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Abstract—Creating a representation capable of generating
personal contact networks that are most likely to exhibit specific
epidemic behavior is difficult due to the inherit volatility of
an epidemic and the numerous parameters accompanying the
problem. To surpass these hurdles, evolutionary algorithms are
used to create a generative solution which generates personal
contact networks, modeling human populations, to satisfy the
epidemic duration and epidemic profile matching problems. This
representation is entitled the Local THADS-N representation.
Two new operators are added to the original THADS-N system,
and tested with a traditional parameter sweep and a parameter
selection method known as point packing on nine epidemic
profiles. Additionally, a new epidemic model is implemented
in order to allow for lost immunity within a population thus
increasing the length of an epidemic.

I. INTRODUCTION

This paper focuses on the ability to generate personal
contact networks, representing physical connections between
community members, which satisfy the problem being studied.
A personal contact network is an epidemic model in which an
epidemic spreads along the links of the network. The approach
of defining a generative solution to a test problem is known
as graph induction which has a variety of applications [9],
[12], [15]. The representation used within this paper is known
as the Local THADS-N generative representation; the test
problems explored here are maximizing epidemic duration [5]
and epidemic profile matching [7]. The representation will be
defined in detail in Section II.

A. Graph Theory

The personal contact network used in this work is imple-
mented as a combinatorial graph. Individuals are the vertices
of the graph and the connections between individuals are its
edges. The terms network and graph are used interchangeably
within this paper. A graph G is defined as a set of edges E and
vertices V and is denoted G(V,E). An edge is represented as
{p, q} in which p and q are vertices from V . Only undirected
graphs are used: infection can pass in either direction. A path
from vertex p to vertex q on graph G is a sequence of edges
from E which connect p and q. The distance from p to q is
the length of the shortest path which connects p and q.

B. The Model of Infection Used

The Susceptible-Infected-Removed (SIR) model of infection
[13] provides a simple model for the simulation of epidemics.
In this model the population is divided into three mutually

exclusive groups: those still able to be infected by the epidemic
are susceptible, those that currently have the epidemic are
infected, and those that were previously infected are removed
(due to immunity or death). An epidemic begins by choosing
one individual within the population to be infected, and then
the epidemic is permitted to spread along edges of the network.
An individual has a probability α of being infected by each ad-
jacent infected population member, calculated independently.
The epidemic disease lasts a single time step within an infected
individual after which they are no longer able to spread the
epidemic and now belong to the removed group. In contrast,
the Susceptible-Infected-Removed-Susceptible (SIRS) model
of infection adds the ability for an individual to lose immunity,
becoming susceptible again after being removed for a number
of time steps. This paper uses both the SIR and SIRS models.

C. Epidemic Duration (ED) Problem

The length of an epidemic is the number of time steps until
there are zero infected individuals within a population. The
epidemic duration (ED) problem [5] seeks to find graphs which
promote longer-lasting epidemics. Originally, this was deter-
mined by averaging the length of 50 simulated epidemics on a
candidate graph [3], [5]. In contrast, this paper uses one sample
epidemic to evaluate the fitness of a solution combined with
a selection method known as skeptical tournament selection,
detailed in Section III-A1, from [17].

D. Profile Matching (PM) Problem

Introduced in [7], epidemic profile matching begins with
defined epidemic behavior on a human population to determine
if networks likely to permit similar behavior, can be generated.
An epidemic profile is specified by the number of individuals
infected at each time step of an epidemic simulation. There is
no evidence to suggest that a particular network is ideal for
any given epidemic profile, therefore the goal of the epidemic
profile matching (PM) problem is to find networks likely to
generate behavior resembling the profile. The nine profiles
used to test this problem, from [7], are shown in Fig. 1.

E. Organization of Paper

Section II formally defines the Local THADS-N represen-
tation. Section III reviews the design of the experiments as
well as how parameters are obtained and their values. The
results from the experiments are presented and analyzed in
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Fig. 1. Epidemic profiles representing time step vs. number of infected
individuals during that time step.

Fig. 2. Initial graph with 128 vertices on which to apply the string of edge
operations. Each vertex has two edges to the two preceding nodes as well as
two edges to the two proceeding nodes in the ring.

Section IV. Lastly, Section V concludes the paper and presents
possibilities for future research.

II. THE LOCAL THADS-N REPRESENTATION

The Local THADS-N representation does not explicitly
provide a solution to a problem. Instead it provides a number
of edge-editing operations performed on an initial graph in
order to specify a solution to the problem. A generative
solution is chosen because it permits the inclusion of domain
information, such as a reasonable number of edges, in the
initial graph. It also permits evolution of graphs with a simple
linear structure, a list of editing commands represented as
integers applied to an initial graph. Some existing applications
of generative representations include [9], [12], [15] and evi-
dence of the effectiveness of generative solutions is shown in
[14]. The operations within this representation dictate changes
to the edge space of a graph. The initial graph in which
these strings of operations are applied is shown in Fig. 2.
This graph was chosen because previous research [5], [7]
has demonstrated that graphs having vertices with four or

five edges are desirable for the test problems. Other graph
topologies appear in previous work [1], [3], [5], [6], [8].

In [4] the first operation of the representation, edge swap,
was introduced as a potential universal operator for graph
induction. Edge swap was used because it was able to take an
initial personal contact network and change which members of
the population come into contact with each other. Additional
operations were added to the representation in [1], allowing
for the addition and deletion of connections; more recent work
has focused on adding local variants of the operations [8],
[10], [11]. Local operations are only applied to triples of
vertices for which any pair of the vertices are at a maximum
distance of two before and after the operation is applied.
Previous research has shown that local operations have great
potential for achieving the proper balance between exploration
and exploitation in the evolutionary algorithm.

