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The recent application of two-photon microscopy to the visualization of T cell movement has presented trajectories of individual
T cells within lymphoid organs both in the presence and in the absence of Ag-loaded dendritic cells. Remarkably, even though T
cells largely move along conduits of the fibroblastic reticular cell network, they appear to execute random walks in lymphoid
organs rather than chemotaxis. In this study, we analyze experimental trajectories of T cells using computer simulations of
idealized random walks. Comparisons of simulations with experimental data provide estimates of key parameters that charac-
terize T cell motion in vivo. For example, we find that the distance moved before turning is about twice the distance between
intersections in the fibroblastic reticular cell network, suggesting that at an intersection a T cell will turn onto a new fiber �50%
of the time. Although the calibrated model appears to offer an accurate representation of T cell movement, it has also uncovered
inconsistencies across different experimental data sets. The Journal of Immunology, 2007, 178: 5505–5512.

M ovement of T cells within lymphoid organs facilitates
their interactions with other components of the im-
mune system and enables transmission of information

for immune surveillance and response. Often, as in the case of HIV
infection, immune cell interactions also allow the spread of infec-
tion within an individual.

Two-photon microscopy has allowed the direct visualization of
the movement of T cells within lymph nodes, giving new insights
into immune interactions (1–4). From these experiments, the lo-
cations of individual T cells moving in lymphoid organs are ob-
tained as a function of time (5–8). The instantaneous and mean
velocities of T cells, their mean free paths, and their trajectories in
the presence and the absence of Ag-presenting dendritic cells can
thus be determined. Further, such experiments have revealed that
T cells move by crawling along the strands of a fibroblastic reticular
cell (FRC)4 network (1). Remarkably, trajectories of individual T cells
obtained from these studies suggest that T cell motion is random and
not directed by chemokine gradients over large distances. The mean
displacement of the T cells from their respective initial positions is
found to increase linearly with the square root of time, indicative of
the random-walk nature of T cell movement. Thus, even though T

cell motion may be along conduits of the FRC network, by
virtue of the dimensions of the network and its frequent cross-
ing points, movement along the network appears to give rise to
the seemingly random-walk nature of T cell motion (1).

This paper assembles and analyzes the available data and pro-
poses a simple model for T cell movement. The simulations of the
model capture observed T cell trajectories quantitatively and yield
estimates of underlying parameters that characterize T cell motion
in vivo. The resulting insights will be particularly useful given the
growing interest in the development of spatial mathematical mod-
els for viral infections (9–15).

Describing T Cell Movement
Experimental data of the mean 2d T cell displacement vs �time
presented in Fig. 1 appears to display two distinct regimes. At
small times, the displacement appears to have a quadratic depen-
dence on �time (i.e., linear dependence on time), which resem-
bles what one would expect for a particle moving in a straight line
at a fixed speed. In contrast, for larger times, the displacement
appears to depend linearly on the square root of time, suggesting
that the cells are diffusing. For times smaller than the time scale of
a single step of a random walk, a particle performing that random
walk will move in a straight line as it takes that step, yielding a
quadratic shape at small times. For larger times, however, the con-
secutive steps taken by the particle in random directions yield a
linear shape. This is illustrated in Fig. 2, and can be seen in Fig. 1
where we present data obtained from the works of Mempel et al.
(5) and Miller et al. (6–8).

Although the manner in which T cells crawl is not fully under-
stood, many characteristics are thought to be similar to the crawl-
ing of amebas of the lower eukaryote Dictyostelium discoideum
(16). Migration is initiated when the T cell adopts a polarized
(elongated) shape. This is followed by the formation of a lamel-
lipodium at the leading edge and a uropod at the trailing edge (Ref. 17
and see Fig. 1 in Ref. 18). To move, the T cell anchors its uropod to
the crawling surface, shifts all of its cytoplasm to the front, retracts the
uropod, and starts another contraction-retraction cycle (see Fig. 1 in
Ref. 19). Rather than moving in a fully unrestricted manner, Bajénoff
et al. (1) recently showed that T cells traffic within lymph nodes by
crawling along the network formed by the interconnected FRCs found
in the paracortex region of lymph nodes.
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In our simulations, we adopt a minimalist description of T cell
motion. We let a T cell perform an unhindered random walk (dif-
fuse) with a mean free time tfree, during which the cell crawls in a
straight line at a fixed speed vfree. At the end of each free run, we
allow for a pause time, tpause, during which the T cell is immobile
as it reorganizes the cellular machinery, allowing it to turn. The
cell then picks a new random direction, undergoes another free
run, and so on. This scheme of movement is somewhat similar to
the run-and-tumble motion of certain bacteria such as Escherichia
coli (20), except that T cells reorient their lamellipodium, rather
than tumble, between each free run. Averaging over the movement
of many cells then allows us to determine the mean displacement
of cells over time as a function of the parameters tfree, vfree, and
tpause. Comparison with experiments allows us to identify the key
parameters characterizing this random walk.

