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ABSTRACT

Marital infidelity is usually examined solely in terms of strategies of men and women, with an emphasis
on the enhanced payoff for male infidelity (provided he can get away with it). What are not clear are the
strategies used, in terms of how often to engage in extra-marital affairs. It has been proposed that female
strategies are governed by a “decision” to maximize the genetic diversity of her offspring, in order to better
guarantee that at least some will survive against a common pathogen. This strategy would then impact on the
strategies and diversity of pathogens. I make a number of predictions about both strategies and the genetic
diversity of humans and pathogens, couched in game-theoretic terms. These predictions are then compared
with the existing evidence on the strategies used by women and also in terms of the genetic diversity of human
populations.
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1. INTRODUCTION

There is a wealth of evidence from the natural world that environmental influences, including pathogens, can
affect mating strategies in both plants and animals.1–3 In particular, in some species it is clear that the
members of that species can adapt their mating strategy to ensure a more-diverse set of children, who are
thus better able to cope with a range of pathogens. The reason that they are better able to cope (as a set) is
that there is simply more chance that they have some mutation (through crossover) which confers a selective
advantage in being able to fight off infections against a set of pathogens. Although there are several models of
influence of host contact networks on pathogen diversity,4–6 there are none (to the authors knowledge) that
combine host mating strategy with effect on pathogen diversity.

In this work, I test the hypothesis that pathogens have an effect on genes governing human mating behavior,
and that this has feedback into pathogenic diversity. In particular, that human mating behaviour has an
effect on pathogen diversity. This synergistic behavior is typical of complex systems, where the behaviour
of individuals results in nonlinear aggregate “emergent” behaviours. The feedback cycle that I am exploring
is that mating strategy influences the human population genetic diversity that the viruses have to target to
survive, and this resulting viral population then imposes selection pressure on the human population, including
genes for mating strategy. In previous work I studied human sexual contact networks with a spread of viruses,
and a spread of viruses and mutable ideas in separate work. This work combines those two topics to explore
this particular hypothesis.

I considered that humans have a gene “for” infidelity. When I (and others, like Dawkins,7 talk of a gene
being“for”something, I am saying, all other things (including other genes) being equal, that this gene influences
behaviour through different types (or chemical concentration) of a protein. This is a gene for some human
behavior, whether it be mating strategy or homosexuality, is only true in a statistical sense.8 In my model I
have the behavior set in a deterministic sense (which would assume a very high probability that a gene for
infidelity would have an effect on mating strategy).

It is also important to remember that along with genes, cultural and family background also play a large
role in determining behaviour. The culture also sets up societal systems for taking care. Women face a number

Send correspondence to Matthew Berryman
E-mail: matthew@berrymanconsulting.com, Telephone: +61 4 1345 8594

Complexity and Nonlinear Dynamics, edited by Axel Bender, Proc. of SPIE
Vol. 6417, 64170D, (2006) · 0277-786X/06/$15 · doi: 10.1117/12.695979

Proc. of SPIE Vol. 6417  64170D-1



of tradeoffs in selecting mates, both for the long term and short term9,10 and these are highly dependent on
culture, although it should be noted that some of these are also faced by females across the animal kingdom.
This assumes a society in which women are the predominant child raisers. If she can stay in a monogamous
relationship, or “get away” with cheating and still have a husband around, then this is “better” than if she
doesn’t have a husband around. On the other hand, a male benefits his genes more and more, the more he is
unfaithful, since the women will be raising his children. So it is not surprising that a mixed strategy (which
doesn’t have to be used exclusively for a whole lifetime, although I simplified my simulation by doing that)
typically arises in which there are some (women) who remain in semi-monogamous relationships, but there is
a population of (mostly) men who cheat a lot. This whole model ignores emotions, but then in evolutionary
terms, the emotions don’t matter much here, since they mainly occur after children have already been raised.
Thus we expect nature to not really care either way if people get hurt.