A. Edge Operations from Existing Representation

Given a graph G(V,E) and the vertices p, q, r, and s from
the set V the existing operations are defined below.

• Toggle(p, q): If edge {p, q} is in E then remove {p, q}
from E, otherwise add {p, q} to E.

• Local Toggle(p, q, r): If edge {p, q} and {q, r} are in E
then Toggle(p, r).

• Hop(p, q, r): If edge {p, q} and {q, r} are in E and edge
{p, r} is not in E then remove edge {p, q} from E and
add edge {p, r} to E.

• Add(p, q): If {p, q} is not in E then add {p, q} to E,
otherwise do nothing.

• Delete(p, q): If {p, q} is in E then remove {p, q} from
E, otherwise do nothing.

• Swap(p, q, r, s): If {p, q} and {r, s} are the only edges
between p, q, r and s then remove {p, q} and {r, s} from
E and add {p, s} and {q, r} to E.

• Null(): Do nothing.

B. New Edge Operations to be Tested

Given a graph G(V,E) and vertices p, q, and r from V the
new operations examined in the current study are as follows:

• Local Add(p, q, r): If edge {p, q} and {q, r} are in E
then Add(p, r).

• Local Delete(p, q, r): If edge {p, q} and {q, r} are in E
then Delete(p, r).

The inclusion of these operations finalizes the study of local
variants of operations, and completes the list of all operations
in the Local THADS-N representation used in this paper.

III. EXPERIMENTAL DESIGN

The specifications for the four experiments in this study are
summarized in Table I.

A. Evolutionary Computation

A steady state evolutionary algorithm [16] is used to gen-
erate the strings of edge operations which correspond to a
solution. The variables with respect to system design were
determined empirically.



TABLE I
THE SPECIFICATIONS FOR THE FOUR EXPERIMENTS INCLUDED WITHIN THIS PAPER.

Exp. Model Fitness Function Tournament Selection Parameter Selection Parameter Sets Testing
A SIR Profile Matching Traditional Size 7 Parameter Sweep 26 New Local Add Edge Operation
B SIR Profile Matching Traditional Size 7 Parameter Sweep 26 New Local Delete Edge Operation
C SIR Profile Matching Traditional Size 7 Point Packing 90 Point Packing Parameter Selection
D SIRS Epidemic Length Skeptical Size 7 Point Packing 29 SIRS Model Compared to SIR

A population of 1000 chromosomes each containing a string
of 256 Local THADS-N edge operations is used. When a
single string of operations is applied to the 128-vertex graph
in Fig. 2 a candidate solution to the test problem is produced.
The chromosomes are initially generated at random based
upon the probabilities provided to each of the operations
via the program parameters. From there, the chromosomes
undergo 500,000 mating events, with statistical output being
recorded every 5,000 mating events for the population in the
ED problem. The PM problem uses 40,000 mating events with
output every 400 events as fitness calculation is much more
intensive. Each mating event consists of a round of tourna-
ment selection, crossover and mutation. Tournament selection
selects 7 chromosomes at random from the population. The
two chromosomes with the worst fitness are replaced with
copies of the two chromosomes with the best fitness. Next,
the two copies undergo two-point crossover, and mutation
occurs on 1-3 of the operations within that chromosome,
replacing them with new commands chosen by the same
probability distribution discussed above. The choice of 1-3
mutations is randomly determined with each choice being
equiprobable. Lastly, the fitness of the children is recalculated.
After evolution the candidate solution with the best fitness
from the whole population is saved. This process is repeated
30 times for each parameter setting (PS) being tested. In the
PM problem this is repeated on each of the nine epidemic
profiles in Fig. 1.

In order to determine which solutions should be favoured
for evolution two fitness functions are used. Both simulate epi-
demics on solutions in the form of personal contact networks.
In each epidemic the vertex with the lowest index, patient zero,
is marked infected and the epidemic is permitted to spread
along edges from vertex to vertex. These epidemics have
probability α = 50% of spreading to susceptible individuals
via edges in the graph; each of these probabilities is calculated
independently. It is important to note that this fitness measure
does not indicate the absolute quality of a network. Instead,
it measures the relative quality of a network, permitting
successive candidate solutions to converge to networks which
are more likely to create epidemics satisfying the problem.

1) Epidemic Duration Fitness (ED-Fitness): The ED prob-
lem calculates fitness by simulating a single epidemic on a
candidate solution. The length of the epidemic is measured as
the number of time steps until there are no infected individuals
within a population. This single sample epidemic is used to
estimate the fitness of a graph, implying that a mediocre
graph may attain a fitness value for this single epidemic

that is far greater than its mean fitness across epidemics.
To circumvent a scenario in which a solution is provided
undeserved reproductive rights skeptical tournament selection
is used. This modifies traditional tournament selection by
recalculating the fitness of the parents after a mating event.
This reduces the probability of reselecting a solution which
once had a sample fitness far above its average fitness, though
this situation will still occur. The use of skeptical tournament
selection has been shown to yield better solutions for the ED
problem [17], hence its use. Additionally, this process favours
graphs with less variance as solutions which are chosen for
reproduction with increased frequency also have their fitness
recalculated more frequently.