Materials and Methods
Experimental data

The experimental data used to calibrate our model was taken from four
different publications (5–8). These papers were chosen because they pre-
sented the mean displacement of T cells as a function of the square root of
time, which we used to fit our T cell movement model. Dr. T. R. Mempel
(CBR Institute for Medical Research, Harvard Medical School, Boston,
MA) provided us with data containing the individual CD8� T cell tracks (t,
x, y, z) from which we were able to compute the mean 2d displacement. To
obtain the 2d mean displacement reported by Miller et al. (6–8), we dig-
itized the graphs and extracted the data points using the software Engauge
Digitizer (M. Mitchell, Engauge Digitizer, http://digitizer.sourceforge.net).
The 2d mean displacements as a function of �time for all four publications
are presented in Fig. 1.

Theoretical expression for the mean displacement

The �(1/2 � d/2)/�(d/2) term in the formulas of Fig. 2 results from the fact
that Miller et al. (6–8) and Mempel et al. (5) chose to present the mean
displacement, ��r��, rather than the root mean squared displacement, ��r2�,
as a function of �time, as their y-axis. Let r be the displacement of a
particle at time t given that it started at the origin at time 0. If the particle
is undergoing a random walk in d dimensions with diffusion coefficient D,
then its mean squared displacement as a function of time is given by

�r2� � 2dDt , (1)

for t much larger than the time scale of a single time step (20). This equa-
tion is also valid for particles moving in d dimensions the motion of which
has been projected to � � d dimensions. In such a case, the mean squared

displacement projected to � dimensions is �r2� � 2�Dt, provided that mo-
tion in the x, y, and z directions are statistically independent. Thus, we have

�r2�2d � �x 2� � �y 2� � 4Dt . (2)

An expression analogous to the one presented in Equation 1 for �r2� can
be derived for ��r��. At time t, the displacement in d dimensions of a particle
that started at the origin at time 0 is given by

� r � � ��
i�1

d

x i
2 . (3)

Let us define

�i �
xi

�2Dt
, (4)

so that xi � �2Dt �i, and

�x i
2� � 2Dt �� i

2� . (5)

Because xi, the displacement of a diffusing particle in direction i, is a
Gaussian random variable of mean �xi� � 0 and variance �xi

2� � 2Dt, it
follows that �i is a Gaussian random variable of mean 0 and variance 1.
The mean displacement in d dimensions at time t would then be given by

�� r �� � �2Dt � ��
i�1

d

� i
2 �� �2Dt ���� , (6)

where � � 	i�1
d �i

2. The sum of the squares of d Gaussian random
variables of mean 0 and variance 1 is a �2-distributed random variable
with d degrees of freedom (E. W. Weisstein, Chi-Squared Distribution;
http://mathworld.wolfram.com/Chi-SquaredDistribution.html). The 1

2
th

moment of a �2-distributed random variable � with d degrees of free-
dom is given by (E. W. Weisstein; http://mathworld.wolfram.com/
Chi-SquaredDistribution.html).

��� � �

�2 � �1

2
�

d

2�
� �d

2�
. (7)

Substituting this back into Equation 6, we obtain

�� r �� � �4Dt

� �1

2
�

d

2�
� �d

2�
. (8)

the expression found in Fig. 2.

FIGURE 1. Two-dimensional (2d) mean displacement of T cells as a func-
tion of the square root of time from Miller et al. (8) (open circle), Miller et al.
(7) (filled square), Miller et al. (6) (‰), and from calculations based on indi-
vidual T cell tracks used in Mempel et al. (5) (gray diamonds). SDs were
reported only in Miller et al. (7, 8) and were computed from the tracks for
Mempel et al. (5). Only a subset of data points is plotted for clarity.

FIGURE 2. Left, The graph of the mean displacement, ��r��, as a function
of the square root of time (�t) has a quadratic shape for motion in a
straight line at fixed velocity, v, and a linear shape for a random walk or
diffusion in d dimensions. Right, The results from T cell movement exper-
iments are quadratic for small times and linear for larger times and thus
resemble the curve on the right. The �(1/2 � d/2)/�(d/2) term in the for-
mulas results from using the mean displacement, ��r��, rather than the root
mean squared displacement, ��r2�, as a function of �time, as the y-axis
(see Materials and Methods).
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Simulation of T cell movement

Two-photon microscopy experiments report either two-dimensional (2d)
(6–8) or three-dimensional (3d) (5) coordinates of T cells in lymphoid
organs as a function of time. Because the experimental resolution in 3d is
lower than in 2d, 3d results can be misleading. Because 2d data provide an
adequate representation for the mean displacement, we simulate the 3d
motion of T cells projected onto 2d by using the standard relationship
between cartesian and spherical coordinates. The algorithm we use is de-
scribed below.

