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a b s t r a c t

We present a detailed experimental data set describing a tissue growth experiment where

a population of cells is initially distributed uniformly, at low density, on a two-dimensional

substrate, and grows to eventually form a confluent monolayer. Using image processing

tools, we provide precise information about temporal changes in the number of cells, the

location of cells and the total area occupied by cells. This information shows that the

increase in area occupied by the cell population is affected by both the increase in cell

number as well as an increase in the average size of the cells. We show that standard

approaches to interpret such experiments, where the cell size is typically treated as a con-

stant, can lead to errors. Furthermore we show that a standard, discrete, random walk

model of biological cell motility and cell proliferation should not be used to represent our

experimental data set since this standard model treats all cells as having a constant size

that does not change with time. Instead, we introduce a generalization of the standard

model which allows agents in the random walk model to move, proliferate and grow in

size, and we show that the data produced by this more general model is consistent with

our experimental data set.

© 2015 Elsevier Inc. All rights reserved.
1. Introduction

Two-dimensional tissue growth experiments are commonly used to estimate the proliferation rate of different cell types

[1–9]. In these experiments a population of cells is uniformly distributed, at low density, on a two-dimensional substrate.

Individual cells within the population move and proliferate, and these two processes, combined, lead to changes in the cell

density and the eventual formation of a confluent monolayer of cells. Measurements obtained from these experiments can

inform our understanding of wound healing [10–12] and tumor growth [13,3].

Currently, there is no standard, widely accepted methodology for the design, interpretation and quantification of tissue

growth experiments. While some experiments are reported in the form of visual snapshots and qualitative comparisons

[14,15], others provide more detailed cell density estimates [2,5]. A even more detailed approach is to report the precise

numbers and location of individual cells [3]. Unfortunately, such a detailed approach is very labour intensive.
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Typical mathematical modelling approaches used to interpret tissue growth experiments involve using a continuous

logistic-type models [2,16–18,5], which can be calibrated to provide an estimate of the proliferation rate. An important

limitation of using continuous models is that they neglect any explicit description of individual cell behaviour [19–25]. This

limitation can be partially overcome by using discrete, random walk models. Lattice-based random walk models of two-

dimensional tissue growth experiments involve placing agents on a lattice and allowing those agents to undergo motility

and proliferation events, which lead to the formation a confluent monolayer [1,26,27,8,9].

In this work we present a suite of tissue growth experiments, explicitly quantifying the temporal evolution of:

(1) the number of cells per image,

(2) the location of cells within each image, and

(3) the proportion of the area of each image that is occupied by cells.

This data set allows us to investigate how the tissue growth process is influenced by the increase in cell number and

changes in the cell size. The data implies that standard mathematical models could be inappropriate since standard con-

tinuous models neglect to account for any features of individual cells and standard discrete models typically assume that

the average size of the cells remains constant with time. We demonstrate that care should be taken when interpreting such

data since the neglect of temporal changes in cell size can lead to misinterpretations of the data. We also show that it is

inappropriate to apply a standard, discrete, random walk based simulation of such a tissue growth experiment where the

size of the agents in the simulation remain constant. Instead, we conclude by demonstrating how cell size dynamics could

be included in a random walk model so that we can interpret this data in a more realistic modelling framework.

2. Methods

2.1. Experimental and image processing methods

All experiments in this work deal with a breast cancer cell line called MDA-MB-231 [28]. For convenience, we will refer

to this cell line as 231 cells. The 231 cells were kept in Dulbecco’s modified Eagle medium (Invitrogen, Australia) with 10%

feotal calf serum (Hyclone, Australia) and 1% v/v Penicillin/Streptomycin (Invitrogen, Australia). The 231 cells were cultured

in tissue culture flasks (Nunc, Thermo Scientific, Denmark) kept in 5% CO2 at a temperature of 37 °C. The cells were lifted

prior to confluence using 0.05% trypsin (Invitrogen, Australia) and viable cells were counted using a Trypan blue exclusion

test and a haemocytometer.