2) Profile Matching Fitness (PM-Fitness): The PM prob-
lem uses the fitness function from [17] which determines a
solution’s fitness by simulating 50 epidemics. By comparing
the number of infected individuals at each time step of each
epidemic with the expected number of infected individuals
the sum squared error (SSE) of a solution is calculated. The
50 SSE measurements are then sorted in increasing order
E1 ≤ E2 ≤ . . . ≤ En, which is used to determine the fitness
of a graph G in the form of a linearly weighted sum of the
measurements according to fit(G) =

∑n
i=1

Ei

i .
The SSEs are sorted, allowing for the fitness function to be

most impacted by simulated epidemics which most accurately
resemble the known epidemic profile being considered. In
order to provide a fitness value for a network which can be
compared to other networks the fitness is calculated, without
weighting, after execution.

B. Exp. A & B: Local Add and Delete on the PM Problem

In order to determine whether the addition of each of the
new operators is beneficial to the representation for the PM
problem a traditional parameter sweep was performed. In [17]
it is demonstrated that swap allowed for better performance
than hop for the PM problem. Additionally, [11] establishes
that, for most profiles, the best fitness was accomplished when
the probability of toggle and local toggle are approximately
equal. Therefore, the percentage for swap is zero for both
parameter sweeps. The proportion for local add is also set to
zero for the local delete parameter sweep, and vice-versa. The
PSs for Exp. A, looking at local add, are in Table II. The local
delete parameter sweep, for Exp. B, follows the same pattern
as local add, although the table is omitted due to page limits.

In both sweeps the first PS sets the proportions for original
add or delete and its local variant to zero while the other
operations, except swap, are given equal proportions. This
establishes a baseline for how the evolutionary algorithm



TABLE II
TRADITIONAL PARAMETER SWEEP FOR EXP. A ON THE PM PROBLEM.

THE SAME PATTERN IS REPEATED FOR EXP. B ON LOCAL DELETE.

PS Togg. Hop Add Del. Swap L-Togg. L-Add L-Del. Null
1 0.2000 0.2000 0.0000 0.2000 0.0000 0.2000 0.0000 0.0000 0.2000
2 0.1800 0.1800 0.1000 0.1800 0.0000 0.1800 0.0000 0.0000 0.1800
3 0.1800 0.1800 0.0750 0.1800 0.0000 0.1800 0.0250 0.0000 0.1800
4 0.1800 0.1800 0.0500 0.1800 0.0000 0.1800 0.0500 0.0000 0.1800
5 0.1800 0.1800 0.0250 0.1800 0.0000 0.1800 0.0750 0.0000 0.1800
6 0.1800 0.1800 0.0000 0.1800 0.0000 0.1800 0.1000 0.0000 0.1800
7 0.1600 0.1600 0.2000 0.1600 0.0000 0.1600 0.0000 0.0000 0.1600
8 0.1600 0.1600 0.1500 0.1600 0.0000 0.1600 0.0500 0.0000 0.1600
9 0.1600 0.1600 0.1000 0.1600 0.0000 0.1600 0.1000 0.0000 0.1600
10 0.1600 0.1600 0.0500 0.1600 0.0000 0.1600 0.1500 0.0000 0.1600
11 0.1600 0.1600 0.0000 0.1600 0.0000 0.1600 0.2000 0.0000 0.1600
12 0.1400 0.1400 0.3000 0.1400 0.0000 0.1400 0.0000 0.0000 0.1400
13 0.1400 0.1400 0.2250 0.1400 0.0000 0.1400 0.0750 0.0000 0.1400
14 0.1400 0.1400 0.1500 0.1400 0.0000 0.1400 0.1500 0.0000 0.1400
15 0.1400 0.1400 0.0750 0.1400 0.0000 0.1400 0.2250 0.0000 0.1400
16 0.1400 0.1400 0.0000 0.1400 0.0000 0.1400 0.3000 0.0000 0.1400
17 0.1200 0.1200 0.4000 0.1200 0.0000 0.1200 0.0000 0.0000 0.1200
18 0.1200 0.1200 0.3000 0.1200 0.0000 0.1200 0.1000 0.0000 0.1200
19 0.1200 0.1200 0.2000 0.1200 0.0000 0.1200 0.2000 0.0000 0.1200
20 0.1200 0.1200 0.1000 0.1200 0.0000 0.1200 0.3000 0.0000 0.1200
21 0.1200 0.1200 0.0000 0.1200 0.0000 0.1200 0.4000 0.0000 0.1200
22 0.1000 0.1000 0.5000 0.1000 0.0000 0.1000 0.0000 0.0000 0.1000
23 0.1000 0.1000 0.3750 0.1000 0.0000 0.1000 0.1250 0.0000 0.1000
24 0.1000 0.1000 0.2500 0.1000 0.0000 0.1000 0.2500 0.0000 0.1000
25 0.1000 0.1000 0.1250 0.1000 0.0000 0.1000 0.3750 0.0000 0.1000
26 0.1000 0.1000 0.0000 0.1000 0.0000 0.1000 0.5000 0.0000 0.1000

performs without any add or delete. The rest of the PSs are
divided into five sets of five PSs each. The PS of the first set
for both the add and delete parameter sweeps assigns 0.1 to
add or delete and zero to their new variants. The remaining
0.9 is evenly divided by the other operations as in PS 1.
Each successive PS within the set transfers a portion of the
probability of the original operation to its local variant. The
remaining sets perform the same operation with a greater
proportion being shared by the two operations being compared.
This allows for the performance of the original operation to
be directly compared to its local variant.