Let (xt, yt) be the 2d coordinates of a T cell at time t. At time t � 
t, the
position of the particle is given by

xt�
t � xt � 
t � ��v�� sin � cos �� (9)

yt�
t � yt � 
t � ��v�� sin � cos �� (10)

where �v�� is the magnitude of the 3d velocity of the T cell, and the angles
� and � are as defined in Fig. 3. Thus �v�� sin � cos � is the x-component
of the T cell velocity used in Equation 9 above and �v�� sin � sin � is the
corresponding y-component used in Equation 10. Equations 9 and 10 thus
allow us to simulate the 2d projection of the 3d movement of T cells
without explicitly considering the z-component of motion.

To mimic the successive periods of running and pausing, we set �v�� to
vfree for a length of time tfree, then set it to zero for a length of time tpause,
and so on. At the beginning of each free run, i.e., when �v�� is switched from
zero to vfree, new values for � and � are picked at random. In order to
distribute the chosen directions of v� uniformly over the sphere, we choose
a random � uniformly distributed in [0, 2	), and choose a random � dis-

tributed in [0, 	) according to the probability density P � 1

2
sin �. In this

way, there is a constant density per unit area element sin � d� d� (Fig. 3).
If � were to be chosen evenly in [0, 	), the resulting set of velocity vectors
would be more dense toward the poles.

Each T cell run lasts 20 min, and we chose a step size 
t � 1 s. To
prevent artifacts, which would result from the synchronization of pause
times across T cell runs, the time for the first pause in each T cell run is
chosen at random, uniformly distributed in [tpause � 
t, tfree] (Fig. 4).
When this value is negative, the T cell is started in a paused mode at time
t � 0, and the magnitude of the negative number indicates for how long
before t � 0 the cell has been in that state.

The 2d displacement of the T cell from its initial position (x0, y0) � (0,
0) is computed using

rt � �x t
2 � y t

2 , (11)

FIGURE 3. The angles of the velocity vector, v�, are defined such that �
is the angle measured southward from the positive z-axis, and � is the angle
measured eastward from the positive x-axis. Notice how the area elements
sin � d� d� (dark gray) yield different areas for different values of �.

FIGURE 4. In each T cell run, the time for the first pause, tp, which in
turns sets the time of the first free run, tf, is chosen at random uniformly
over all possible choices, namely [tpause � 
t, tfree]. This is illustrated
here for the case of tpause � 3 time steps (the time interval during which a
cell is paused) and tfree � 5 time steps (the time interval during which a cell
in moving at constant speed vfree), where the duration of a time step is 
t.

FIGURE 5. The effect of varying a single parameter at a time, while
maintaining the other two parameters fixed, on the shape of the 2d mean
displacement curve. When fixed, the parameters are set to tpause � 0.5 min,
tfree � 2 min, and vfree � 18.8 
m/min. Then, tfree is varied by increments
of 0.5 min over the range [0.5, 20.0] min, 1/vfree rather than vfree is varied
by increments of � 0.00367 min/
m over the range [0.02, 0.2] min/
m,
and tpause is varied by increments of 0.25 min over the range [0.0, 3.5] min.
The simulation results were produced by averaging the individual displace-
ment of 106 T cells for each triplet (tpause, tfree, vfree).
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for t from 0 to 20 min. We repeat the above procedure for n � 106 T cells
and obtain the average displacement at time t,

�� r �� �
1

N �
i�1

N

�x t,i
2 � y t,i

2 , (12)

where (xt,i, yt,i) is the position (xt, yt) of the ith T cell at time t.
Fig. 5 illustrates how each of the parameters tpause, tfree, and vfree affects

the 2d mean displacement as a function of the square root of time. The most
important effect of increasing tfree is to increase of the slope of the curve at
larger times, whereas that of increasing vfree is to generate a more pro-
nounced curvature at smaller times. The effect of increasing tpause is more
subtle but is mostly a horizontal translation toward larger times of the time
of transition between the quadratic and linear regimes of the 2d mean
displacement.

