/c and NOD macrophage phagocytosis, albeit
not by determining quantitative kinetic parameter values (O’Brien et al., 2002b). Moreover, the combined
data for both mouse strains gives a very bad fit to any single model. (This is apparent in view of the huge
difference in the phagocytosis in Figures 2 and 3; note the four-fold difference in scale in Figure 3.) We
therefore present only fits which are done independently for Balb/c and NOD macrophages. The maximum
number of visible engulfed apoptotic cells observed experimentally wasN = 7. We tested the model for
N = 7 as well as a higher value,N = 12, and found no difference in the predictions. In the experiments,
cells have to be fixated and stained for counting, so no true time series are available. However, as described
in Section 2.1, semi-independent time series were derived by mixing macrophages from different animals
prior to seeding into wells.

We compared two data-fitting methods, concurrent and by replicate. By “concurrent” we mean a fit in
which all data points of the 5 replicates are fit simultaneously, ignoring the fact that they are derived from
different aliquots of macrophages. In fitting “by replicate” this distinction is preserved. We display results
of both in this paper to make two important points, the relationship of the replicates, and the accuracy of our
parameter estimates, as discussed below.

When a concurrent fitting is made to all data points simultaneously, any characteristics that are specific
to distinct replicates may get lost. From the raw data itself, it was not clear whether replicates show distinct
or identical trends, and we did not want to exclude this possibilitya priori. Thus, we tested both methods,
i.e. concurrent fitting to all the data points of each strain, as well as independent fittings to the time series
that were composed by measurements on a specific replicate (i.e. based on the same initial mixture of
macrophages). In our experiments, the animals are all genetically similar, and each curve represents the
behaviour of macrophages pooled from many animals (see experimental methods), so we found little inter-
experiment variation, which is reasonable. Later on, when searching for the most parsimonious description
of the data, we compare whether taking the individual replicates into account significantly improves the
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goodness-of-fit.
Concurrent data fitting allows us to calculate a confidence interval for the parameter values, based on the

drop in the goodness-of-fit when each individual parameter is changed. A well-chosen concurrent change
of more than one kinetic parameter, however, can lead to a much smaller drop in the goodness-of-fit. (In our
data, this is due to the fact that when both engulfment and digestion rates are high, the fit is almost as good
as when both are low.) Hence we expect this method tode factounderestimate the confidence interval. In
contrast, fitting the data to the individual replicates allows for the calculation of a more ‘traditional’ standard
deviation, since the outcome of the fittings can be considered to be five independent measurements of the
same kinetic constant. However, since now, SD values are based on five values only (and, for the SD, do
not take into account the huge amount of data), we expect to over-estimate the confidence interval. (This
is why it is in general better to calculate SD values using raw data (Motulsky and Christopoulos, 2003).)
Using both the fitting methods, therefore, allows us to both determine whether inter-experiment variation is
significant and to assess the reliability of our parameter estimates.

2.6 Model selection

To determine which model best describes the observed phagocytosis, we used Akaike’s ‘An’ Information
Criterion (AIC) (Akaike, 1973). A practical introduction to the usage ofAIC to compare biological models
can be found in Motulsky and Christopoulos (2003).AIC has been developed to determine which candidate
model minimises the Kullback-Leibler divergence (a measure of ‘discrepancy’) between the true distribution
and the model. Essentially,AIC maximises the probability that a candidate model generated the observed
data by rewarding descriptive accuracy, while penalising an increase in the number of free parameters.AIC
may perform poorly if there are too many parameters in relation to the size of the sample (Sugiura, 1978;
Sakamoto et al., 1986). We therefore use a second order bias correction, recommended when the ratio of
sample size to the number of parameters is smaller than 40 (as in our case). This small-sample adjustment
has been derived by Sugiura (1978); Hurvich and Tsai (1989), and is calledAICc. AIC andAICc converge
at larger sample sizes.

AICc is defined as:

AICc = nln

(
SSE

n

)
+2K +

2K(K +1)
n−K−1

, (16)

wheren is the number of observations,K the number of fitted parameters, andSSEthe remaining sum of
squared error after curve-fitting. The model with lowestAICc value is considered to be the best model.
SinceAICc adds a ‘penalty’ for each additional parameter, the most parsimonious description of the data is
rewarded.

Differences in theAICc values can be used to calculate the likelihood that a given model best describes
the data. An estimate of the relative likelihoodL of modeli, given the data is:

L(i|data) ∝ e−0.5·∆i(AICc) . (17)

where∆i(AICc) = (AICc)i −min(AICc), and the minimum is taken over all candidate models.
The relative model likelihoods are normalised (by dividing by the sum of the likelihoods of all models)

to obtain the so-called Akaike weightswi (see, e.g. Burnham and Anderson, 2002):

wi =
e−0.5·∆i(AICc)

∑M
j=1e−0.5·∆ j (AICc)

, (18)
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whereM is the total number of models. The weightwi can be interpreted as the probability that modeli is
the best model, given the data and the set of candidate models. Normalisation simply assures that∑i wi=1.
The relative probabilities of any two candidate modelsi and j are then in proportion of the weightswi : w j .
This relative probability does not change if a larger or smaller set of models is used in the comparison.