In evolutionary game theory terms we then find that good solutions spread through a population: even if
they confer a slight advantage, then over time they will spread. In the following section I detail the particular
method that I use to study the spread of genes in co-evolving human and viral populations. I attempt to
answer the following questions about this co-evolution:

• Do pathogens affect mating strategy in human populations?

• Does the pattern of crossover alter human response to viral populations? Crossover simply refers to the
pattern of selecting parts of one chromosome to combine with another.

• Do the rates of mutation effect the co-evolution?

• Do the number of viruses effect the co-evolution?

• Does the step ratio of virus generations to human generations effect the co-evolution?

2. METHODS

In the following subsections I discuss the way in which I represent both humans and viruses in my model, the
algorithm and parameters for co-evolution that I use, and briefly mention tools used in analysing the data in
preparation for graphing the results.

2.1. Representation

To represent chromosomes, in order to model both the types of behavior that humans use and the response
of different human phenotypes to different viral strains, I treat the chromosomes as bit vectors. Both human
chromosomes and viral chromosomes were 7 bits long. Humans also have a gender, which is represented by a
separate bit. A score on the lethality of each virus going through the human population could thus be given
as 7−hd (x,y) where x and y are the bit vectors for humans and viruses respectively, and hd is the Hamming
distance between the two (argument) strings. Thus this score is determined by the number of bits the two
chromosomes have in common. This score also works in reverse to determine the human fitness. Since gender
is excluded from the human chromosome representation, I am thus not considering viruses with gender-specific
lethality like some strains of the human papilloma virus.

The first two bits of the human chromosome are used to determine the phenotype of mating behavior of
the human as follows in Table 1. The genotype, or bit pattern of those two bits uses a zero to represent the
non-cheating form of the gene, and 1 the mutant form. The monogamous type is fairly clear: they haven’t got
any copies of the gene for cheating, so they remain totally faithful to their partner (even if their partner cheats
on them). People who are heterozygotes, that is, they have only one copy of the non-cheating form, thus cheat
around only some of the time. The plays around phenotype is thus when a person remains in a long-term
relationship, but has a “bit on the side”. If a person has two copies of the gene, then they have the serial
cheater phenotype, and never have a long-term relationship, just a series of flings. A child must have a mother
who is in a long-term relationship, in order that the child has some source of resources. I am thus modeling a
society like my own in which women are normally the primary care-givers, and men are often absolved of their
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Table 1. This table shows the mapping between genotype (bits 0 and 1 of the 7 bit chromosome for humans) and the
phenotype. A zero denotes a copy of the monogamous/non-cheating form of the gene, and a one denotes the cheating
form of the gene. Heterozygotes (those with both forms) hold down a long-term relationship with some cheating, thus
a mix of the other two extreme strategies.

bit pattern (genotype) phenotype
(0,0) monogamous

(0,1) or (0,1) plays around
(1,0) serial cheater

responsibilities. Symmetry breaking is ubiquitous in dividing the responsibility between parents, but there is
no a priori reason that it must be the female that gets the primary care role. In the following subsection I
discuss what all of these phenotypes mean in terms of the children that are produced and supported, and thus
can co-evolve with the viruses.

2.2. Algorithm

The main loop of the program, which ones run generation of human evolution, is as follows. It is similar to
standard evolutionary algorithms. Note that the evolution of viruses occurs at a much faster rate than the
human rate, it occurs at a fixed ratio, as a sub-loop of the main program loop. I have fixed population sizes
of nh for humans and nv for viruses, and these are initialized at random, and at each step, when selection
occurs, I keep only the top nh humans and nv viruses at each generation of humans.

1. Partner up females with males, after randomizing the lists, up to the maximum allowed for each type of
person (obviously one person if the phenotype is monogamous, for the serial cheater and plays around
phenotypes the maximum is three—I assume that more relationships than this are hard to achieve
(certainly for women, and also for non-“James Bond”-men) and didn’t choose to explore this parameter.