C. Exp. C: Point Packing on the PM Problem

A notable concern when implementing evolutionary algo-
rithms is how to appropriately set the numerous parameters
fundamental to this type of problem. A popular method to
determine suitable parameters is for a researcher to perform
pragmatic preliminary experimentation with various PSs. Al-
ternatively, parameters can be chosen based upon appropriate
ranges, altered one at a time to determine that parameter’s
impact on the ability of the algorithm to find optimal solutions.
A full factorial exploration of the parameter space is also an
option, as evolutionary algorithms commonly interact in a non-
linear manner.

The representation used in this research has nine parameters,
namely the probabilities associated with each of the Local
THADS-N editing operations. A full factorial exploration
would grow as the eighth power of the sampling density
as the nine probabilities must sum to one, removing one of
the degrees of freedom. Anything less than a full factorial
exploration allows for an optimal parameter setting to never
be discovered.

In order to overcome this problem point packing is used.
Both point packing [2] and the full factorial approach result
in a set of points throughout the parameter space, where each
point is a PS. However the point packing implementation will

TABLE III
PARAMETER SETTINGS (PS) FROM POINT PACKING WITH MINIMUM

DISTANCE OF 0.35 TO BE USED FOR EXP. C.

PS Togg. Hop Add Del. Swap L-Togg. L-Add L-Del. Null
1 0.0013 0.0145 0.0374 0.0133 0.4139 0.0281 0.0107 0.2846 0.1962
2 0.5210 0.0096 0.0283 0.3316 0.0237 0.0135 0.0056 0.0218 0.0449
3 0.2528 0.0142 0.0087 0.2138 0.0021 0.2267 0.2228 0.0079 0.0509
4 0.0042 0.5606 0.0094 0.0055 0.0598 0.0113 0.0292 0.0308 0.2892
5 0.3876 0.1348 0.0250 0.0104 0.0315 0.3750 0.0085 0.0056 0.0216
6 0.0082 0.0335 0.0254 0.1409 0.2295 0.0279 0.2669 0.2420 0.0257
7 0.0317 0.0007 0.2116 0.0121 0.2291 0.1894 0.0018 0.0048 0.3187
8 0.2170 0.1965 0.0209 0.2728 0.0657 0.0031 0.0019 0.2111 0.0111
9 0.0024 0.0036 0.0074 0.0009 0.4092 0.0604 0.4846 0.0248 0.0067
10 0.0339 0.0322 0.0159 0.0004 0.0409 0.0076 0.2603 0.0036 0.6052
11 0.3136 0.0257 0.2158 0.0245 0.0005 0.0016 0.0086 0.2082 0.2015
12 0.0192 0.0322 0.4278 0.0307 0.0187 0.0531 0.1712 0.0262 0.2210
13 0.0095 0.0195 0.1936 0.2307 0.0364 0.0445 0.0129 0.2488 0.2041
14 0.0052 0.0221 0.0088 0.5403 0.3377 0.0586 0.0021 0.0058 0.0194
15 0.0026 0.4736 0.0142 0.0152 0.3205 0.1318 0.0097 0.0166 0.0158
16 0.0183 0.0171 0.1063 0.0335 0.2484 0.0033 0.2818 0.0195 0.2719
17 0.1827 0.2299 0.0068 0.0141 0.2395 0.1041 0.0219 0.0036 0.1974
18 0.1624 0.2728 0.2574 0.0020 0.0054 0.0113 0.0139 0.0169 0.2580
19 0.0703 0.0521 0.4787 0.0139 0.3289 0.0017 0.0152 0.0122 0.0272
20 0.2470 0.0190 0.2148 0.1066 0.1674 0.1864 0.0047 0.0193 0.0347
21 0.0383 0.4753 0.0165 0.0204 0.0139 0.0106 0.3416 0.0345 0.0488
22 0.0181 0.0288 0.0008 0.0302 0.4775 0.3370 0.0125 0.0380 0.0571
23 0.0100 0.0289 0.0168 0.3018 0.0063 0.2717 0.0456 0.0284 0.2906
24 0.3227 0.4718 0.0221 0.0598 0.0086 0.0053 0.0010 0.0227 0.0861
25 0.0630 0.0131 0.0320 0.0003 0.0186 0.0022 0.0079 0.2790 0.5839
26 0.0056 0.0016 0.0133 0.0032 0.0272 0.0177 0.8115 0.0214 0.0985
27 0.0097 0.0311 0.0641 0.0184 0.0068 0.2727 0.2621 0.0303 0.3048
28 0.4752 0.0075 0.0069 0.0940 0.0019 0.0125 0.0031 0.3606 0.0382
29 0.3052 0.0039 0.0032 0.0068 0.0029 0.0142 0.0051 0.0204 0.6381
30 0.7537 0.0097 0.0551 0.0129 0.0286 0.0310 0.0255 0.0437 0.0398
31 0.0299 0.0521 0.2231 0.0091 0.2253 0.0000 0.0063 0.4334 0.0209
32 0.1499 0.0108 0.2576 0.2280 0.0384 0.0043 0.2632 0.0144 0.0333
33 0.2713 0.0041 0.0133 0.0129 0.0311 0.0446 0.5675 0.0068 0.0484
34 0.0052 0.5016 0.0216 0.0649 0.0003 0.3428 0.0086 0.0029 0.0520