For example, in a simple comparison of two models,A andB, we define∆(AICc) = |(AICc)B−(AICc)A|,
so that:

probability that modelA is correct=
e−0.5·∆(AICc)

1+e−0.5·∆(AICc)
. (19)

In this paper, we use theAICc method to ask whether, for a given mouse strain, the observed data are
best described as separate, nonidentical trends or as a single uniform trend for the replicate experiments, and
further, for the given strain, which of the model variants best fits the data. Note that describingR individual
replicates withK parameters each is equivalent to a larger description (that can be considered as a distinct
model) with a total ofR×K parameters. For example, using the basic model,K = 2, andR= 5 experimental
replicates per mouse strain, we end up with 10 fitted parameter values for each strain by the replicate fitting
method. As discussed above, theAIC method allows us to compare all of these models simultaneously, as
well as any two or more within the set.

3 Model analysis

In this section, we derive ball-park parameter estimates from simple features of the data such as initial
rise-times, phagocytic index, and percent phagocytosis.

3.1 Basic model

We make the following observations about the basic model equations:

Initial rise phase

In the beginning of the experiment, when all macrophages are in their quiescent, or resting state, all classes
Mi other thanM0 are zero. This means that the initial rise of classM1 (or equivalently decay of classM0) is
given by:

dM1

dt
≈ keM0A , or, equivalently:

dM0

dt
≈−keM0A . (20a,b)

The constantke can be obtained from the ratio of the rate of changedM1/dt to the productM0A at time
t = 0. Recall from the initial conditions that at timet = 0, M0(0) = M andA(0) = A0, so thatM0A = MA0

is known. The change in the number of macrophages with zero or one internal particle (∆M0 and∆M1,
respectively) is measured over some time period (∆t). We can thus approximate the value of the rate constant
ke with the following rough estimate:

ke≈
(

∆M1

∆t

∣∣∣∣
t=0

)
· 1
MA0

, (21a)

or, equivalently:

ke≈
(
−∆M0

∆t

∣∣∣∣
t=0

)
· 1
MA0

. (21b)
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This calculation forke approximates the instantaneous change,dM1/dt, at timet = 0, with a change over
some finite (possibly large) time span. However, this approximation provides a convenient, simple estimate
of the rate of binding-engulfment. The estimate is improved if the first data point forM0 andM1 is close to
the beginning of the experiment, a feature we incorporated in refining experimental design. If∆t is large,
this method will underestimate the value ofke. The underestimation is smaller when∆M0 is used instead of
∆M1, since, after a short time, only very few macrophages have returned from stateM1 to M0.

For example, using our experimental data to perform the estimate suggested above, leads to the following
comparison: The density of empty macrophagesM0 for a typical Balb/c is observed to drop by 12% during
the first 5 minutes of the experiment. This means that∆M0 = −0.12M = −2.4·104 cell mL−1. By compar-
ison, for a typical NOD,M0 drops by only 3% over the same time period (i.e.∆M0 =−0.6·104 cell mL−1).
Thus,

For Balb/c: ke =
2.4·104cell mL−1

1
12 hour

· 1

2·105cell mL−1·106cell mL−1 = 14.4·10−7mL cell−1 hour−1 ,

(22a)

For NOD: ke =
0.6·104cell mL−1

1
12 hour

· 1

2·105cell mL−1·106cell mL−1 = 3.6·10−7mL cell−1 hour−1 . (22b)

A comparison of these basic estimates clearly shows that the engulfment rateke of the NOD macrophages is
much lower than the rate of the Balb/c macrophages. This could (partly) explain the reduced phagocytosis
that was observed by O’Brien et al. (2002b,a).

Ratios of sizes of successive classes

After some time (circa 1 hour), the changes in relative sizes of the various classes slows down, and a quasi-
steady state (QSS) is approximately established. (We discuss the validity of this QSS assumption in Section
4.4.) Then:

0≈−keM0A+kdM1 , (23a)

0≈ keM0A− (kd +keA)M1 +kdM2 , (23b)

0≈ keM1A− (kd +keA)M2 +kdM3 , etc. (23c)

Sequentially solving the equations, we obtain approximate relationships between successive classes:

M1 =
(

keA
kd

)
M0 , M2 =

(
keA
kd

)
M1 , · · · , Mi+1 =

(
keA
kd

)
Mi , etc. (24)

We defineλ by:

λ =
keA
kd

. (25)

Then :
Mi+1 = λMi . (26)

This implies that whenA changes slowly, ratios of the successive classes also change slowly. IfA is known
(either from direct measurements, or from Eqns. (4) and (21)), then the parameterλ can be used to obtain the
ratio ke/kd. We can then findkd, using the independent estimate ofke obtained from the initial rise phase.
That is:

kd =
keA
λ

=
keAMi

Mi+1
. (27)
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It follows from Eqn. (26) thatMi is related toM0 exponentially:

Mi = λiM0 (28)

(see, e.g. Edelstein-Keshet, 1988). This has some further implications. First, note that the total number of
macrophages,M = ∑Mi , is related toM0 via a geometric series:

M = M0 +M1 +M2 + · · ·= M0
(
1+λ+λ2 + · · ·

)
= M0∑

i

λi . (29)

For the biological range of values of the parameters, typicallyλ� 1, implying thatMi decays exponentially
with i. The sum of the (finite) geometric series withN terms (i.e. assuming a maximal class,MN), is:

M = M0
λN+1−1

λ−1
. (30)

When the value ofλ < 1 andN is sufficiently large, as in our case, the finite sum can be well approximated
by the infinite sum (1+ λ + λ2 + · · · = 1/(1−λ)). (The formula is simpler and the value ofN is then not
needed, i.e. we do not have to specify the maximal capacity of a macrophage.) Then:

M ≈M0
1

1−λ
, (31)

from which we obtain the estimate:

kd =
keMA

M−M0
. (32)

This provides an alternate estimate of the parameterkd.

