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A.1 Repast Batch Running
Using Repast Simphony in batch mode requires a complex list of Java class paths
to be supplied in a command-line window. The sample script show in Code A.1
provides an example of how this might be done in a Windows command window.
The reader will need to modify this for her particular system, but the adaptations
to turn this into a Unix-style script file, for instance, are relatively straightforward.
Note that the final java command line actually needs to be a single line, rather
than broken over several as here, which has been done here purely for formatting
purposes.

A.2 Some Common Rules of Differentiation and Integration
In this section we provide a short reference to some differentials and integrals of
basic functions. We use the notation to f (x) to represent a function of x and f  (x)
to represent the first derivative of f (x), i.e., dfdx(x) .
The differential of a sum of two functions of x is the sum of the two differentials
d
(f (x) + g(x)) = f  (x) + g  (x)
(A.1)
dx
whereas the differential of a product is a sum of products
d
(f (x)g(x)) = f  (x)g(x) + f (x)g  (x)
dx

(A.2)

A.2.1 Common Differentials
Table A.1 illustrates the differentials of some common functions.
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@echo off
rem Unofficial configuration file for running Repast Simphony
rem in batch mode.
rem Author: David J. Barnes (d.j.barnes@kent.ac.uk)
rem
http://www.cs.kent.ac.uk/~djb/
rem Version: 2009.12.03
rem
rem Adjust Repast version and local paths below.
rem Windows users: prefer the form
rem
c:\progra~1 over c:\Program files
rem in order to avoid spaces in folder names.
rem
rem The version of Repast Simphony being used.
set VERSION=1.2.0
rem The installed path of Repast.
set REPAST=c:\progra~1\RepastSimphony-%VERSION%
rem The installed path of Eclipse.
set ECLIPSE=c:\progra~1\RepastSimphony-%VERSION%\eclipse
rem The plugins path of Eclipse.
set PLUGINS=%ECLIPSE%\plugins
rem The workspace containing the Repast model.
set WORKSPACE=%REPAST%\workspace
rem The name of the model. This might be case-sensitive.
set MODELNAME=MalariaModelBatch
rem The folder of the model. This might be case-sensitive.
set MODELFOLDER=%WORKSPACE%\%MODELNAME%
rem The file containing the batch parameters.
set BATCHPARAMS=%MODELFOLDER%\batch\batch_params.xml
rem Execute in batch mode.
rem NB: The following lines, up to ".rs" must be joined to be
rem
a single line with no spaces!
java -cp %PLUGINS%/repast.simphony.batch_%VERSION%/bin;
%PLUGINS%/repast.simphony.runtime_%VERSION%/lib/*;
%PLUGINS%/repast.simphony.core_%VERSION%/lib/*;
%PLUGINS%/repast.simphony.core_%VERSION%/bin;
%PLUGINS%/repast.simphony.bin_and_src_%VERSION%/*;
%PLUGINS%/repast.simphony.score.runtime_%VERSION%/lib/*;
%PLUGINS%/repast.simphony.data_%VERSION%/lib/*;
%MODEL%/bin repast.simphony.batch.BatchMain
-params %BATCHPARAMS% %MODELFOLDER%\%MODELNAME%.rs
Code A.1 Windows script file for running Repast in batch mode

A.2.2 Common Integrals
b
The notation a f (x)dx represents the definite integral of f (x) over the interval
[a, b]. The interval limits are omitted for indefinite integrals. Common integrals can
usually be inferred from the corresponding differential (see Table A.1), with the
addition of an integration constant, C. Table A.2 illustrates the integrals of some
common functions.

A.3 Maxima Notation
Table A.1 Common simple
differentials

309
f (x)

f  (x)

a

0

xa

ax a−1

ax

ln(a)a x

ex

ex (from above)

loga (x)

1
x ln(a)
1
x (from

ln(x)

Table A.2 Common simple
integrals
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loga (x)

x loga (x) −
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cos(x)
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−ln(| cos(x)|) + C

+C
+C
x
ln(a)
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Table A.3 Commonly-used notation in Maxima
%e

Euler’s e number

%i

Imaginary unit (i.e. (%i)2 = −1)

%pi

Pi

log(x)

Natural logarithm of x (i.e., ln(x) is *not* implemented in
Maxima)

inf

Infinity

realpart(c)

Returns the real part of c

imagpart(c)

Returns the imaginary part of c
a 

binom(a,b)

b

A.3 Maxima Notation
Full documentation on Maxima can be found in the documentation section at
maxima.sourceforge.net. Table A.3 illustrates some commonly-used Maxima notation.
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Table A.4 PRISM query summary
P=?[A U[T1,T2] B]

Probability that between time t = T1 and t = T2 first A is
true and then B is true

P=?[true U B{IC}]

Starting from initial conditions I C, what is the probability
that B will be true?