35 0.0122 0.0562 0.0077 0.8188 0.0215 0.0182 0.0159 0.0105 0.0390
36 0.0200 0.0163 0.3498 0.0067 0.0303 0.0047 0.0019 0.0127 0.5575
37 0.0014 0.0037 0.0153 0.2139 0.0052 0.5059 0.1873 0.0102 0.0571
38 0.2625 0.0753 0.0296 0.0183 0.2670 0.0223 0.2740 0.0269 0.0241
39 0.0474 0.0448 0.0220 0.0186 0.8183 0.0039 0.0208 0.0053 0.0189
40 0.0171 0.0612 0.0321 0.0082 0.0000 0.4944 0.0092 0.3120 0.0657
41 0.2067 0.0029 0.0122 0.2816 0.2316 0.0215 0.0919 0.0122 0.1396
42 0.0178 0.0342 0.0395 0.0172 0.1119 0.5079 0.0029 0.0152 0.2532
43 0.2574 0.1292 0.0079 0.0056 0.0002 0.0042 0.1834 0.0700 0.3422
44 0.0110 0.0630 0.4820 0.0419 0.0261 0.3131 0.0071 0.0381 0.0178
45 0.0267 0.2889 0.0032 0.5082 0.0014 0.0146 0.0687 0.0600 0.0284
46 0.0301 0.0301 0.0071 0.4044 0.0573 0.0039 0.4091 0.0301 0.0278
47 0.0569 0.3108 0.4790 0.0358 0.0080 0.0128 0.0154 0.0723 0.0091
48 0.0333 0.2106 0.0077 0.0519 0.1585 0.3089 0.1942 0.0064 0.0284
49 0.0044 0.0419 0.0082 0.0149 0.0135 0.3141 0.5054 0.0366 0.0611
50 0.0009 0.2389 0.0057 0.0289 0.0257 0.0015 0.2376 0.2397 0.2211
51 0.0821 0.0058 0.4506 0.0577 0.0032 0.0217 0.0515 0.2980 0.0292
52 0.2732 0.0203 0.0281 0.0283 0.0088 0.2954 0.0009 0.0059 0.3392
53 0.0111 0.0214 0.0174 0.0152 0.0125 0.0001 0.0086 0.8152 0.0985
54 0.0002 0.0537 0.0158 0.0841 0.0350 0.2202 0.0004 0.5641 0.0266
55 0.5538 0.0226 0.0153 0.0031 0.3259 0.0139 0.0196 0.0206 0.0251
56 0.0023 0.0460 0.0106 0.0162 0.0154 0.2868 0.0075 0.2704 0.3448
57 0.0104 0.2906 0.2388 0.0064 0.2286 0.0055 0.1638 0.0217 0.0342
58 0.2768 0.0041 0.0092 0.0202 0.0046 0.1133 0.2531 0.2810 0.0376
59 0.0972 0.0064 0.0078 0.4710 0.0035 0.3930 0.0006 0.0134 0.0071
60 0.0358 0.2520 0.1084 0.2817 0.0025 0.2724 0.0053 0.0122 0.0297
61 0.0049 0.0111 0.2527 0.0003 0.3048 0.2133 0.1832 0.0089 0.0208
62 0.0026 0.0376 0.0401 0.2856 0.2110 0.2173 0.0020 0.1825 0.0213
63 0.0046 0.0398 0.1853 0.1300 0.5136 0.0400 0.0105 0.0448 0.0315
64 0.0033 0.0145 0.0048 0.0262 0.0018 0.0256 0.5288 0.0175 0.3774
65 0.0309 0.0066 0.0121 0.0100 0.0148 0.8240 0.0210 0.0067 0.0741
66 0.1586 0.0047 0.1787 0.5368 0.0212 0.0412 0.0020 0.0258 0.0310
67 0.0056 0.0219 0.0177 0.4372 0.0255 0.0147 0.0105 0.4473 0.0196
68 0.0266 0.0188 0.0029 0.0033 0.0665 0.0211 0.0054 0.0002 0.8552
69 0.0156 0.4267 0.0049 0.0292 0.0319 0.0105 0.0206 0.4256 0.0348
70 0.0072 0.5227 0.0999 0.2535 0.0055 0.0030 0.0690 0.0017 0.0373
71 0.0089 0.0002 0.3233 0.0183 0.0020 0.0128 0.4968 0.0249 0.1128
72 0.0141 0.0061 0.0105 0.0114 0.3714 0.0008 0.0136 0.0481 0.5239
73 0.0075 0.2373 0.2009 0.0070 0.0483 0.2103 0.0316 0.2377 0.0194
74 0.3296 0.0009 0.4767 0.0360 0.0263 0.0369 0.0111 0.0012 0.0811
75 0.4925 0.0061 0.0120 0.0517 0.0083 0.0052 0.2846 0.0127 0.1268
76 0.0424 0.0519 0.0112 0.5233 0.0174 0.0070 0.0099 0.0096 0.3273
77 0.2812 0.0270 0.0030 0.0538 0.2586 0.0951 0.0031 0.2592 0.0191
78 0.0046 0.1773 0.0649 0.0990 0.1194 0.0323 0.4604 0.0056 0.0365
79 0.0481 0.3252 0.0009 0.0203 0.0009 0.0301 0.0230 0.0085 0.5430
80 0.0071 0.0223 0.0159 0.0048 0.0002 0.3492 0.0003 0.0201 0.5801
81 0.0197 0.0795 0.7238 0.0001 0.0481 0.0175 0.0393 0.0038 0.0684
82 0.0164 0.7935 0.0291 0.0074 0.0499 0.0299 0.0308 0.0329 0.0100
83 0.0084 0.0159 0.0323 0.0172 0.0021 0.0046 0.4702 0.3775 0.0718
84 0.0586 0.0304 0.4598 0.3598 0.0204 0.0155 0.0272 0.0107 0.0175
85 0.0200 0.0130 0.0721 0.2606 0.0071 0.0326 0.0052 0.0484 0.5409
86 0.0876 0.0420 0.0108 0.0061 0.0690 0.0213 0.0032 0.4764 0.2836
87 0.2740 0.0123 0.0136 0.0024 0.5226 0.0142 0.0491 0.0042 0.1075
88 0.0017 0.2278 0.1060 0.2606 0.0284 0.0043 0.1286 0.0060 0.2365
89 0.5255 0.0053 0.0375 0.0014 0.0560 0.0315 0.0056 0.0120 0.3252
90 0.4981 0.2045 0.2272 0.0210 0.0135 0.0170 0.0013 0.0026 0.0147