Aggregate phagocytic parameters

Using the basic model, we can link aggregate indices such as percent phagocytosis and phagocytic index to
kinetic parameters of the model. As above, we assume that these indices are determined at times when the
QSS approximation is reasonable. Then the percent phagocytosis is:

Φ =
100
M

N

∑
i=1

Mi ≈
100
M

M0
λ

1−λ
= 100λ . (33)

Further, using the previouske values, this implies thatkd is:

kd =
100keA

Φ
. (34)

This equation is equivalent to Eqn. (32). The phagocytic index is:

IΦ =
100
M

N

∑
i=1

iM i =
100
M

M0

N

∑
i=1

iλi ≈ 100
M

M0
λ

(1−λ)2 = 100
λ

(1−λ)
. (35)

The latter result follows readily from the observation thatλ < 1 and the series converges, so that:

∑
i

iλi = λ
d
dλ

(
∑

i

λi

)
= λ

d
dλ

(
1

1−λ

)
=

λ
(1−λ)2 . (36)

This provides yet another estimate of the parameterkd. From Eqn. (35), we obtain:

kd =
(

100
IΦ

+1

)
keA . (37)
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3.2 Model variant I

Analysis of this variant is similar, with the following minor changes:
The initial rise time is used to find the activation rate,ka (the rate of the first engulfment step), i.e.:

ka ≈
(

∆M1

∆t

∣∣∣∣
t=0

)
· 1
MA0

, or, equivalently:ka ≈
(
−∆M0

∆t

∣∣∣∣
t=0

)
· 1
MA0

. (38a,b)

The engulfment rate,ke, is found from data for higher classes. For example, we select time points
t1 < t < t2 such thatM2 increases significantly from very low levels over this interval. Then, we findke from
the rise time ofM2. That is, from Eqn. (2c):

ke≈

(
∆M2

∆t

∣∣∣∣
t=t1

)
· 1
M1(t)A(t)

, (39)

where∆t = (t2− t1), ∆M2 is the change inM2, andM1(t), A(t) are averaged over the given interval. When
not measured, an estimate of the concurrent level ofA can be obtained using the connections between the
different classes, as shown below.

The connection between the first two classes with QSS approximation is given by:

M1 = λaM0 , where λa =
(

kaA
kd

)
. (40a,b)

Activation affects only the first two classes, so all other classes are as before, i.e.M1 = λaM0, andMi+1 =
λMi , for all other values ofi. The ratioM1/M2 yieldsλa, and all other ratiosMi+1/Mi produceλ. Further,
ke can be found even ifA is not measured, sinceka/ke = λa/λ, is independent ofA. Hence:

ke =
kaλ
λa

. (41)

The above also implies thatMi = λaλi−1M0, so that the total number of macrophages,M, is related to
the initial classM0 by:

M ≈M0

(
1−λ+λa

1−λ

)
, or, equivalently:M0 ≈M

(
1−λ

1−λ+λa

)
. (42)

The equation that governs the depletion of apoptotic cells is now:

dA
dt

=−kaM0A−ke

N−1

∑
i=1

Mi . (43)

During the initial phase, the dynamics are approximately:

dA
dt

≈−kaMA , which gives:A(t) = A0e−kaMt ; (44a,b)

later on, whenMi is on QSS, the dynamics can be described by:

dA
dt

≈
(
−ka

1−λ
1−λ+λa

−ke
λa

1−λ+λa

)
MA . (45)
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The percent phagocytosis,Φ, is now given by:

Φ =
100
M

N

∑
i=1

Mi ≈
100
M

M0
λa

1−λ
= 100

λa

1−λ+λa
. (46)

The phagocytic index,Iφ, can also be expressed in terms of the same parameters:

IΦ =
100
M

N

∑
i=1

iM i ≈ 100
λa

(1−λ+λa)(1−λ)
. (47)

Using Eqns. (46) and (47), we can calculateλ andλa directly fromφ andIφ:

λa =
Φ2

IΦ(100−Φ)
, (48a)

λ =
IΦ−Φ

IΦ
. (48b)

Using the fact thatka/ke = λa/λ, we then obtain another estimate forke:

ke =
kaλ
λa

=
ka(IΦ−Φ)(100−Φ)

Φ2 . (49)

Neither of the above two independent estimates forke requires ana priori value forA (but findingkd does).
Using these estimates, we find, for example, that in Balb/cke is 1.5 to 2 times larger thanka. In NOD,
however, the engulfment rate does not seem to increase.

4 Phagocytotic ability

We here use the basic estimates of Section 3 and full parameter fits to compare the phagocytotic parameters
of NOD and Balb/c mice. We also test which model variant optimally fits the data.

4.1 Ball park estimates

The ball park estimates are based on elementary properties of the data and aggregate quantities (such asΦ
andIΦ). An advantage is that fewer data points are needed, so that an investigator could compare values of
parameters with a less onerous experiment.

