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I am wondering the scenic route, a path adorned in flowers;
I have rejected the other road, of dirt grasping for being.

But my aptitude is futile here, and I cannot change bearing.

Though I continue to garden here,
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Abstract
Population genetics is a continuously advancing field of study. Population wide
datasets, often with large numbers of genetic loci typed, are becoming increasingly more
common due to advances in sequencing technologies making large scale data collection
economically feasible. While large investment accelerates practical data collection,
theoretical methods to make use of this growing pool of data should also be developed. The
aim of this thesis is to develop several such methods, for use on population wide datasets,
each to answer different questions a researcher might have about their study populations.
Each chapter broadens the scope of analysis, with the second chapter investigating variation
between the two genomes within each individual at one time in a single population, Chapter
3 will investigate variation of one population over generations, and Chapter 4 will look at
variation between potentially subdivided populations over generations. In Chapter 2 I
develop an analogue to traditional inbreeding measures, that works with data from multilocus gene families typed by next generation sequencing. This type of data is currently not
amenable to traditional inbreeding measurements. In Chapter 3, I developed predictive
equations to Shannon’s Information (a measure of genetic diversity) to see if they could
accurately predict how Shannon’s Information declines over time in a population, because a
decline in genetic diversity is often linked with a decline in fitness of individuals in a
population. In Chapter 4, I develop a method to detect whether a potential split event has
actually led to genetic subdivision, preferably as early as possible, and possibly without
genetic data from before the event. These processes analysed in these three chapters
(inbreeding, genetic drift, and subdivision) are all often deleterious to populations by
lowering the fitness of individuals in that population. The deleterious nature of these
processes makes them of great interest for study, giving great utility to the methods
proposed in this thesis.

page 6

page 7

Chapter 1

Chapter 1

page 8

Chapter 1

Introduction
There are many tools that can be used to investigate genetic variation, from
mathematical calculations (Sherwin et al, 2017; Chao & Chiu, 2016; Chao et al, 2010) ,
computational algorithms (Gruber et al, 2018), to experimental work in the laboratory or
field (Manlik et al, 2019; Delfini et al, 2021). This thesis seeks to develop mathematical tools
for numerous different levels of genetic variation. Genetic variation is an important concept
in population genetics, because it relates strongly to a population’s fitness and evolutionary
potential (Allendorf et al, 2007; Frankham, 2005). is These levels are nested within each
other, with each level offering unique insight that can be used to develop conservation
management plans, monitor change across generations, assess impact of developments and
natural disasters, or investigate population demographics. The three forms of genetic
variation this thesis will investigate are: variation between genomes within each individual
at one time, used to assess inbreeding and other factors; the rate of change of variation
between individuals within a single isolated population; and variation between different
populations as an indicator of potential subdivision. Figure 1.1 gives a visual reference for
how each of these levels of variation interact.

Figure 1.1: a visual representation of how each chapter relates to each other, in terms of the
type of variation being investigated.
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Variation of individuals within a population: A method to assess inbreeding or selection on
multi-locus gene families, in cases where traditional inbreeding measurements cannot be
applied.
In Chapter 2, the variation of the individual will be investigated, creating a method to
measure the effects of inbreeding and selection on multi-locus gene families. Multi-locus
gene families, including the Major Histocompatibility Complex (MHC), are extremely
important in mate choice, and general fitness of individuals (Yamazaki et al, 1988; Klein,
1986; Altizer, 2003; Kalbe et al, 2009; Thoss et al, 2011; Sepil et al, 2013), because multilocus gene families have been shown to play these important roles. It is understandable that
we would want to investigate such genes when investigating evolutionary ecology or
managing a population. However, traditional assessments of inbreeding and selection on
homozygotes or heterozygotes are difficult to apply to multi-locus gene families (Babik,
2010).
We can investigate the selective pressures on a population, as well as the amount of
inbreeding within the population, by comparing how the observed heterozygosity differs
from the expected heterozygosity. Observed heterozygosity is a common value of individual
variation and is defined as the proportion of individuals that are heterozygous (two of the
same alleles) at a particular locus. Observed heterozygosity is explicitly the proportion of
heterozygous individuals, making it a value of individual variation. Expected heterozygosity
can be calculated using allele proportions per locus, divorced from a concept of the
individual. Expected Heterozygosity can tell one what ought to happen in a population given
certain assumptions, and Observed Heterozygosity is a representation of what is happening.
The disparity between observed heterozygosity and expected heterozygosity is usually
quantified by the value 𝐹𝐹𝐼𝐼𝐼𝐼 (Hedrick, 1985):
page 10

Chapter 1

𝐹𝐹𝐼𝐼𝐼𝐼 =

𝐻𝐻𝑒𝑒 − 𝐻𝐻𝑜𝑜
𝐻𝐻𝑒𝑒

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.1]

where 𝐻𝐻𝑒𝑒 is the expected heterozygosity, and 𝐻𝐻𝑜𝑜 is the observed heterozygosity. 𝐻𝐻𝑒𝑒 is also

often called 2𝐻𝐻 by some authors (Sherwin et al, 2017); this thesis will use both terms,
depending on the context. Expected heterozygosity is defined as:
𝑆𝑆