result in far fewer points while still performing a thorough
exploration of the parameter space. The point packing also al-
lows the researcher to set the minimum spacing between points
in the parameter space which determines the number of PSs to
be tested. Obviously, the number of PSs tested correlates with
the degree to which the parameter space is explored but with
a greater cost to run more PSs. In determining a method to
select PSs for this study point packing was the most similar
to that of a full factorial exploration, but the full factorial’s
costs grow much faster than those of point packing. Point
packing includes many of the same benefits of a full factorial
design, namely: thorough exploration of the parameter space
and objective design removing any bias the researcher may
have. It achieves this with far fewer points than a fixed grid.

Recall that the point packing is being used as a tool to
generate PSs for use in Exp. C. The point packing algorithm
uses Conway’s Lexicode Algorithm, shown in Algorithm 1,
to generate the initial population of PSs and as the variation
operator used in the evolutionary algorithm; see further details
in [2]. To run this algorithm, a researcher must choose a
value for the minimum allowable distance between PSs. The
minimum distance used here is 0.35 which returned 81-90 PSs,
as found in Table III. This minimum distance was chosen at
it allowed testing of a reasonably larger number of PSs than
had been previously used for point packing.

Algorithm 1. Conway’s Lexicode Algorithm

Input: a set S of points in some order.
a minimum distance δ.

Output: a subset T of S with minimum distance δ.

Details:
Initialize T to be empty.
Traversing S in order,
Add a point from S to T if its distance

from the current members of T is at least δ.
Return(T )

Evolutionary algorithms use crossover to capitalize on solu-
tions that have the best fitness while using mutation to intro-
duce enough randomness to avoid locally maximal solutions.
In contrast, the evolutionary algorithm used to achieve a point
packing with the most points uses one variation operation:
Conway Crossover Operator (CCO). This operator first selects
two collections of PSs and combines these sets into one set.
From there, twenty new PSs are generated randomly and they
are added to the combined set. This set is then shuffled,
and a new collection of PSs obeying the minimum distance
between points is generated using Algorithm 1. This process
accomplishes both crossover, by combining two collections,
and mutation, by introducing randomly generated PSs.

The algorithm that evolves point packings of PSs uses a
population of 4000 collections of PSs. Each mating event
randomly chooses three members of the population and the
two with the largest collection of points are subjected to CCO

TABLE IV
PARAMETER SETTINGS (PS) FROM POINT PACKING WITH MINIMUM

DISTANCE OF 0.535 TO EXPLORE SIR(S) ON EXP. D.

PS Togg. Hop Add Del. Swap L-Togg. L-Add L-Del. Null
1 0.0312 0.3528 0.2545 0.2835 0.0065 0.0151 0.0011 0.0324 0.0229
2 0.3988 0.0250 0.4167 0.0122 0.0380 0.0016 0.0325 0.0569 0.0182
3 0.0107 0.0358 0.7801 0.0243 0.0614 0.0563 0.0130 0.0057 0.0128
4 0.0438 0.0188 0.0281 0.0499 0.0003 0.4322 0.0051 0.0170 0.4047
5 0.0085 0.0104 0.0232 0.0177 0.4035 0.0008 0.0613 0.4326 0.0421
6 0.7592 0.0305 0.0024 0.0060 0.0068 0.0344 0.0106 0.1176 0.0326
7 0.0122 0.0196 0.3838 0.0942 0.0070 0.0067 0.0303 0.0173 0.4288
8 0.0020 0.0727 0.0010 0.0435 0.0355 0.0123 0.7946 0.0201 0.0184
9 0.0073 0.0261 0.3406 0.0015 0.0195 0.3741 0.0077 0.2037 0.0195
10 0.4303 0.0847 0.0105 0.0086 0.4158 0.0042 0.0025 0.0208 0.0226
11 0.0108 0.0072 0.0030 0.0617 0.4359 0.0010 0.0129 0.0223 0.4451
12 0.3682 0.0191 0.0319 0.3670 0.0191 0.1107 0.0127 0.0466 0.0247
13 0.0199 0.0032 0.3243 0.1881 0.3991 0.0012 0.0262 0.0269 0.0110
14 0.0180 0.0491 0.0002 0.7646 0.0277 0.0174 0.0661 0.0047 0.0522
15 0.0334 0.4149 0.0113 0.0005 0.0323 0.4130 0.0213 0.0373 0.0360
16 0.0129 0.3896 0.0193 0.0034 0.0038 0.0001 0.1483 0.4096 0.0130
17 0.0093 0.0211 0.0098 0.0020 0.8084 0.0532 0.0000 0.0519 0.0442
18 0.0341 0.0192 0.0044 0.2095 0.0586 0.3328 0.3233 0.0047 0.0134
19 0.0531 0.7894 0.0394 0.0261 0.0114 0.0203 0.0150 0.0164 0.0289
20 0.0038 0.0457 0.4066 0.0768 0.0226 0.0061 0.3952 0.0268 0.0164
21 0.0032 0.3982 0.0129 0.0426 0.0336 0.0115 0.0070 0.0539 0.4371
22 0.0259 0.0140 0.0032 0.2220 0.0056 0.0160 0.0203 0.3623 0.3308
23 0.0053 0.0229 0.0372 0.0192 0.0110 0.0134 0.0435 0.0045 0.8430
24 0.0176 0.3765 0.0125 0.0156 0.3637 0.0094 0.1757 0.0099 0.0190
25 0.3572 0.2016 0.0045 0.0079 0.0026 0.0088 0.3556 0.0510 0.0109
26 0.0027 0.0091 0.0011 0.0628 0.0071 0.8545 0.0484 0.0028 0.0115
27 0.0038 0.0156 0.0221 0.0021 0.0285 0.0267 0.4183 0.0396 0.4432
28 0.0265 0.0456 0.0144 0.0109 0.0179 0.0102 0.0087 0.7966 0.0691
29 0.4238 0.0343 0.0021 0.0319 0.0021 0.0066 0.0487 0.0037 0.4469