Table 2 summarises ball park estimates for Balb/c and NOD phagocytosis parameters. Even these crude
estimates clearly indicate that NOD and Balb/c macrophages have quantitatively distinct rates of activation
and engulfment of apoptotic cells. We find similar rates of digestion,kd, but the rate of engulfment,ke, is
4 times higher for Balb/c than for NOD macrophages. Differences between the mouse types become even
more apparent considering the model variant with a possible activation step. The rate of activation (and first
engulfment),ka, is still 4 times larger for the Balb/c mice. However, after activation Balb/c macrophages
engulf even faster, while macrophages of NOD mice lack this activation step. Consequently, the rate of
engulfment after activation,ke, is 7 times greater for Balb/c macrophages than for NOD macrophages.
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4.2 Parameter fitting

As described in Section 2.5, we carried out a full parameter fitting to the dynamical models, using both
concurrent fitting and fitting to the individual replicates (see Section 2.5). We display results of both fitting
methods, to emphasise our findings on whether inter-experiment variation is significant and to assess the
accuracy of the parameter estimates. The best-fit parameters obtained for the respective models are given
in Table 3 for the concurrent fitting method, and in Table 4 for the replicate fitting method. Parameter fits
were found for (1) The basic model; (2) model variant I, with reversible activation; (3) model variant II, with
irreversible activation and macrophage capacityN = 7; (4) model variant II, but with macrophage capacity
N = 12; (5) model variant III, with unsaturated digestion. We make the following observations:

Replicate vs. concurrent fit: Table 3 and Table 4 demonstrate that replicate and concurrent fitting give
essentially the same estimates for the kinetic parameters. This may stem from genetic homogeny of the NOD
mice, as well as the fact that mixing of samples from multiple animals dilutes any inter-animal variability.

Ball-park estimates versus full-model fits: Comparing Table 2 with Tables 3 and 4, we find reasonably
good agreement, differing by less than 50%. Early time points are essential. In older experiments, where
t1=30 min, rise time was grossly misrepresented, leading to discrepancies by factors of 2-5 between ball-park
estimates and full parameter fits.

4.3 Model selection and comparison

To select the models that give the best description of the observed phagocytosis, we used the corrected
Akaike’s Information CriterionAICc, and calculated the likelihood that the given model is best, using the
Akaike weightswi . A summary of the results of theAICc calculation is given in Table 5 for Balb/c followed
by NOD mouse strains. We also refer to Tables 2 and 3, from which the following results are obtained.

• For NOD macrophages, the basic model (with concurrent fit) gives the best description of phagocyt-
osis (with a likelihood of≈46%). Recall that in Tables 2 and 3 there is no significant difference in
NOD engulfment before and after activation. Thus, it is reasonable that for NOD the most parsi-
monious description is the basic modelwithout activation. This implies that, most likely, the NOD
macrophages do not undergo an activation step during the course of the experiment.

• In Balb/c, model Variant I (fit concurrently) is the best description of phagocytosis by Balb/c mac-
rophages (with a likelihood of≈ 38%). This model is nearly three times more likely to be the right
description than the basic model with distinct replicate behaviour (≈ 14%). Indeed, a distinct rate of
Balb/c activation and a much faster subsequent rate of Balb/c engulfment was found (Tables 2 and 3).
Thus, it is reasonable that a model with an activation step best describes the Balb/c data.

• When further comparing the various activation-step models, we find that in Balb/c macrophages,
reversible activation is 1.5 times more likely than irreversible activation (with weights ratios for variant
I vs II of roughly 38 : 25 withN = 7, and 38 : 21 forN = 12). For NOD macrophages, there is a small
but non-negligible probability that some very low level of activation occurs, but, then, reversible and
irreversible activation is equally likely (15 -18%). Such differences are quite small, so that the current
experiments do not definitively indicate whether macrophage activation is reversible or irreversible.
We expect that macrophages slowly return to rest state after digesting their full apoptotic meal, but,
as the time scale is much longer, the current data cannot quantify this reversion.
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• Variant III (unsaturated digestion) results in very bad fits (probabilities close to 0), indicating that
digestion saturates very rapidly. This means that the rate of digestion is similar for macrophages
containing one or many apoptotic cells, i.e.kd must be roughly constant at all stages. More extensive
studies on the decay dynamics of engulfed apoptotic cells, however, could lead to a more detailed
description of the degradation process.

• Tables 3 and 5 indicate that varying the macrophage capacity (fromN=7 to 12) has very little influence
on the results, so takingN = 7 is reasonable. Note, however, that sinceλ � 1, the probability of
observing macrophages with 8 or more engulfed apoptotic cells is extremely small. The experiments
do not allow us to determine the value of the true macrophage capacity; to do this, we would need
experiments with much higher densities of apoptotic cells.

• Based on theAICc comparison of concurrent versus replicate fitting, it is very unlikely that the in-
dividual replicates truly differ in their kinetic parameters. For NOD mice, the reduction in the SSE
obtained by splitting the data up into individual replicates is so marginal, that the likelihood that one
of the replicate models best describes the observed data is smaller than 0.1%. For the more genetic-
ally variable Balb/c mice, it is more likely that the reduction in SSE truly represents variation between
replicates. (Note also the larger value of the standard deviation for Balb/c parameter fits in Tables 2
and 3). The possibility that Balb/c macrophages lack the activation step, but simply have a higher
level of inter-mouse variation, has a likelihood of 14%, and so, should not be discounted. (However,
it it nearly three times more likely that the experimental replicates are essentially similar and that the
activation step is real.)