To compare the T cell velocities in our model, v�free, with those measured
experimentally, namely the 2d velocities, v̄exp, the parameter vfree must be
converted using

v̄exp � vfree �
	

4
Ç

3d3 2d

�
tfree

tfree�tpause

Ç
actual3measured

. (13)

The term 	/4 is necessary to convert the 3d velocity of our simulation to
its 2d equivalent for comparison with the velocities mentioned by Mem-
pelet al. (5) and Miller et al. (6–8). It comes from the fact that v2d � v3d �
sin �, where � is as illustrated in Fig. 3. On average,

�sin �� ��
0

	

P���sin � d� ��
0

	 sin2�

2
d� �

	

4
. (14)

The experimental instantaneous velocity, v̄exp, is computed from the dis-
tance traveled by a T cell in the xy-plane over a short time interval (�10 s)
(5–8). Over this time interval, some T cells are paused, some T cells are
moving, and some will experience both states sequentially. The term tfree/
(tfree � tpause) accounts for this fact and converts the velocity from our
simulation to the T cell velocity that would be measured experimentally.

In light of recent experiments which showed that T cells move in lymph
nodes by crawling along the FRC network (1), it is of interest to compare
the persistence length or mean free path of the free runs of the T cells in
our model to the mean distance between intersections in the FRC network.
This distance is reported to range between 5 and 37 
m, with an average
of �17 � 7 
m for the six lymph nodes studied in Ref. 1. For this purpose,
we introduce the variable dfree which is simply

dfree � tfree � vfree . (15)

Results
Comparison with experiments

For each value of the parameter triplet (tpause, tfree, vfree), the in-
dividual trajectories of 106 T cells were simulated, varying only
the time of the first pause and the seed of the random number
generators, and the average of their 2d displacements was com-
puted. This was repeated as parameter values were varied over the
ranges tpause � [0, 3.5] min, tfree � [0.5, 20] min, and vfree � [5,
50] 
m/min. Then, for each triplet value, we computed the sum of
the squared residuals (SSR) between the simulation results and an
experimental data set composed of all the experimental data from
the four publications (5–8). The SSR were then used to rank triplet
values from best to worst fit (Table I).

From Table I, we see that the triplet value of (tpause � 0.5 min,
tfree � 2 min, vfree � 18.8 
m/min) minimizes the SSR between
the simulation results and the set composed of the combined ex-
perimental data. If, for simplicity, one only considers fits for which
there is no pause time between free runs (tpause � 0), the doublet
value of (tfree � 2 min, vfree � 16.6 
m/min), i.e., the 6th best-
fitting triplet, minimizes the SSR between the simulation results
and the data of the combined sets. Also, the experimental velocity,
v̄exp, obtained from the best-fitting triplet values compare well with
the reported experimental T cell velocity of �11 
m/min (5–8).

Table I also shows the mean free path length, dfree, for each triplet.
This distance for the best-fitting triplets is about twice the distance
between intersections in the FRC network, which average �17 � 7

m (1). This suggests that at an intersection, �50% of the time a T
cell will turn onto a new fiber and �50% of the time the T cell will
continue along its original fiber. To see this, assume that the distance
between intersections in the FRC network is L, and that a cell has
probability p of continuing along the same fiber at an intersection. A
T cell has a probability (1  p) of going straight for only a distance
L and then turning at the first intersection, a probability p(1  p) to go
straight for a distance 2L by going straight through the first intersec-
tion and then turning at the next, a probability p2(1  p) to go straight
for a distance 3L by going straight through the first two intersections
and turning at the third, etc. Thus, we can express the average distance
traveled by a T cell without branching as

dfree � L�1 � p� � 2Lp�1 � p� � 3Lp2�1 � p� � � � �

� L�1 � p� �
N�1

�

NpN1

�
L

�1 � p�
for �p �  1, (16)

FIGURE 6. The combined experimental data from Mempel et al. (5)
and Miller et al. (6–8) (F) along with the best-fitting triplet (tpause � 0.5
min, tfree � 2 min, vfree � 18.8 
m/min) (OO), and the best-fitting doublet
or 6th best-fitting triplet (tpause � 0, tfree � 2 min, vfree � 16.6 
m/min)
(----). The simulation results were produced by averaging the individual
displacement of 106 T cells for each triplet (tpause, tfree, vfree).