A cell suspension, containing 5000 cells/100 μL, was created and carefully inserted into the wells of a 24-well tissue

culture plate. Each circular well in the tissue culture place has a diameter of 15.6 mm. Initially, each well in the tissue culture

plate contained 5000 cells. Cells were monitored in real time using a Leica widefield microscope. A series of images, each

covering an area of approximately 640 × 480 μm, were recorded every 200 min over a period of 2000 min (approximately

33 h). This means that the images reported in this manuscript do not show the entire circular well in the tissue culture

plate. Instead, each image shows a subregion within the circular well which means that the boundaries of the images are

not physical boundaries, and the spatial extent of the cell population extends beyond the boundary of the images.

We report the physical dimensions of our experiments using a combination of microns and pixels with a conversion

factor of 1.2237 μm per pixel. It is convenient to use a mixture of units since the experimental images are reported in

terms of a physical scale of microns whereas the image processing is completed using a physical scale of pixels.

We denote the real dimensional time at which the images were taken as t∗ = 0,200,400, . . . ,2000 minutes. For con-

venience we report the time interval using a non-dimensional timescale, t = t∗/200, so that our images correspond to

= 0,1,2, . . . ,10. Each set of experimental images corresponds to the same field of view within the tissue culture plate for

the entire duration of the experiment.

We analyzed the images by determining the location of individual cells within the growing population as well as the

total area of the image that is occupied by cells using customised software based on MATLAB’s image processing toolbox

[29,3].

3. Results

3.1. Experimental results

Images in Fig. 1 illustrate the key results from one sample of our experimental data set. Snapshots in the top row of

Fig. 1 show the MDA MD 231 cells at non-dimensional time t = 0, 5 and 10. Initially we see that the cells are distributed

approximately uniformly, at low density, and that the number of cells increases with time as a result of combined cell

motility and cell proliferation processes. Results in the second row of Fig. 1 shows the approximate location of the centre

of each individual cell from the experimental images in the top row. This data set clearly demonstrates the influence of

cell proliferation since we have n = 36 cells at t = 0, increasing to n = 103 cells at t = 100. The images in the third row of

Fig. 1 indicate, shaded in black, the area of the domain that is occupied by cells. A visual comparison of the shaded regions
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Fig. 1. Results in the top row show the raw experimental images of MDA MD 231 cells at t = 0, 5 and 10, respectively. The scale bar corresponds to

100 μm. The corresponding images in the second row show the location of the centre of each cell in the experimental images. This data indicates how

the number of cells increases with time. Here we have n(0) = 36, n(5) = 64 and n(10) = 103. The images in the third row shows those regions (shaded in

black) that are occupied by cells, whereas the vacant regions of the domain are not shaded.
in the third row and the original images in the top row confirms that our image analysis method provides an accurate

representation of the proportion of the domain occupied by cells as a function of time.

The same image analysis, demonstrated in Fig. 1, was applied to another four identically-prepared sets of images from

our experiments. This information allowed us to calculated the average number of cells per image as a function of time,

n(t) and the average area of the domain that is occupied by those cells as a function of time, A(t). Using this information

we can calculate the average area per cell, or the average cell size,

S(t) = A(t)

n(t)
. (1)

A summary of this data set is given in Table 1, and presented graphically in Fig. 2(a) and (b).

Data in Table 1 and Fig. 2(a) indicate that A(t) is influenced by both the increase in cell number and cell size. The

increase in average cell size is an interesting feature that is typically neglected by standard continuous [2,5,18] and discrete

[30,1,31,3] mathematical models.

3.2. Opportunities for misinterpretation of experimental results

Given that our data set implies that the increase in the total area occupied by cells during the tissue growth experiment

is influenced by both the increase in cell number and cell size, we now explore how a standard approach to interpret the

results in Fig. 2(a) and (b) could lead to misinterpretations of the relevant mechanisms acting in the experiments. The data

points in Fig. 2(a) shows the average cell number per image together with an exponential growth curve,

n(t) = n(0)eλt , (2)
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Table 1

Average number of cells, n(t), averaged occupied area, A(t), and the averaged cell size, S(t). The averaged data is constructed from N = 5 identically-

prepared experiments. The raw data sets, including the sample mean and sample standard deviation for each quantity are given in the Appendix.

t n(t) A(t) (pixels) S(t) (pixels)