• From Tables 4 and 3, we see that there is a highly significant difference in the values ofke for Balb/c
and NOD macrophages, regardless of the model or method used to fit parameters. The Balb/c macro-
phages engulf apoptotic cells 4-5 times faster than the NOD macrophages. Furthermore, these tables
show that the engulfment rate after activation increases significantly in Balb/c (by 1/2 to 2-fold) but
not in NOD macrophages. Finally, the digestion rateskd are not significantly different in the two
mouse strains. (Even if the differences inkd for the strains and the difference betweenke andka in
NOD mice are statistically significant, the biological relevance of such small differences would be
questionable. Rigorously establishing such statistical significance of such closely comparable values
would be tricky, in view of the many models being compared and different methods used to determine
the means and standard deviations.)

In summary, these remarks strongly suggest that NOD macrophages suffer from a reduced activation and
engulfment rate, but not a reduced digestion rate. After their first engulfment, Balb/c macrophages engulf
more than 5 times faster than NOD macrophages (while the digestion rate,kd, hardly differs). The rate of
digestion is similar for macrophages containing one or many apoptotic cells, meaning that the degradation
machinery always seems to function in the saturated regime.

4.4 Model dynamics

Figure 2 compares experimental data (points) with all model variants for the two mouse types. The predicted
dynamics (superimposed curves) follow the observed data very closely. Because of the very small sampling
sizes of the higher classes, onlyM0 up toM3 are shown. We show the concurrent fitting (found to be better
than fitting to individual replicates, not shown). Only variant III (unsaturated digestion) clearly cannot
account for the observed dynamics. For Balb/c, the basic model also falls short by highly overestimating
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early phagocytosis, yet another indication that macrophage activation is important in Balb/c. For both mouse
types, phagocytosis is underestimated at the latest time point. This is also apparent in Figure 3, where a
similar data-model comparison is made for the indices,Φ and IΦ: at the latest time point, bothΦ and IΦ
are underestimated. (Agreement at earlier times is encouraging, in view of the fact that the models have not
been fitted to the measuredΦ andIΦ.)

Figure 4 shows the time course behaviour of macrophage classes and the predicted level of apoptotic
cells, A(t), according to the basic model and variant I. (Recall that the level of apoptotic cells was not
experimentally measurable, and is one of the predictions of the model.) Both models predict a huge drop in
A(t) (by 50% for NOD and 90% for Balb/c after 8 hours) which leads to a resulting drop in phagocytosis at
the latest time points. A more gradual decline ofA(t), (or a reduced searching efficiency of macrophages
at lower feeding densities, not considered here) could account for underestimation of theΦ andIΦ after 8
hours.

Figure 5 shows populations over time according to model variants II and III (reversible activation and
unsaturated digestion, respectively). We find a two-fold difference in the level of apoptotic cells predicted by
variant I versus variant II. Figure 4 and 5 therefore indicate the considerable importance of experimentally
quantifying the level of apoptotic cells,A(t), not only for engulfment efficiency, but also for determining
whether macrophage activation is reversible on a relatively short time scale.

Figure 6 shows the dynamics ofλ for the basic model (Eqn. (25)) andλa for model variant I with
reversible activation (Eqn. (40b)), for Balb/c and NOD mice, compared with the QSS estimates of these
parameters. This verifies that a QSS approximation becomes reasonable (i.e. within 50%) after about 1
hour; truly comparable values (i.e. within 10–20%) are found only after 2-3 hours. The ball park estimates
based on these QSS assumptions therefore only take into account data points that are≥ 1 hour.

5 Discussion and Conclusions

In this paper, we have analysed a number of models for macrophage engulfment and digestion of apop-
totic cells. Experimental data in which successive macrophage classes were followed was then used to fit
parameter values. We used the Akaike criterion to select which of a number of model variants gave the
best description of the process. Several authors have also considered models in which macrophages with
1,2, · · · ,N internalised particles are followed. Gammack et al. (2004) considered macrophages engulfing
Mycobacterium tuberculosis, in an investigation of the dynamics of the infection, with no detailed consider-
ation of phagocytosis; they assumed that macrophages engulf up to N=2 bacterial cells only.

Analysing phagocytosis in macrophages from Balb/c and NOD mice reveals an NOD impairment in
activation and engulfment, but not in digestion of apoptotic cells. Other insights include the following:

• In Balb/c macrophages, the rate of activation,ka, is 1.5 to 2 times slower than the subsequent rate of
engulfment,ke. In NOD mice, no such difference is detected during our experiments. This indicates
that a good description of normal phagocytosis should take into account a delay in the first step.

• We have interpreted the absence of activation step in the NOD macrophages to indicate a possibly
pathological defect in macrophage function in these mice. A possibility remains that in the autoimmune-
prone NOD mice, macrophages may have already been exposed to apoptotic cells that caused activ-
ation. In that case, NOD macrophages might be pre-activated, (unlike Balb/c) before the experiment
begins. Nevertheless, their maximal rate of engulfment is 4-5 times lower than that of the Balb/c
macrophages, which constitutes a significant difference.
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• Due to technical issues, the decaying number of apoptotic cells,A(t) could not be measured over
the time course of our experiments, so model fits were used to predictA(t). Over about 8 hours,
these predict thatA drops by±90% versus±50% for, respectively, Balb/c versus NOD macrophages.
This difference, and the disparity between predictedA(t) for distinct model variants, indicates the
importance of experiments that allowA(t) to be observed. Such data could also help to distinguish
between reversible and irreversible activation.