and the newly generated collection replaces the collection with
the least number of points. Thirty runs are conducted, each
comprised of 1,000,000 mating events. The run that produces
a collection with the most PSs is chosen for the experiment
because if there are more points obeying the minimum distance
in a set space then the space is the best explored using that
largest collection of points.

D. Exp. D: The SIRS Model on the ED Problem

The ED problem was reintroduced to this body of research
to determine the impact on the representation from the new
operations added since [17]. This addition also allows for
a natural introduction of the SIRS epidemic model as the
change will ultimately increase the length of epidemics. Now
an epidemic has the potential to last indefinitely, although
this did not happen for any epidemics simulated within this
paper. To explore both of these additions a small point packing,
using the process from Section III-C, was conducted with a
minimum distance of 0.535 (see Table IV). This distance was
chosen as it produced a similar number of PSs as in Section
III-B. To explore the impact of the SIRS model compared
to the SIR model, the number of time steps during which an
individual remains removed was set to 6, 8, and 10. Therefore,
the four different environments used to test the ED problem
are SIR, SIRS 6, SIRS 8, and SIRS 10.

IV. RESULTS AND DISCUSSION

A brief summary of the results from the four experiments
are provided in Table V. Each of these are discussed in more
detail in the following sections.

A. Exp. A: Local Add on PM Problem

Box and whisker plots of the fitness values achieved in
each of the 26 PSs for testing local add against the original
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Fig. 3. Box and whisker plots of the 30 PM-Fitness results from Exp. A.
Vertical lines added to aid readability and coincide with horizontal lines in
Table II. Lower fitness is better.

implementation are displayed within Fig. 3. For most profiles
there is an obvious skew towards a lower, or better, fitness
value as the overall use of add increases regardless of the
variant of add in question. Furthermore, most profiles benefit
from the replacement of add with local add. This phenomena is
most obvious in profiles 5, 6, and 7. In contrast, profile 8 does
not follow the trend observed in the other profiles. This fact
is most evident in PS 22 to 26 where there is a upward trend
as the use of add is replaced with local add. A caveat to these
findings is that these are slight trends in that the confidence
intervals of all PSs within a given profile overlap. These
findings correlate with those found in [11] where local toggle
performed better on all profiles except profile 8. This provides
further evidence that better performance may be achieved if
parameters are tuned on a per-profile basis.

B. Exp. B: Local Delete on PM Problem

Box and whisker plots of the fitness values achieved in
each of the 26 PSs for testing local delete against the original
implementation are displayed within Fig. IV-A. All the profiles
show a decline in performance as the overall use of delete
increases regardless of variant. Additionally, the replacement
of delete with its local variant results in worse fitness for most
profiles. This trend is seen most apparently in profiles 4, 5, 6
and 7. With local delete, all profiles receive decreased fitness
as delete is replaced with its local variant. The confidence
intervals for each of the PSs on a given profile mostly overlap

TABLE V
A BRIEF SUMMARY OF RESULTS FROM THE FOUR EXPERIMENTS.

Exp. Testing Summary of Findings
A Local Add Better fitness on all but profile 8
B Local Delete Worse fitness on all profiles
C Point Packing Best fitness values on all profiles
D SIRS Model Longer, more volatile epidemics

Fig. 4. Box and whisker plots of the 30 PM-Fitness results from Exp. B.
Vertical lines added to aid readability. Lower fitness is better.

in a similar fashion to the local add results demonstrating that
the trends observed are minor.

C. Exp. C: Point Packing on PM Problem

The results from the different profiles used provides ad-
equate evidence to suggest that some profiles are impacted
significantly by the choice of parameters while others exhibit
better consistency regardless of PS. For example, looking at
the results for profiles 7 and 8 in Fig. 5 the same PSs resulted
in a fitness range of 8.96-39.68 in profile 7 while in profile 8
the range was 6.57-9.14. These results point to the previous
observation that performance of the evolutionary algorithm is
significantly impacted by the profile being used to perform the
evolutionary algorithm. Additionally, some PSs have desirable
results on some profiles while at the same time have horrible
results on other profiles. This is most notably observed in PSs
30, 74, 81, and 90. It is also worth noting that the point
packing parameter exploration returned PSs which resulted
in fitness values far better than all those observed in both
traditional parameter sweeps for all the profiles. Additionally,
these fitness values obtained are of statistical significance since
for all of the profiles, there is no overlap in the confidence
intervals.