2. Children are created from each partnership of a female who doesn’t have the serial cheater phenotype
with a male. The gender of the child is assigned at random with equal probability of male or female.
The chromosome of the child is formed by either by selecting each bit at random from the corresponding
position in the two parent chromosomes, or by choosing a point at random at which crossover between
the two parent chromosomes occur. Only one style of chromosome generation is used per simulation run
to be consistent. The default is the former, that is, selecting each bit at random from the corresponding
position in the two parent chromosomes.

3. Each bit of every child chromosome is mutated (independently) with probability ph. A mutation is a bit
flip, ie xk ← notxk where xk is the kth bit of a chromosome.

4. Over svs iterations, each bit of every viral chromosome is mutated (independently) with probability pv.
Note that svh can be thought of (and is named later in the paper) as the step ratio of virus reproductive
cycles per human reproductive cycles (generations).

5. Each child is assigned a score
ci = 7 − hd (xi,yj) . (1)

where ci is the score for child ci, xi is their chromosome, the yj are the viral chromosomes, and hd(a,b)
is the Hamming distance between two strings, or the number of places where the two strings differ. Thus
when we take this distance away from the chromosome length (7) it gives us the similarity score between
two strings (the number of places they have in common).

6. Similarly, each virus is assigned a score

vj = 7 − hd (xi,yj) . (2)

Proc. of SPIE Vol. 6417  64170D-3



Table 2. Table of parameters used, including the default parameters used across all runs, with only one of the
parameters changed in each run. Note that the number of viruses and number of humans is simply a count of all the
viruses and humans in each generation. There may be identical viruses and identical humans, at random this would
occur with probability 1/(27) but the process of co-evolution means that this becomes higher as the humans and viruses
co-evolve together.

parameter values
parameter min default max

human mutation rate (ph) 0.001 0.01 0.1
viral mutation rate(pv) 0.001 0.01 0.1
number of viruses (nv) 30 50 100

step ratio svh 10 50 100

7. The viruses are ranked from highest score (most lethal) to lowest, and then multiply according to the
formula

m = 4� (nv − rank of virus)
nv

�, (3)

where nv is the maximum number of viruses allowed. This then produces > nv new viruses, which
are then selected (in both a computer science and evolutionary sense) by picking the top nv of them
by score. This formula was the simplest formula I could think of, and the factor of 4 was chosen by
experimentation using the default set of parameters and seeing which produced the most interesting
results—obviously if it is too low, there is not an effective selection (in the extreme case of 1, then all
viruses are kept), and in the case that it is too high then viral diversity is very rapidly lost.

8. The children, of which >> nh are produced by the above steps of the algorithm, are then ranked from
lowest score (best survival) to highest and then selected by picking the top nh.

Table 2 shows the parameters used, which in addition to altering the algorithm in the choice of crossover
for children and the selection of children by virus strains, attempt to answer the following questions:

• Do pathogens affect mating strategy in human populations?

• Does the pattern of crossover alter human response to viral populations?

• Do the rates of mutation effect the co-evolution?

• Do the number of viruses effect the co-evolution?

• Does the step ratio of virus generations to human generations effect the co-evolution?

2.3. Analysis

In addition to doing a simple population count of humans with the three phenotypes, and viruses with a
particular ID (the decimal representation of their binary string), I also use a statistic called the Shannon-
Weaver diversity index,11,12 which is the Shannon Entropy13 but has a denominator (and thus a logarithm
base) equal to the logarithm of the total number of different possible strains (27 for my viruses, and 27 for my
humans, ignoring gender differences), which gives a number between 0 (least diverse) and 1 (most diverse) of
the genetic diversity of the population:

D =

Ns∑

i=1

pi log(pi)

log(Ns)
, (4)

where pi is the frequency of a human or viral strain in the total population
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