Table I. Best triplets for the set of combined data

Ranka
tpause

(min)
tfree

(min)
vfree

(
m/min)
v̄exp

b

(
m/min)
dfree

c

(
m)
SSR

(
m2/min)

1st 0.50 2.0 18.8 11.8 38 3387
2nd 0.50 2.5 16.6 10.8 41 3422
3rd 0.25 2.0 17.6 12.3 35 3455
4th 1.25 1.5 26.1 11.2 39 3488
5th 0.75 1.5 23.8 12.5 36 3494
6th 0.00 2.0 16.6 13.0 33 3503
7th 0.00 3.0 14.0 11.0 42 3513
8th 1.00 2.0 20.2 10.6 40 3526
9th 1.50 2.0 21.9 9.8 44 3550
10th 0.50 1.5 21.9 12.9 33 3559

a The set of combined data consists of the experimental data from all four pub-
lications (5–8). The parameter tpause was varied from 0 to 3.5 min, tfree from 0.5 to
20 min, and vfree from 5 to 50 
m/min. The triplets (tpause, tfree, vfree) have been sorted
in order of increasing sum of squared residuals, SSR, between the experimental data
and the simulation results. The simulation results were produced by averaging the
individual displacement of 106 T cells for each parameter triplet.

b Computed using Equation 13.
c Computed using Equation 15.

5508 MODELING T CELL MOVEMENT



such that for p � 1/2, the average distance traveled without branching
is 2L, or double the mean distance between intersections.

In the end, there is not much difference between the set of com-
bined experimental data and the simulations obtained with the
best-fitting doublet or triplet (Fig. 6). Thus, given the limited
amount of available experimental data, it is not possible to narrow
the range of acceptable values any further or to infer the length or
even the existence of a pause time between successive free runs.

The best-fitting triplet and doublet found here should not be
regarded as the only solution, i.e., the parameter values that best
characterize the motion of T cells in vivo in the absence of Ag. The
sixth best-fitting triplet (tpause � 0, tfree � 2 min, vfree � 16.6

m/min), for example, has different parameter values from that of
the best-fitting triplet but does not have a significantly worse SSR
(3502 
m2 vs 3387 
m2, a 3% difference). To help in understand-
ing where the best-fitting triplets are located with respect to one
another in the parameter space of the model, Fig. 7 presents con-

tour plots of the SSR across the parameter space of the triplets for
the set of combined experimental data.

From Fig. 7, one can see that the best-fitting triplets appear to
occupy a small volume in the parameter space, represented by the
white areas on the graphs. Larger quantities of more precise ex-
perimental data would be necessary to reduce these areas and con-
strain the uncertainty on the parameters of the model.

Experimental discrepancies

In the previous section, a fit to a set composed of the combined ex-
perimental data from four different publications (5–8) was presented.
Inspection of Fig. 1, however, reveals discrepancies between the var-
ious data sets which use different experimental procedures. For ex-
ample, data from Miller et al. (8), which tracked both CD4� and
CD8� T cells in mouse explanted cervical and inguinal lymph nodes,
is not as curved as the other data at small times, and data from Miller

FIGURE 7. Contour plots presenting the natural logarithm of the SSRs, ln(SSR), between the simulation and the data set comprised of the combined
experimental data from Mempel et al. (5) and Miller et al. (6–8) as a function of 1/vfree and tfree for various values of tpause. Lighter shades of gray represent
smaller SSR (better fits). Words following _ in the figure are subscripted in the text.
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et al. (6), which tracked CD4� T cells in explanted cervical and in-
guinal lymph nodes of asphyxiated mice, appears to continue to ex-
hibit a quadratic dependence of the mean displacement on the square
root of time when the other data have entered the linear regime. To
quantitatively explore these discrepancies, we computed the SSR be-
tween the simulation results and each experimental set individually
over the full parameter space of the triplets explored above (Table II).
For comparison purposes, Table II also presents how the best-fitting
doublet and triplet found for the combined data sets fit each experi-
mental data set individually. Fig. 8 presents the best-fitting triplet for
each set along with the best-fitting doublet and triplet for the com-
bined set against each experimental set.

The best-fitting triplets for the data of Miller et al. (8) differ from
the best-fitting triplets of the combined sets in their smaller tfree

and larger vfree values. This discrepancy is illustrated in Fig. 8
where the 2d mean displacement for the data of Miller et al. (8) has
a more pronounced curve at smaller times and a less pronounced
slope at larger times when compared with the combined set. This
suggests that according to our model, the cells in the work of
Miller et al. (8) are taking shorter steps, changing direction more
often, and moving faster during steps. This is echoed by the
smaller mean free paths, dfree, of the five best-fitting triplets which
are in the range of 21–26 
m.