• No maximal ‘macrophage capacity’ has to be assumed, sinceN = 7 or 12 are indistinguishable in the
fits. While we cannot here quantify a maximal capacity, under our experimental conditions, we rarely
observe a large number of visible engulfed apoptotic cells inside one macrophage. Our modelling
shows that this is expected in general (and that it does not depend on a ‘macrophage capacity’):
the ‘macrophage capacity’ is essentially irrelevant for understanding and quantifying the process of
phagocytosis. Moreover, there is also no indication that the engulfment rate decreases with increasing
numbers of engulfed cells: ratios of successive macrophage classes are virtually constant beyond
the early activation step, which suggests that the parameterke is the same for all higher classes.
(Note that implementation of a phagocytic ceiling or decreasing engulfment rates as was done in, for
example, Gammack et al. (2004) and Tran et al. (1995), is not needed to explain the very low levels
of macrophages in higher classes.)

Our derivations of ball park estimates for the kinetic phagocytosis parameters are of broader applicabil-
ity. The advantage is the relatively easy calculations (based on common phagocytosis indices), and the need
for fewer data points. However, there are limitations. Many ball park estimates assume a QSS which does
only moderately well after one hour; after more than three hours the QSS assumption still makes an error of
10–20%.

The ball park values underestimate the engulfment rateke and activation rateka, because return to the
rest state is ignored. This is especially true when no early data points are available. Underestimatingke

has a strong effect on the estimate of the rate of digestion,kd, derived from it. So early measurements are
important for correctly quantifyingkd as well aske. Further, differences between engulfment rates are less
pronounced in the ball park estimates, which moreover could mask potential differences inkd.

This argues for using full model fits when early data are unavailable. Moreover, since biological data
are highly variable, relying on rise times based on a small subset of the data leads to larger errors than a
full model fit. Full model fits, however, are also sensitive to missing early data points, especially when the
abundance of apoptotic cells,A, is not measured. Under such settings, one finds a ‘ridge’ of very good data
fits, with many different combinations ofke andkd leading to almost exactly the same quality-of-fit. At the
same time, some of the ball park estimates depend onA. For example, in some caseskd cannot be found
when this value is not known.

Taken together, our study shows the importance of both early and late data points, as well as observations
of the decreasing level of apoptotic cells. An alternative to measuringA(t), however, could be a strategy of
continually adding apoptotic cells to the medium during the experiment, to avoid depletion ofA. Ideally,
a short term study like ours (up to 8 hours) should be combined with a long-term study (up to 2–3 days)
to quantify gradual changes in the activation state. This might also resolve contradictions in the literature
about whether or not it is harder to reactivate macrophages after they have returned to a resting state (Erwig
et al., 1999; Licht et al., 2001; O’Brien et al., 2002b).

To explainin vitro macrophage phagocytosis data, our models assumed (1) engulfment of an apoptotic
cell; (2) an activation step causing accelerated subsequent engulfments; and (3) digestion. The models are
based on reasonable approximations (given the current data and level of detail) such as mass-action kinetics,
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a single irreversible process of binding and engulfment, and no phagocytotic ceiling. The rate of engulfment
(in mL cell−1 h−1) was found to be 4 (for NOD) vs. 12 (for Balb/c). The rate of digestion is 1 h−1 for both
types. NOD macrophages have no visible activation step, but for Balb/c mice, the engulfment rate increased
to around 23 mL cell−1 h−1, i.e. 3–6 times greater than the corresponding NOD mouse values. This means
that Balb/c macrophages are significantly more active.

Our analysis strongly indicates that NOD macrophages have defective engulfment. Furthermore, these
macrophages do not show an acceleration of engulfment after their first encounter with apoptotic cells
(i.e. we do not observe an “activation step”). We could speculate that this defect could be due either to
defective receptors associated with phagocytosis, or to lower macrophage motility that would reduce rates
of encounter with apoptotic cells. Another explanation for the missing activation step could be that it had
occurredin vivo prior to harvesting of these cells. However, even if this is the case, the highest rates of
engulfment of the NOD macrophages are much lower than their Balb/c counterparts.

Defective engulfment implies that clearance of apoptotic cells is reduced in NOD mice. Consequently,
levels of apoptoticβ-cells remaining in the tissue should be much higher in NOD than in Balb/c mice.
This idea could give rise to two interrelated consequences. On one hand, necrosis of such apoptoticβ-cells
may give rise to local inflammatory responses that escalate and eventually lead to insulitis and diabetes.
On the other hand, the self-antigen that is not promptly removed could lead to presentation by dendritic
cells that activate cytotoxic T cells. These, in turn, could selectively target and killβ-cells, causing further
pathogenesis and autoimmunity. Taken together, these ideas may explain the predisposition of NOD mice
to autoimmune diabetes. Future modelling efforts will aim to assess such hypotheses in greater detail.
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Tables

Table 1: Model variables and parameters. The objective is to estimatekd, ke andka using the observed time
courses ofMi , Φ andIΦ.