P=?[F B{IC}]

Equivalent to the above

P>=0[G B]

Returns true if B is always true (independent of random
choices)

S>=0[b=4]

Returns true if b has a non-zero probability of taking a
value of 4 in steady state

R=?[S]

Returns the reward in steady state

R=?[C<=10]

Returns the cumulative reward before time T = 10

R=?[I=10]

Returns the instantaneous reward

A.4 PRISM Notation Summary
Full documentation on the PRISM model checker may be found at www.
prismmodelchecker.org. Table A.4 illustrates some of the most common notation
used in model queries.

A.5 Some Mathematical Concepts
This section provides a brief introduction to some of the basic mathematics that
has been assumed of the reader in this book. The exposition here cannot replace a
proper textbook and is intended purely as an aide memoire. The reader who has not
met these concepts in detail before is strongly advised to read a dedicated textbook.

A.5.1 Vectors and Matrices
A vector in n-dimensional space is an n-tuple of numbers. The following are examples:
⎛
⎞
1
. ⎜ 3.42 ⎟
.
⎟
v1 = ⎜
v2 = (1, 3.42, 12, i)
⎝ 12 ⎠
i
v1 and v2 are column and row vectors, respectively. We will normally denote the
variable names of vectors in boldface, in order to distinguish them from simple
scalars. Our two example vectors contain the complex unit, i. Real vectors—that is
vectors that contain only real numbers—can be interpreted graphically (Fig. A.1).

A.5 Some Mathematical Concepts
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Fig. A.1 A graphical
representation of the two
vectors (1, 1) and (0, −1)

There are a number of operations that can be performed on vectors. The most
important is the dot-product. If v, w are vectors with the elements (v1 , v2 , . . .) and
(w1 , w2 , . . .), respectively, then v · w is defined as:
v·w=

v i · wi
i

An extension of the concept of a vector is that of a matrix. Matrices are arrays of
vectors.
⎤
⎡
⎡
⎤
29
52
42
29 70 −32 −1
⎢ 70 −13 18 ⎥
. ⎢
. ⎢
⎥
⎥
72 ⎦
AT = ⎣ 52 −13 82
A=⎢
⎥
⎣ −32 82 −59 ⎦
42 18 −59 12
−1
72
12
Here AT is the transposed matrix of A, which means that the columns and rows are
exchanged. More conveniently, one can represent a matrix in terms of its elements:
Aij is the element in row i and column j . The element A12 would be 52 in the
example above. Given two matrices, A and B, we can define matrix multiplication.
The product matrix (A · B) is the matrix of all products of the row vectors of A and
column vectors of B.
(A · B)ij =

Aik Bkj
k

A numerical example might be helpful. Let us define the matrix B.
⎡
⎤
−26 −94 −36 −15
. ⎢
⎥
2 ⎦
B = ⎣ −86 −97 −69
50 −38 69 −88
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We can now explicitly calculate the product of A · B, say.
⎡

⎤
−3126 −9366 −1734 −4027
⎢ 198
−6003 −381 −2660 ⎥
⎢
⎥
A·B=⎢
⎥
⎣ −9170 −2704 −8577 5836 ⎦
−5566 −7346 −4104 −897
In matrix multiplication, the order of the operands is significant. The number
of rows in the left operand must be equal to the number of columns in the right
operand. Therefore, with the current data, the product of B · A is not defined for
matrix multiplication, because of the mismatch of the dimension of column and row
vectors.
A.1 Confirm the results of the matrix products by explicitly calculating the products by hand.
A.2 Square matrices are matrices that have the same number of rows and columns.
Define two square matrices A and B and calculate the products A · B and B · A.
Compare the results.
A vector can be seen as a special case of a matrix. If v is a row vector of dimension n and A is a matrix with n columns, then we can calculate the product v2 = v · A
following the same rules as above. Similarly, the matrix product AT · vT is also well
defined. On the other hand, given our definition of matrix product, constructs such
as, A · v are not defined. Henceforth, we will always assume that the dimensions of
matrices and vectors match to make sense of the products. It is easy to see that the
product of a vector and a matrix is itself a vector. For example, v2 is again a row
vector of dimension n.
Assume now a matrix, A, given in terms of some elements Aij , which we do not
need to specify. We can ask whether there is a vector, v, and a scalar value, λ, such
that the product of the vector and the matrix equals the vector scaled up by a factor
λ. This amounts to solving a linear equation:
v · A = λv
The vector, v, and the scalar, λ, that solve this equation for A are called the eigenvector and eigenvalue of A, respectively. For any specific matrix, there may be more
than one solution. Eigenvectors and eigenvalues are important in mathematics and
there exists a large body of theory on this topic.1