0 34.60 3636.6 105.58

1 39.40 5096.6 126.65

2 46.60 6090.8 129.12

3 52.00 9082.4 173.97

4 59.40 10586 175.12

5 70.40 13323 185.34

6 84.60 14942 175.98

7 97.20 19600 200.56

8 112.20 22592 199.61

9 126.80 26335 202.39

10 131.20 30051 232.15

Fig. 2. (a) Data points correspond to the average numbers of cells, n(t). The solid curve is a least-squares exponential growth model, n(t) = n(0)eλt , with

n(0) = 34.7 and λ = 0.1416. (b) Data points correspond to the average cell size, S(t). The solid curve is a least-squares linear growth curve, S(t) = α + βt ,

with α = 118.71 and β = 10.92. (c) Data points correspond to the total average area occupied by the cells. The three solid curves correspond to three

different predictions of the total average area occupied by the cells using a standard approach neglecting any temporal changes in the average cell size,

A(t) = Sn(t). The lower, middle and upper predictions correspond to S = 105.58, 185.34 and 232.15 pixels, respectively. (d) Data points correspond to the

average numbers of cells. The three solid curves correspond to three different predictions of the average numbers of cells using a standard approach

neglecting any temporal changes in the average cell size, n(t) = A(t)/S . The lower, middle and upper predictions correspond to S = 105.58, 185.34 and

232.15 pixels, respectively. The error-bars are for the standard error of the sample mean.
where n(0) = 34.70, and we estimated λ = 0.1416 to give the best match to the data. We anticipate that had the experimen-

tal data been collected for longer periods of time then we would see the numbers of cells reach an approximately steady

value as crowding effects slow the net growth rate [2,5]. This kind of crowding could be represented by using a logistic,

or generalised logistic growth model [17,18]; however, since we are dealing with the early time portion of the experiment

before we observe any significant crowding effects, we choose to approximate this data with an exponential model.
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The data points in Fig. 2(b) shows the average cell size superimposed on a linear model

S(t) = α + βt , (3)

where α = 118.71, and we estimated β = 10.92 to give the best match to the data. The data set in Fig. 2(a) and (b), repre-

sented by the regression curves given by Eqs. (2), (3), can be used together with Eq. (1) to demonstrate now the neglect of

dynamic changes in the average cell size could lead to misinterpretations of the data.

To demonstrate the potential danger in the neglect of these details we present data points in Fig. 2(c) corresponding to

the measurements of the total average area occupied by cells, A(t). The three solid curves in Fig. 2(c) correspond to a simple

prediction of how the average area occupied by the population of cells would change with time if we made the standard

assumption that the average cell size remained constant for the duration of the experiment,

A(t) = Sn(t), (4)

where S is the cell size, which in this case is treated as a constant. The lower solid curve in Fig. 2(c) corresponds to setting

S = S(0) = 105.58 pixels, the middle solid curve in Fig. 2(c) corresponds to setting S = S(5) = 185.34 pixels, and the upper

solid curve in Fig. 2(c) corresponds to S = S(10) = 232.15 pixels. Each solid curve in Fig. 2(c) involves implementing the

standard assumption that the average cell size remains constant, and we see that in each case this leads to a significant

deviation between our prediction and the observed measurements.

A second way of demonstrating the consequences of neglecting temporal changes in average cell size is to assume that

we have obtained accurate estimates of the area occupied by the total population of cells, A(t) and that we have some

estimate of the average cell size, S . Using this information, together with the standard assumption that the average cell size

remains constant with time, we could predict the number of cells

n(t) = A(t)

S . (5)

Data points in Fig. 2(d) show our measurements of n(t). The solid curves in Fig. 2(d) show the predictions made using Eq.

(5). The lower curve in Fig. 2(d) corresponds to S = S(0) = 105.58 pixels, the middle curve corresponds to S = S(5) = 185.34

pixels, and the upper curve corresponds to S = S(10) = 232.15 pixels. Again, comparing our observed data in Fig. 2(d) with

the predictions made by assuming that the average cell size remains constant indicates that this assumption could have a

significant impact on our ability to correctly interpret the relevant mechanisms.

3.3. A generalised mathematical model incorporating cell motility, cell proliferation and cell growth processes

To provide a more realistic modelling framework that enables us to simulate tissue growth experiments where both

the number of cells and the size of cells can increase with time, we introduce a discrete model of biological cell motility,

proliferation and growth processes. The discrete model consists of a two-dimensional square lattice, with lattice spacing �.