The best-fitting triplets for Miller et al. (7) differ most notably
from the best-fitting triplets of the combined sets in their larger

tpause value. This discrepancy is illustrated in Fig. 8 where the 2d
mean displacement for Miller et al. (7) appears to make the tran-
sition between the quadratic to the linear regime at larger times
when compared with the combined set. According to our model,
this would mean that the T cells in Miller et al. (7) pause for longer
times between runs. The Miller et al. (7) triplets are most consis-
tent with the best-fitting triplets of the combined sets because
Miller et al. (7) contributed the largest number of data points to the
combined sets and, in particular, was the only contributor of points
for longer times (�t � 3.5 �min), it therefore had a significant
effect on the slope of the linear regime of the best-fitting triplets for
the combined sets.

The discrepancy between the Miller et al. (6) 2d mean displace-
ment and the other data sets is the most striking. Not surprisingly,
the best-fitting triplets for Miller et al. (6) differ most significantly
from the best-fitting triplets of the combined sets in their larger tfree

values. This is illustrated in Fig. 8 where the 2d mean displacement
for Miller et al. (6) seems to remain in the quadratic regime over
the full length of the observation time (�6.25 min). According to
our model, this would mean that in Miller et al. (6), T cells were
moving in a straight line over the entire course of the experiment,
i.e., for much longer than 6 min, at 3d speeds of �13 
m/min. This
is also echoed in the unrealistically large mean free paths, dfree, of
the best-fitting triplets.

Finally, the best-fitting triplets for Mempel et al. (5) differ
slightly from the best-fitting triplets of the combined sets in their
larger tpause and tfree and smaller vfree values. This is illustrated in
Fig. 8 where these discrepancies translate to a smaller 2d mean
displacement over time compared with the other data sets. Closer
examination of the Mempel et al. (5) data reveals that the 2d mean
displacement appears to plateau toward the end of the experiment
(�6.25 min), suggesting that cells may be stopping or getting
trapped after runs of this duration. The trajectory of any cell can be
tracked for only as long as the cell remains in the imaging field.
This introduces a bias whereby only cells with a trajectory that is
confined to the imaging field for 6.25 min contribute to the mean
displacement at that time. It is possible that such cells have mo-
tilities that differ from those of the other cells which have left the
imaging field, and their exclusive contribution to the mean dis-
placement at larger times would bias this value.

The experimental data from Miller et al. (6) and Mempel et al.
(5) have the smallest SSR, whereas those of Miller et al. (7, 8) give
worse SSR by about two orders of magnitude. This is due to the
fact that the experimental data from the former two is quite smooth
whereas that from the latter two is noisier, and thus harder to fit. In
addition, it is important to consider that the experimental proce-
dures differed among the four experiments. Miller et al. (8) con-
sidered CD3� T cells (both CD4� and CD8� T cells) and con-
ducted the experiments in mouse explanted cervical and inguinal
lymph nodes. In the data of Miller et al. (7), only CD4� T cells
were considered, and the experiment was conducted in the inguinal
lymph node of anesthetized mice. In Miller et al. (6), CD4� T cells
were considered, but the mice were killed by CO2 asphyxiation,
and cervical or inguinal lymph nodes were explanted and main-
tained at 36°C under superfused medium bubbled with 95% O2

and 5% CO2. Finally, according to Mempel et al. (5), CD8� T cells
were considered, and the experiments were conducted in the pop-
liteal lymph nodes of anesthetized mice.

These differences in the experimental procedures could possibly
account for the differences seen between the four data sets. Ex-
planted lymph nodes are maintained at 36°C under superfused me-
dium bubbled with 95% O2 and 5% CO2 to take account of the fact
that the lymphoid environment is thought to operate at a relatively
low oxygen tension (2). But despite these precautions, it remains

Table II. Best triplets for each experimental data set

Ranka
tpause

(min)
tfree

(min)
vfree

(
m/min)
v̄exp

b

(
m/min)
dfree

c

(
m)
SSR

(
m2/min)

Miller et al. (8)
1st 0.50 0.5 42.2 16.6 21 337.6
2nd 0.25 0.5 36.6 19.1 18 341.6
3rd 0.25 1.0 23.8 14.9 24 449.3
4th 0.50 1.0 26.1 13.6 26 452.5
5th 0.00 1.0 21.9 17.2 22 463.9
55th 0.00 2.0 16.6 13.0 33 1135
109th 0.50 2.0 18.8 11.8 38 1469

Miller et al. (7)
1st 2.50 1.5 32.2 9.5 48 805
2nd 1.75 2.5 20.2 9.4 51 830.8
3rd 1.25 2.5 18.8 9.9 47 844.7
4th 1.25 2.0 21.9 10.6 44 856.2
5th 1.75 2.0 23.8 10.0 48 861.5
47th 0.50 2.0 18.8 11.8 38 1082
133rd 0.00 2.0 16.6 13.0 33 1505