1 The interested reader is encouraged to read a textbook on linear algebra for a better idea of the
theoretical underpinnings of this concept.
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A.5.2 Probability
In order to talk about the probability of something (an “event”), one first needs to
define the range of possible events under consideration. The standard example is the
rolling of a die. There are six possible outcomes, which we can simply label 1, 2, 3,
4, 5 and 6. Before rolling the die, we do not know what the outcome will be, yet we
can assign to each outcome a probability. If the die is fair then we can assume that
each outcome is equally likely, occurring with a probability of 1/6; or P (x) = 1/6
if x ∈ {1, 2, 3, 4, 5, 6}.
We can now also think about multiple experiments. If we consider two rolls of a
single die, then the space of possible outcomes is extended in that there are now 36
possible outcomes instead of 6. They are the familiar pairings: (1, 1), (1, 2), (1, 3),
. . . , (6, 6), where the first entry in the parenthesis refers to the first roll of the die (the
result of the first experiment) and the second entry to the result of the second roll.
Each pair of numbers is equally likely and, hence, the probability for each is 1/36
(which is 16 · 16 ). Correspondingly, one can extend the space of events by introducing
further rolls of the die.
If we perform n experiments, then we know that there are 1/6n possible outcomes
altogether—each equally likely. We might be interested in certain subsets of the
possible outcomes. For example, we may wish to ask about the probability that the
result of each trial is an even number. This can be formulated in a different way
by asking for the probability that the first trial resulted in an even number and the
second and the third . . . and the nth. In probability theory, whenever we ask about
the probability of several events happening jointly, then we need to multiply the
corresponding probabilities. Clearly, for each individual trial the probability of an
even number is 1/2, simply because there are equally many even numbers as odd
numbers on the die. Hence, the probability of all outcomes of n trials being even is
obtained by multiplication.
1
1
=
P (all even) =
2 2n
trials

We might now ask for the probability that all rolls of the die yield the result 1. We
could calculate this by simply multiplying the individual probabilities, as above.
However, this is not really necessary. Since all possible outcomes of our die rolling
experiment are equally likely, we already know that a result of only 1’s has a probability of 1/6n . Having calculated this result, we can now ask for the probability that
we either have only even outcomes or all outcomes are 1. Since these two possibilities exclude one another, we can calculate the desired answer by summing the
separate probabilities.
1
1
+ n
n
2
6
We can also ask about conditional probabilities—the probability of an event
given that another has occurred. For instance, the probability that we have an outcome of all 2’s given that we know that all outcomes were even. Formally this is
P (all even or all 1) =
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normally written using a vertical bar; so P (all 2|all even). In some contexts, conditional probabilities can be quite confusing yet, in essence, the concept is quite
straightforward. Instead of considering the space of all possible outcomes, the conditional probability asks for the probability of an event based on a restricted subset
of all possible outcomes. So, in the example above, we are already given the information that the outcome was even and, based on that, we ask for the probability
that the outcome was 2. Another way to look at it is to ask for the probability of
obtaining the outcome 2 when all outcomes with odd numbers are discarded from
consideration. Formally, it can be calculated as follows:
P (all 2|all even) =

P (all 2 ∩ all even)
P (all even)

Here, the symbol ∩ means, essentially, that both events need to be true. Since “all
2” is a subset of “all even” the enumerator simply equals P (all 2). Altogether we
thus obtain the solution.
P (all 2)
1
= (2/6)n = n
P (all 2|all even) =
P (all even)
3
This result makes sense. If we assume a die consisting of 3 possible sides only
(only even numbers) then the probability for each outcome of the n trials would be
exactly 1/3n , just as we calculated above.