Symbol Meaning Range of values

Variables
A density of apoptotic cells 105–106 cell mL−1

Mi density of macrophages withi engulfed apoptotic cells 0–2·105 cell mL−1

Mu density of unactivated macrophages 5·104–2·105 cell mL−1

Φ % phagocytosis (fraction of all macrophages containing
at least one engulfed apoptotic cell)

0–60

IΦ phagocytic index (number of engulfed apoptotic cells per
100 macrophages)

0–175

Parameters
N maximum number of engulfed apoptotic cells observed

within a single macrophage
7

M total density of macrophages 2·105 cell mL−1 [a]

A0 initial density of apoptotic cells 106 cell mL−1 [a]

ke rate by which macrophages engulf apoptotic cells 10−7–10−5 mL cell−1 hour−1[b]

ka rate by which unactivated macrophages engulf apoptotic
cells and consequently become activated

10−7–2·10−6 mL cell−1 hour−1[b]

kd rate by which apoptotic cells are digested 0.4–2 hour−1 [b]

[a] M andA0 were estimated as follows: the number of adherent macrophages per well≈ 105 (well-to-well
variation not quantified); the number of apoptotic thymocytes added to each well≈ 5× 105 (adjusted to
achieve the 5:1 ratio); and the well volume≈ 0.5 mL.
[b] These parameters were estimated by methods described in this paper.
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Table 2: Ball park estimates of the kinetic parameters for engulfment and digestion of apoptotic cells by
macrophages. We used the initial rise time, the ratios between the different classes, the % phagocytosis,Φ,
and the phagocytic index,IΦ, to estimate these quantities. For estimates that require the quasi-steady state
(QSS) assumption, time points≥ 1 hour are used. The values are given as mean± standard deviation (SD).

parameter based on Eqn. # measurements Balb/c NOD

basic model
ke (10−7 mL cell−1 h−1) (21a) 4 12.4± 7.4 3.1± 2.5
ke (10−7 mL cell−1 h−1) (21b) 4 14.9± 10.1 3.2± 2.5
kd (h−1) (27) 182 1.18± 1.39 1.02± 1.01
kd (h−1) (32) 26 1.38± 1.49 1.06± 0.55
kd (h−1) (37) 26 1.31± 1.35 1.07± 0.52

model variant I
ka (10−7 mL cell−1 h−1) (38b) 4 14.9± 10.1 3.2± 2.5
ke (10−7 mL cell−1 h−1) (41) 26 26.3± 12.4 3.7± 2.0
ke (10−7 mL cell−1 h−1) (49) 26 19.3± 8.8 3.0± 1.1
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Table 3: Best fits for the kinetic parameters describing engulfment, activation and digestion of apoptotic
cells by macrophages for the various models. The values are given as mean± SD. Each parameter estimate
is based on concurrent data fitting to 45 measurements.

parameter Balb/c NOD

basic model
ke (10−7 mL cell−1 h−1) 12.1± 0.33 4.6± 0.016
kd (h−1) 0.85± 0.020 1.07± 0.004

model variant I (reversible activation)
ka (10−7 mL cell−1 h−1) 10.7± 0.28 4.5± 0.017
ke (10−7 mL cell−1 h−1) 21.3± 0.99 4.7± 0.043
kd (h−1) 1.01± 0.021 1.08± 0.004

model variant II (irreversible activation) ( N = 7)
ka (10−7 mL cell−1 h−1) 9.2± 0.26 4.4± 0.016
ke (10−7 mL cell−1 h−1) 22.1± 1.05 5.5± 0.071
kd (h−1) 0.99± 0.019 1.16± 0.008

model variant II (irreversible activation) ( N = 12)
ka (10−7 mL cell−1 h−1) 9.4± 0.26 4.4± 0.016
ke (10−7 mL cell−1 h−1) 23.2± 1.10 5.4± 0.071
kd (h−1) 1.00± 0.019 1.16± 0.008

model variant III (unsaturated digestion)
ka (10−7 mL cell−1 h−1) 6.1± 0.19 4.2± 0.014
ke (10−7 mL cell−1 h−1) 32.7± 1.72 9.8± 0.098
kd (h−1) 0.49± 0.013 1.22± 0.005
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Table 4: Estimates, for the various models, of the kinetic parameters describing engulfment, activation and
digestion of apoptotic cells by macrophages. Each parameter estimate is the average of the parameter fits to
5 independent time series (i.e. replicates), with 9 measurements each. The values are given as mean± SD,
where SD is the standard deviation observed between the parameter fits to the individual replicates.

parameter Balb/c NOD

basic model
ke (10−7 mL cell−1 h−1) 12.5± 3.20 4.6± 0.69
kd (h−1) 0.81± 0.079 1.13± 0.141

model variant I (reversible activation)
ka (10−7 mL cell−1 h−1) 10.8± 3.02 4.6± 0.71
ke (10−7 mL cell−1 h−1) 18.6± 4.00 4.3± 0.70
kd (h−1) 0.92± 0.088 1.08± 0.125

model variant II (irreversible activation) ( N = 7)
ka (10−7 mL cell−1 h−1) 9.3± 2.68 4.6± 0.66
ke (10−7 mL cell−1 h−1) 19.5± 3.86 5.3± 0.94
kd (h−1) 0.96± 0.119 1.25± 0.233

model variant II (irreversible activation) ( N = 12)
ka (10−7 mL cell−1 h−1) 9.3± 2.65 4.5± 0.64
ke (10−7 mL cell−1 h−1) 19.8± 3.88 5.2± 0.94
kd (h−1) 0.95± 0.121 1.24± 0.236

model variant III (unsaturated digestion)
ka (10−7 mL cell−1 h−1) 6.4± 2.67 4.1± 0.59
ke (10−7 mL cell−1 h−1) 25.8± 5.11 9.6± 1.34
kd (h−1) 0.48± 0.107 1.32± 0.254
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Table 5: Model comparisons based on the corrected Akaike’s Information CriterionAICc (Eqns. (16) and
(18)). n = number of observations;K = number of fitted parameters. Models that are most probable have
lowest values ofAICc. (RelativeAICc values are not significant but the relative Akaike weights,wi , directly
indicate the relative probabilities of the models.) The models that are most likely to be the best description
of phagocytosis are the basic model for NOD mice (i.e. macrophages do not get activated), and variant I for
Balb/c mice (i.e. macrophages undergo a reversible activation step). It is very unlikely that replicates truly
vary in their kinetic parameters, since replicate fits lead to lower relative values of the weightswi .