Miller et al. (6)
1st 0.75 14.5 13.3 9.9 193 1.132
2nd 0.75 14.0 13.3 9.9 186 1.151
3rd 0.00 18.5 12.7 10.0 235 1.212
4th 1.00 15.5 13.3 9.8 206 1.223
5th 0.50 13.0 13.3 10.1 173 1.234
4374th 0.50 2.0 18.8 11.8 38 617.2
4745th 0.00 2.0 16.6 13.0 33 713.4

Mempel et al.
(5)
1st 0.50 3.0 14.0 9.4 42 1.776
2nd 1.50 2.5 17.6 8.7 44 3.199
3rd 0.25 3.5 12.7 9.3 44 3.268
4th 1.00 2.5 16.6 9.3 41 5.319
5th 1.00 3.0 14.8 8.7 44 5.379
1492nd 0.00 2.0 16.6 13.0 33 149.7
2380th 0.50 2.0 18.8 11.8 38 219.2

a The parameter tpause was varied from 0 to 3.5 min, tfree from 0.5 to 20 min, and
vfree from 5 to 50 
m/min. The triplets (tpause, tfree, vfree) have been sorted in order of
increasing SSRs between the data and the simulation results. The simulation results
were produced by averaging the individual displacement of 106 T cells for each
parameter triplet. The fit to each individual data set of the best-fitting doublet and
triplet for the combined data sets (see Table I) is also presented.

b Computed using Equation 13.
c Computed using Equation 15.
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that explanted lymph nodes are deprived of their normal blood and
lymphatic circulations, and this might have an effect on the exper-
imental results obtained (2, 3). Additionally, the four experiments
were conducted using a variety of lymph nodes (e.g., popliteal,
cervical, inguinal). Differences in the underlying structures of dif-
ferent lymph nodes such as the density of dendritic cells (4), or more
importantly the differences in the structure of the FRC network along
which the T cells crawl (1), which could differ between lymph nodes
in different anatomical locations or depend on the genetic background,
sex, or age of the experimental animal, could explain the differences
seen in the motility patterns among the four experiments.

Overall, the experimental data do not differ too significantly
from the fit to the combined data set, except for Miller et al. (6),
and the model does appear to provide a fair description of T cell
movements in lymph nodes.

Discussion
From the data obtained by two-photon microscopy, the motion of
T cells appears to be consistent with the cells performing a random
walk for displacements over long times and following straight tra-
jectories over short periods of times. Consequently, we proposed a
simple model for the motion of T cells in lymph nodes in the
absence of Ag in which T cells move in a straight line at fixed
velocity vfree for a time tfree, pause for a time tpause to reposition
their lamellipods and uropod as they randomly pick a new direc-
tion to move in, and so on. We have found that this simple model
appears to give results that agree best with experimental results for
tpause � 0.5 min, tfree � 2 min, and vfree � 18.8 
m/min.

If, for simplicity, one only considers fits to the experimental data
for which there is no pause time between free runs (tpause � 0),
picking tfree � 2 min, and vfree � 16.6 
m/min yields best agree-
ment between the simulation results and the data. Overall, the ad-
dition of a pause time to the model does not significantly improve
the agreement between the experimental data and the simulation
results and as such is not absolutely necessary.

It is important that the pause time, which we have added to
account for the physiological time necessary for a T cell to turn,
should not alternatively be interpreted as the time for contact be-
tween a T cell and a dendritic cell. The pause time for our best fit

was tpause � 30 s, whereas dendritic cell-T cell contacts, in the
absence of Ag, are consistently reported to last �3 min (5, 6, 21).

It is also important to place our model in the context of the
results of Bajénoff et al. (1) that showed T cells traffic within
lymph nodes by crawling along a network of “roads” formed by
interconnected FRCs. We compared the mean free paths, dfree �
tfree � vfree, computed from the best-fitting triplets to the mean
distance between intersections in the FRC network. The mean free
paths of 38 
m found for the best-fitting triplet and 33 
m found
for the best-fitting doublet are about twice the distance between
intersections in the FRC network, which averages 17 � 7 
m (1).
This suggests that at an intersection, �50% of the time a T cell will
turn onto a new fiber and �50% of the time the T cell will continue
along its original fiber. This is an interesting prediction, which
should be easily verifiable.

In our model, the angles � and � are picked randomly at the
beginning of each free run for each T cell. In contrast, cells trav-
eling along the FRC strands would, at each intersection, have a
choice between a restricted set of angles corresponding to the ori-
entation of the strands available at that intersection. There is no
information available regarding the angles available to the T cells
at FRC strand intersections. One could, however, imagine that by
picking angles at random, we are in fact picking the topology of
the network onto which the T cells are crawling. The fact that
subsequent T cells would pick different angles would simply mean
that they have chosen a different path within the network. As more
information about the topology of the FRC network becomes
available, it will be possible to refine the choice of angles in our
model to account for the new information.