A.5.3 Probability Distributions
If we roll the die n times, what is the probability that we get an even number exactly
0 ≤ k ≤ n times? Here we do not care about whether the die gives us a 4 or a 6,
and we thus reduce the outcomes to purely binary values. As it turns out, we do not
need to worry about calculating this, as there is a pre-computed answer available:
The binomial distribution. If we roll the die exactly n times then the probability that
we get an even number exactly k times is given by:
 
n k
P (k) =
p (1 − p)n−k
k
 
The term nk is called the binomial coefficient and is defined as:
 
n .
n!
=
k!(n − k)!
k
.
The exclamation mark refers to the factorial function, i.e., k! = k · (k − 1) ·
(k − 2) · · · 1. The binomial coefficient has a specific meaning independent of the
binomial distribution. It gives the number of different ways to choose k items out
of a collection of n items. For example, assume we have a container with n distinct
balls and we randomly pick k of them. The binomial coefficient then tells us the
number of possible combinations of balls we end up with. For example, if each ball
has a number on it, how many possible combinations of numbers are there when we
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randomly select k balls (assuming we disregard the order in which the balls are selected). This finds an immediate application in lotteries. If there are n = 45 balls in
the container and each week k = 6 balls are drawn, then according to the binomial
coefficient there are altogether 8145060 possible combinations; the probability of
winning with a single ticket is the inverse of this number.
The binomial distribution is an example of a discrete probability distribution.
It can be applied whenever there is a series of events, each of which has just two
possible outcomes. An example is the flipping of a coin where the outcomes are
“head” or “tail”. In this case, both outcomes are equally likely and have a probability
of p = 0.5. In general, the probabilities of the two outcomes do not need to be equal,
although clearly they always need to sum to 1.
Our even/odd example of n rolls of the die is equivalent to n coin tosses. Each
roll event has a probability of p = 0.5 of returning an even number. Hence, if we
assume n = 20 and we want to know the probability that there will be exactly k = 18
outcomes with an even number, then we can calculate this as follows:
   18  2
20
1
1
P (18) =
≈ 0.000181198
18
2
2
Another distribution that is very important in biological modeling is the Poisson
distribution given by
mk exp(−m)
.
k!
Assume we have an event that happens m times per time unit, on average. The
Poisson distribution describes the probability of actually observing exactly k events
per time unit. For example, if somebody receives 10 emails per hour, on average,
then we can use the Poisson distribution to calculate the probability that this person
receives exactly 2 emails within the next hour by setting m = 10 and k = 2.
The best known probability distribution of all is the Gaussian distribution. Most
readers will be familiar with it, so we will only write it down for reference.


1
(x − m)2
g(x) = √
exp −
2σ 2
2πσ 2
P (k) =

Here σ 2 is the variance of the distribution and m is the mean. This is one of the
iconic and ubiquitous functions in science. The classical example of a Gaussian
distributed variable is the size of children in a school class. One of the reasons for
the omnipresence of the Gaussian is the central limit theorem which states that,
under a wide range of conditions, random processes consisting of a large number of
random variables will show Gaussian distributions.

A.5.4 Taylor Expansion
A technique that may be less well known to the reader, but is of high practical importance, is that of the Taylor expansion of a function at a particular point. The idea
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Fig. A.2 A Taylor expansion
of the function
f (x) = exp(x) to second
order around x0 = 0. The
approximation is compared
with the exact result

of a Taylor expansion is to approximate a function locally by a simpler (or more
convenient, or computationally cheaper) function. The accuracy of the approximation depends on the function itself, as well as the order of the Taylor expansion.
Assume a function f (x). The Taylor expansion of this function is then given by:
f (x) = f (x0 ) + f (1) (x0 )(x − x0 ) +
+

1 (2)
f (x0 )(x − x0 )2
2!

1 (3)
f (x0 )(x − x0 )3 + · · ·
3!

Here x0 is a point in the neighborhood of x and f (n) is the nth derivative of f . Often
x0 is chosen to be zero, but this is not a requirement. The Taylor approximation becomes successively better for each additional term. However, in practice, the series
is often truncated after the first order term, which sometimes still gives a good local
approximation.
As an example consider the second-order approximation of the exponential function
exp(x) ≈ ex0 + ex0 (x − x0 ) + 1/2ex0 (x − x0 )2
which is illustrated in Fig. A.2.
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