Lattice sites are indexed (i, j) [1,3,4] such that each lattice site is associated with a position (x,y) = (i�, j�). The discrete

model is an exclusion process [30] which explicitly incorporates crowding effects by allowing each lattice compartment to

be occupied by, at most, a single agent or a portion of a single agent. For simplicity we will assume that the system of

interest contains two types of agents; however, we note that this assumption can be relaxed and it is possible to generalise

our model so that we can simulate any number of different types of agents. The key difference between the two types of

agents that we consider is their size. For demonstrative purposes we assume that the length of type 1 agents is equal to

the lattice spacing, �, and furthermore we assume that the agents are square so that the area of type 1 agents is �2. The

length of type 2 agents is equal to twice the lattice spacing, 2�, and each type 2 agent occupies a region corresponding to

a two-by-two square arrangement of lattice sites so that the area of each type 2 agent is 4�2. This means that a type 2

agent could occupy four adjacent sites such as (x,y), (x + �,y), (x,y + �) and (x + �,y + �). We denote the number of type

1 agents present in the system at time t by Q1(t), and the number of type 2 agents present in the system at time t by Q2(t).

The total number of agents present at time t is Q(t) = Q1(t) + Q2(t).

Each agent in the system is motile with a transition rate Pm per unit time [1,3,4]. We suppose that motility events are

unbiased so that a type 1 agent at location (x,y) will attempt to step a distance � to any of the four nearest neighbour lattice

sites, (x ± �,y), (x,y ± �), with the direction of movement chosen with equal probability, 1/4. Similarly, motility events for

type 2 agents are also unbiased so that a type 2 agent occupying (x,y), (x + �,y), (x,y + �) and (x + �,y + �) attempts

to step a distance �, with the direction of movement chosen with equal probability, 1/4. Since the model is an exclusion

process any potential motility event that would place an agent, or part of an agent, on a lattice site that is already occupied

by another agent will be aborted [1,3,4]. Reflecting boundary conditions are applied along all boundaries.

To model the increase in agent number, we incorporate a proliferation mechanism with rate Pp per unit time [1,3,4]. To

keep our model as simple as possible we assume that only type 1 agents undergo proliferation events, but we note that this

assumption could be relaxed so that both types of agents could be allowed to proliferate if necessary. Proliferation events in

our model are unbiased so that a type 1 proliferative agent at location (x,y) would attempt to deposit a type 1 daughter

agent at either (x ± �,y) or (x,y ± �) with each target site chosen with equal probability, 1/4. Any potential proliferation
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event that would place a daughter agent on a lattice site that is already occupied is aborted. Similarly, any potential prolif-

eration event that would place a daughter agent off the lattice is aborted.

Motivated by our experimental data set described in Section 3.1, we also incorporate a growth mechanism in our model

so that we enable type 1 agents, each of area �2, to grow into type 2 agents, each of area 4�2. We allow this growth

process to occur at rate Pg per unit time. The details of this mechanism are as follows, a type 1 agent, located at (x,y) can

grow into a type 2 agent that will assume one of four potential configurations:

(1) (x,y), (x + �,y), (x,y + �) and (x + �,y + �),

(2) (x,y), (x − �,y), (x,y + �) and (x − �,y + �),

(3) (x,y), (x + �,y),(x,y − �) and (x + �,y − �), or

(4) (x,y), (x − �,y), (x,y − �) and (x − �,y − �).

For simplicity we consider an unbiased growth process where each of the four potential growth configurations is chosen

with equal probability, 1/4. To ensure that our growth mechanism incorporates similar crowding principles to our motil-

ity and proliferation mechanisms, we only allow potential growth events to proceed provided that the three target sites

associated with that growth event are vacant.