Our model was created to be simple and efficient so as to support
large-scale simulations of whole lymph nodes. For this reason, a
number of simplifications were made. For instance, a fixed veloc-
ity of vfree is assigned to all of the 106 T cells simulated. In reality,
the population of T cells exhibit a range of velocities with distri-
butions as shown in Fig. 2C in Ref. 8 and Fig. 3D in Ref. 7. We
have modified our simulations to explore the effect of having vari-
able velocities across the T cell population. In the modified sim-
ulations, each of the 106 T cells was assigned a different velocity
for the duration of the run. The velocities assigned to each T cell

FIGURE 8. The individual experi-
mental data from Mempel et al. (5)
and Miller et al. (6–8) (F) along with
their respective best-fitting triplet
(OO), the best-fitting triplet to the
combined data (tpause � 0.5 min,
tfree � 2 min, vfree � 18.8 
m/min)
(���), and the best-fitting doublet to the
combined data (tfree � 2 min, vfree �
16.6 
m/min) (– – – –). The simula-
tion results were produced by averag-
ing the individual displacement of 106

T cells for each triplet (tpause, tfree,
vfree).
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were picked randomly from a Gaussian distribution of mean vfree

with a SD of 5 
m/min. The deviation was picked so as to resem-
ble the distributions shown in Fig. 2C in the 2002 work of Miller
et al. (8) and Fig. 3D in the 2003 work of Miller et al. (7). We
found that sample simulations where T cell velocities were picked
randomly from this Gaussian distribution yielded mean displace-
ment vs �time curves that were indistinguishable from those pro-
duced by the model described in the paper where all T cells were
assigned the same velocity.

Although our model does not explicitly consider the FRC network,
simplifies the range of velocities exhibited by T cells to a single fixed
velocity, and allows a random angle to be picked before each free run
rather than restrict angles according, for example, to the physiology of
the FRC network, it still agrees well with the experimental data for the
mean displacement and mean velocity of the T cells (5–8). This is
advantageous for spatial mathematical modelers because this makes
modeling T cell movement simple and efficient.

These results do not exclude the possibility that chemokine attract-
ants may direct the motion of T cells. The possibility of a chemokine
gradient guiding the movement of T cells has been considered by
A. K. Chakraborty (personal communication), who showed that one
can observe random walk behavior in the presence of chemokine gra-
dients as long as their effect was sufficiently short-ranged.

A more detailed model for lymphocyte movement has been pro-
posed by Meyer-Hermann and Maini (22) and compared against B
and T cell movement data from Miller et al. (8). Their model is a
modified 2d cellular automaton-type Potts model (23, 24), where a
cell is represented by a collection of subunits that are the lattice
sites occupied by the cell volume. Like ours, their model also
suggests a run-and-pause dynamics but implements it in more de-
tail, integrating intracellular dynamics in a generic way. The sub-
units that make up a cell are moved individually in the direction
chosen for active movement under constraints to maintain constant
cell volume. After a period of movement, the cell undergoes re-
shaping and the subunits are moved so as to return the cell shape
to a sphere. Interestingly, like ours, the mean displacement vs
�time produced by their model also disagrees with that of Miller
et al. (8) at early times. In addition to the mean displacement, this
model also yields a distribution of lymphocytes velocities that
compares well with the spread seen in vivo.

Another detailed model for the movement of T cells and den-
dritic cells in lymph nodes was proposed by Beltman et al. (25).
They use it to investigate the possibility that T cells and dendritic
cells owe the characteristics of their motility patterns (i.e., run-
and-pause random walk) to the anatomical structure of lymph
nodes. Like the Meyer-Hermann and Maini model, theirs is a Potts
model, where each cell is represented by a collection of neighbor-
ing sites, but it is a 3d rather than a 2d model. Using this model,
the authors demonstrate that the run-and-pause random walk na-
ture of T cell and dendritic cell motility need not be an intrinsic
characteristic of cell motility. Rather, these characteristics emerge
as a consequence of the anatomical barriers encountered by the
cells which give rise to velocity fluctuations and mean displace-
ments that are in good agreement with experimental data.

Although these models better describe lymphocyte movement
by integrating more details, they are more computer intensive than
ours for equivalent mean displacement results and may not lend
themselves well to large scale simulations of, for example, whole
lymph nodes.

In conclusion, we have proposed a simple description of T cell
movement that matches experimental data and that can be imple-
mented in a simple and computationally efficient manner.
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