To provide additional insight Fig. 6 provides a plot of the
best, worst and median rank achieved by each of the 90 point
packing PSs, sorted by median. This figure clearly demon-
strates that there are PSs that perform well on all epidemic
profiles used within this study. The three best PSs, namely 26,
33 and 71, all have large probabilities associated with the local
version of the add operator. The proportions assigned to local
add for those three PSs are 81%, 57%, and 50% respectively.
This provides further evidence to suggest that the local add
operator is superior to the original implementation.



Fig. 5. Box and whisker plots of the 30 PM-Fitness results for the 90 paramater setting in Exp. C. Vertical lines added to aid readability and coincide with
horizontal lines in Table IV. Lower fitness is better.

Fig. 6. Best, median and worst rank achieved from all nine profiles in Exp.
C for each of the point packing PSs using PM-fitness, sorted by increasing
median. Lower rank is better.

D. Exp. D: SIRS Model on ED Problem

The ED-Fitness values, with 95% confidence interval, for
the 29 PSs can be found in Fig. 7. PSs 20, 23, and 27 yield
good results across the four environments used for testing. PS
20 consisted of mainly add and local add; it is common for a
point packing to include an PS exhibiting these characteristics
to be among the best PSs, regardless of problem, see [11]. Both
PSs 23 and 27 have large amounts of null probability with PS
27 also having a significant portion attributed to local add.
This could indicate that a graph closer to the starting graph
provides better fitness for the ED problem. PSs 2, 3, and 6

(a) Box and whisker plots of the 30 ED-Fitness results.

(b) The mean ED-Fitness with 95% confidence interval.

Fig. 7. Results from Exp. D within the four environments: SIR, SIR 6, SIR
8, and SIR 10. Vertical lines added to aid readability and coincide with the
horizontal lines in Table IV. Higher fitness is better.

all performed poorly across the environments. These PSs were
dominated by the toggle and/or add operations, each providing
more than 75% of the proportion to toggle and add combined.
An interesting observation for the SIRS 6 series in Fig. 7(b) is



that the standard deviation is closely correlated with the overall
performance of a PS. This is true for all PSs in the SIRS 6
environment other than PS 3, which is dominated by the add
operation. Also, PS 8 performs remarkably with the highest
mean epidemic duration of 483 time steps and the best fitness
of 939 time steps, a value 235 above any network found by any
other PS. In contrast, PS 8 has sub-optimal results for SIRS
8 and SIRS 10. PS 8 also consistently has a large standard
deviation compared to the other PSs in all environments.

Regardless of PS there are clear trends moving from the
SIR model towards the SIRS 10, 8, and 6 models. Firstly,
the standard deviation elevates dramatically, ranging between
1.40-3.55 in the SIR model to 44.3-115.5 with SIRS 6.
This means the ability for a PS to result in stable network
behaviour between multiple epidemic simulations is impacted
greatly. Secondly, as expected the ability for individuals to
be susceptible a second time has dramatically increased the
length of epidemics observed. The average epidemic length
progressed from 40.4, to 114.6, 183.2, and finally 361.2.
This value will increase to the point of epidemics which last
infinitely long due to the definition used for epidemic length
in this paper and the permission of cycles within the graph.

V. CONCLUSIONS AND FUTURE WORK

The findings of this paper as well as [1], [17] and [11]
indicate that three of the four new local operators resulted
in better fitness for all nine epidemic profiles. Therefore,
moving forward there is strong evidence to suggest that the
hop, local toggle, and local add operations belong within the
generative representation discussed in this paper. The local
delete operation can be kept for completeness though should
be set to 0% when performing traditional parameter sweeps.

The point packing method for selecting parameters con-
tinues to provide ample evidence as to how it consistently
finds PSs which have a greater ability to explore more of
the parameter space. This exploration has resulted in the best
fitness values found on all of the epidemic profiles. Addition-
ally, the point packing approach does not require anything
other than for the researcher to set a minimum acceptable
distance between points. These benefits come with a method
for parameter selection that works to remove researcher bias
or the need for background information on the problem. This
is especially true when considering that the same parameter
set can have drastically different results across environments.
Without using a point packing it is likely that any set of
parameters chosen in traditional ways will not explore enough
of the parameter space.

The inclusion of the SIRS model is the first of many possi-
bilities when it comes to exploring more complex epidemic
models. More research should be conducted into potential
patterns between a PSs ability to generate successful networks
within various epidemic environments. Additionally, ways to
reduce the volatility present within the longer lasting epi-
demics associated with the SIRS model should be developed.
This relates closely to the continued goal of reducing the

complexity of the evolutionary algorithm utilized within this
paper to allow for better scalability.

Other modifications could include expansions to the epi-
demic models used here. For example, the graphs could use di-
rected edges, or the probability of infection could be modelled
by using weighted edges. Furthermore, the representation can
be applied to new graph-evolution problems which may solve
problems in new and interesting domains. Lastly, this model
could be tested against real-world data sets from historical
epidemics or outbreaks on campuses, in hospitals or between
communities for which data has been recorded and is available.
Endless possibilities exist for the expansion of this generative
representation.
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