To illustrate the key features of this discrete model we present snapshots from two different types of simulations, on a

100 × 100 lattice, in Fig. 3 (a), (b), (e) and (f). The snapshot in Fig. 3(a) corresponds to a spatially uniform distribution of

type 1 agents, where each lattice site is independently occupied with probability 5%. The snapshot in Fig. 3(b) corresponds

to a simulation with Pm = 1, Pp = 0.001 and Pg = 0, so that type 1 agents are permitted to move, proliferation but not to

grow. Results in Fig. 3(c) show that, on average, the number of type 1 agents increases from approximately 500 to 750,

while there are no type 2 agents in the system. Using this averaged data we can calculate the average area per agent

Asim(t) = Q1(t)�2 + Q2(t)4�2

Q1(t) + Q2(t)
, (6)

where the subscript sim indicates that this average agent area corresponds to the simulation data rather than experimental

data. Fig. 3(d) shows that the average area of the agents in the simulations with Pg = 0 remains �2 for all time.

Snapshots in Fig. 3(e) and (f) are the same as in Fig. 3(a) and (b) except that we have allowed cell growth to occur.

The influence of the growth process is clear by t = 500 since we see the appearance of larger type 2 agents in the system.

Averaged simulation results in Fig. 3(g) show that the number of both type 1 and type 2 agents increases with time, and data

in Fig. 3(h) quantifies how the average area per agent increases with time. Using our model we conducted simulations with
Fig. 3. Discrete modelling results. Snapshots in (a)–(b) show the results of a single simulation with Pm = 1, Pp = 0.001 and Pg = 0.0. The snapshots are given

at t = 0 and t = 500, respectively. The smaller type 1 agents are shown in red while the larger type 2 agents are shown in green. The initial condition in (a)

corresponds to a spatially uniform distribution of type 1 agents where each lattice site is initially occupied with probability 5%. Data in (c)–(d) corresponds

to averaged simulation results, where the average was constructed using 100 identically-prepared realizations of the same stochastic process. Snapshots

in (e)–(f) show the results of a single simulation with Pm = 1, Pp = 0.001 and Pg = 0.0005. The snapshots are given at t = 0 and t = 500, respectively. The

initial condition in (e) corresponds to a spatially uniform distribution of type 1 agents where each lattice site is initially occupied with probability 5%. Data

in (g)–(h) corresponds to averaged simulation results, where the average was constructed using 100 identically-prepared realizations of the same stochastic

process. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Table 2

Cell number data from N = 5 samples. The cell number in each image is ni , for i = 1, 2, 3, 4, 5. The sample average number of cells, n(t), and the sample

standard deviation, σn(t), are given.

t n1 n2 n3 n4 n5 n(t) σn(t)

0 36 17 34 66 20 34.60 19.44

1 41 22 38 72 24 39.40 20.04

2 55 25 46 84 23 46.60 24.97

3 55 30 52 95 28 52.00 27.01

4 57 34 60 109 37 59.40 30.05

5 64 39 76 131 42 70.40 37.21

6 87 46 84 154 52 84.60 42.94

7 94 55 95 184 58 97.20 52.12

8 100 61 110 216 74 112.20 61.26

9 109 67 130 247 81 126.80 71.50

10 103 71 135 264 83 131.20 78.09

Table 3

The area occupied by cells from N = 5 samples. The total area occupied by cells in each sample, Ai , is reported for i = 1, 2, 3, 4, 5. Area measurements

are reported in pixels and the domain size is X × Y = 523 × 391 = 204493 pixels, with 1.2237 μm/pixel. The sample mean, A(t), and the sample standard

deviation, σA(t), are given.

t A1 A2 A3 A4 A5 A(t) σA(t)

0 3511 1878 3591 7055 2148 3636.6 2062.3

1 3856 2408 5430 10357 3432 5096.6 3135.3

2 5667 3043 6432 12185 3127 6090.8 3725.2

3 8063 4984 8872 17963 5530 9082.4 5228.9

4 8404 6236 10873 21146 6273 10586 6202.5

5 9837 6463 15531 26293 8493 13323 7994.3

6 12118 7955 16668 28338 9631 14942 8176.7

7 16183 10579 20766 38157 12315 19600 11090

8 17031 12024 23355 45017 15534 22592 13190

9 18723 14413 26480 56432 15626 26335 17469

10 24413 13269 30814 57676 24081 30051 16679

Table 4

Data for the average cell size from N = 5 samples. The average size of the cells in each sample is S(t)i = A(t)i/n(t)i for i = 1, 2, 3, 4, 5. The sample mean,

S(t), and sample standard deviation, σS(t), are given.