Fitting Model Strain SSE K n AICc wi

replicate basic model Balb/c 2.99·109 10 45 837.05 13.73 %
replicate variant I Balb/c 2.22·109 15 45 843.68 0.50 %
replicate variant II (N = 7) Balb/c 2.24·109 15 45 844.08 0.41 %
replicate variant II (N = 12) Balb/c 2.34·109 15 45 846.04 0.15 %
replicate variant III Balb/c 3.50·109 15 45 864.16 0.00 %
concurrent basic model Balb/c 5.56·109 2 45 842.74 0.80 %
concurrent variant I Balb/c 4.45·109 3 45 835.00 38.14 %
concurrent variant II (N = 7) Balb/c 4.53·109 3 45 835.86 24.81 %
concurrent variant II (N = 12) Balb/c 4.57·109 3 45 836.16 21.38 %
concurrent variant III Balb/c 5.82·109 3 45 847.07 0.09 %

replicate basic model NOD 1.87·107 10 45 608.67 0.06 %
replicate variant I NOD 1.67·107 15 45 623.78 0.00 %
replicate variant II (N = 7) NOD 1.75·107 15 45 625.69 0.00 %
replicate variant II (N = 12) NOD 1.75·107 15 45 625.75 0.00 %
replicate variant III NOD 1.83·107 15 45 627.68 0.00 %
concurrent basic model NOD 2.29·107 2 45 595.54 46.13 %
concurrent variant I NOD 2.28·107 3 45 597.76 15.16 %
concurrent variant II (N = 7) NOD 2.27·107 3 45 597.44 17.82 %
concurrent variant II (N = 12) NOD 2.27·107 3 45 597.39 18.22 %
concurrent variant III NOD 2.47·107 3 45 601.28 2.61 %
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Figure Captions

Figure 1: An image of the experimental results showing Balb/c macrophages with internalized apoptotic
cells. Images such as this were used to quantify the dynamics of macrophage classes for the two
mouse strains.

Figure 2: Phagocytosis of apoptotic cells by macrophages from Balb/c vs. NOD mice. Model predictions
are compared with experimental data. The graph shows macrophage classesM0, · · · ,M3 (i.e. total
macrophages with 0, · · ·3 visible engulfed apoptotic cells) on a log plot. Error bars on data points
denote standard deviations. We used a maximal macrophage capacity ofN = 7 apoptotic cells for all
models. Parameters were fitted to the data using the Gepasi software and its Marquardt Levenberg
method applied to the full set of differential equations. Values of the parameters obtained as best fits
are given in Table 3. For variants II and III, classesM0 andMu were lumped together to compare with
the observedM0.

Figure 3: The fitted time dynamics of percent phagocytosis,Φ, and phagocytic index,IΦ, for the different
model variants (each one with macrophage capacity,N = 7), for the parameters as given in Table 3.
The comparison between Balb/c and NOD is shown. Error bars on data points denote standard devi-
ations.

Figure 4: The time course of all populations predicted by the basic model and variant I (reversible activa-
tion). Red curve:A(t) (level of apoptotic cells). Green curve: level of classM0 macrophages (with no
visible engulfed apoptotic cells). Blue curves: levels of macrophage classesM1, M2 andM3 (with 1,
2, or 3 engulfed apoptotic cells).

Figure 5: As in Figure 4 but for model variants II and III (reversible activation and unsaturated digestion,
respectively). Red curve:A(t). Green curve: level of classMu macrophages (resting macrophages
with no visible engulfed apoptotic cells). Blue curves:M1, M2 andM3. Yellow curve: level of class
M0 (activated macrophages without engulfed apoptotic cells).

Figure 6: The dynamics ofλ andλa in the basic model and variant I (reversible activation), for Balb/c and
NOD mice, compared with the QSS estimation of those parameters. Also shown (data points with
error bars) are the corresponding values ofλ andλa based on successive ratiosMi+1/Mi directly from
experimental data. The thick curves show model predictions ofλ based on Eqns. (25) and (40b). In
(a) the thin blue lines show the approximation ofλ based on the percent phagocytosis,Φ, Eqn. (33);
the thin red lines show the approximation based on the phagocytic index,IΦ, Eqn. (35). In (b), the thin
red and green lines show the approximations ofλ andλa, based on bothΦ andIΦ (Eqns. (48)). In all
cases, the approximations become reasonable after a period of approximately 1–3 hours and closely
correspond toλ values based on the experimental data.
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(a) basic model, Balb/c (b) basic model, NOD

(c) model variant I, Balb/c (d) model variant I, NOD
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(a) model variant II, Balb/c (b) model variant II, NOD

(c) model variant III, Balb/c (d) model variant III, NOD
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