t S1 S2 S3 S4 S5 S(t) σS(t)

0 97.53 110.47 105.62 106.89 107.40 105.58 4.84

1 94.05 109.45 142.89 143.85 143.00 126.65 23.37

2 103.04 121.72 139.83 145.06 135.96 129.12 16.96

3 146.60 166.13 170.62 189.08 197.50 173.97 20.02

4 147.44 183.41 181.22 194.00 169.54 175.12 17.75

5 153.70 165.72 204.36 200.71 202.21 185.34 23.81

6 139.29 172.93 198.43 184.01 185.21 175.98 22.41

7 172.16 192.35 218.59 207.38 212.33 200.56 18.60

8 170.31 197.11 212.32 208.41 209.92 199.61 17.39

9 171.77 215.12 203.69 228.47 192.91 202.39 21.63

10 237.02 186.89 228.25.25 218.47 290.13 232.15 37.54
different Pm, Pp and Pg which showed that the average change in cell size is sensitive to the choice of parameters and we

expect that this information could be used, together with the data presented previously in Fig. 2(b), to calibrate this kind of

model.

While our discrete model has been designed to mimic certain key features of our experimental dataset, such as the in-

crease in average cell size with time, we would like to make it clear that several generalizations of our model are possible.

For example, here we only consider a population composed of two types of agents whereas it might be more reasonable

to deal with a discrete model with many more types of agents. Similarly, we consider the simplest possible proliferation

mechanism where the smallest agents in the model produce daughter agents of the same size and we neglected to allow

the larger agents to proliferate. Many other potential proliferation mechanisms could be considered, including more general

agent growth mechanisms whereby agents of area �2 increase in size to agents of area 2�2. One of the limitations of this

kind of growth process is that agents of area 2�2 are not symmetric with respect to the underlying lattice and so if this op-

tion were followed we would have to account for the alignment of these asymmetric subpopulations. One way of overcom-

ing this issue is to focus only on subpopulations that are symmetric with respect to the lattice. Another way of overcoming
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this issue would be to use a lattice-free modelling framework [32–35]. Here we chose to use a lattice-based framework

since lattice-free simulation tools are far more computationally demanding.

4. Discussion and conclusions

In this work we presented an experimental data set describing a two-dimensional tissue growth experiment which leads

to the formation of a confluent monolayer of cells. To analyze the experimental data set we used image processing tools to

provide precise information about how number, location and total area occupied by cells changes with time. Our data set

shows that the increase in area occupied by the growing population of cells is affected by both the increase in cell and size.

Most models used to interpret two-dimensional tissue growth experiments do not apply to our experimental data. Standard

continuous models neglect to account for individual-level properties, and standard discrete models assume that the size of

the agents does not change dynamically [30,36,37,27,38,39,34,31,8,9].

We proposed a simple discrete model of motility, proliferation and growth to mimic our data set. When the cell growth

rate is set to zero, our discrete model makes similar predictions to other models [1,3,4] and these predictions can not be

used to match our experimental data. Alternatively, when we incorporate growth, our discrete simulations predict that both

the numbers and size of agents increases with time. This information, that is lacking in previous models, could be used to

match our experimental data set.

Finally, our discrete modelling results in this work have been presented in terms of single snapshots of the stochastic

process and averaged data obtained by considering many identically-prepared realizations of the same stochastic process. An

area of great interest to the mathematical biology community is to understand how the averaged properties of a particular

discrete process can be described using continous models such as ordinary differential equations and partial differential

equations [30,20,1,40–42]. While some previous work has been completed on understanding how to derive approximate

differential equation description of systems with different sized agents [43,44], none of these previous studies considered

systems that were composed of several types of different sized agents like we have shown in Fig. 3(e) and (f). We suggest

that a thorough exploration deriving appropriate continuous limits of these kinds of discrete processes with multi-sized

agents will be a fruitful avenue for future research.
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Appendix A. Experimental data set

The data set in Table 2 describes the number of cells in each image, together with the sample mean and the sample

standard deviation.

The data set in Table 3 describes the area occupied by cells in each image, together with the sample mean and the

sample standard deviation.

The data set in Table 4 describes average area per cell in each sample, together with the sample mean and the sample

standard deviation.
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