𝐻𝐻𝑒𝑒 = 1 − � 𝑝𝑝𝑖𝑖2
𝑖𝑖=1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.2]

where 𝑝𝑝𝑖𝑖 is the proportion of the ith allele. While 𝐹𝐹𝐼𝐼𝐼𝐼 sees wide use in population genetics,

𝐻𝐻𝑒𝑒 and 𝐻𝐻𝑜𝑜 have some limitations. Their most relevant limitation is that they must be

calculated for each locus separately, creating difficulties in some multi-locus applications.
𝐹𝐹𝐼𝐼𝐼𝐼 is usually calculated over multiple loci, averaging the result to give one final 𝐹𝐹𝐼𝐼𝐼𝐼 value,

giving it the form:

����
𝐹𝐹
𝐼𝐼𝐼𝐼 =

∑𝐿𝐿𝑗𝑗=1

𝐻𝐻𝑒𝑒𝑒𝑒 − 𝐻𝐻𝑜𝑜𝑜𝑜
𝐻𝐻𝑒𝑒𝑒𝑒
𝐿𝐿

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.3]

where 𝐿𝐿 is the number of loci being observed, 𝐻𝐻𝑒𝑒𝑒𝑒 and 𝐻𝐻𝑜𝑜𝑜𝑜 are the expected heterozygosity
and observed heterozygosity (respectively) at the jth loci, and ����
𝐹𝐹𝐼𝐼𝐼𝐼 is the averaged value of

𝐹𝐹𝐼𝐼𝐼𝐼 over all loci. While in datasets with unlinked loci, one can readily calculate the 𝐻𝐻𝑒𝑒 or 𝐻𝐻𝑜𝑜

value at the jth loci, and identify the value of 𝐿𝐿, when it comes to multi-locus gene families,
identifying which locus is which can be near impossible (Babik, 2010) especially if allelic

variants are shared between loci. The main reason it is so difficult to identify the value of 𝐿𝐿
and identify which alleles are at the jth loci to calculate 𝐻𝐻𝑒𝑒 or 𝐻𝐻𝑜𝑜 is due to the way data is

sequenced. With the development of new technologies and analytical tools (Gruber et al,
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2018), next Generation sequencing has become a common method for sequencing MHC and
other multi-locus gene families, however next generation sequencing is not locus-specific.
This is not an issue if each locus has different variants present, but multi-locus gene families
tend to share variants across loci. So, while one may know what genetic variants are present
in an individual, one will not know which variants are at which locus, so one will not be able
to calculate 𝐻𝐻𝑒𝑒𝑒𝑒 or 𝐻𝐻𝑜𝑜𝑜𝑜 .

In Chapter 2 I will present a method to measure the effects of inbreeding and

selection that can be applied when one does not know which variants are allelic at which
locus. Many multi-locus gene families are of high biological and conservational significance
(Manlik, 2016; Vardeh, 2015). Inbreeding and intense selective pressure can cause great
harm to wild populations and being able to quantify such processes in multi-locus gene
families will be a great aid to conservation researchers (Sommer, 2005). Additionally, there
is already a multitude of next generation sequencing datasets for at risk populations (often
used to calculate genetic diversity, or genetic distance) that, using the method developed
here, can now be used to investigate the selective forces or amount of inbreeding, where
previously a whole new study would have to be developed.
More broadly, it should be noted that many population genetics techniques,
including the other methods proposed in this thesis (Chapter 3 and 4) are based upon the
assumption of a population that is randomly mating, with no selection, and many genetic
variables remaining constant. Obviously, such a state of equilibrium is not realistic.
However, the closer a population is to such a state the better most methods will work.
Therefore, many population genetics method in general, should not be used until the
method from Chapter 2 (or a similar method such as 𝐹𝐹𝐼𝐼𝐼𝐼 ) has been applied.
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Variation of a population: A method to predict the decline of the genetic diversity measured
as Shannon’s Information, when applied to a population of finite size.
In Chapter 3 the variation of a population will be investigated. Management and
conservation of genetic diversity has always been a focus in conservation genetics
(Vrijenhoek, 1994). Lack of genetic diversity has often been linked with low population
fitness (Market et al, 2010) and stochastic drift in a population of limited size lowers a
population’s genetic diversity over time (Chapter 3; Hedrick, 1985). Therefore, efforts to
minimize or monitor the effect of stochastic drift are helpful, and in Chapter 3 we have
developed a method to predict the decline of the genetic diversity, as measured by
Shannon’s Information, due to stochastic drift in a population of limited size. While
measures of population-wide genetic diversity have been commonplace in population
genetics (Sherwin et al, 2017), the range of different genetic diversity measures has been
quite limited, generally defaulting to measures of richness (Equation 1.4) or expected
heterozygosity (Equation 1.2). Richness is defined as:
𝑅𝑅𝑅𝑅𝑅𝑅ℎ𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑆𝑆 − 1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.4]

where 𝑆𝑆 is the number of genetic variants. This limited range of genetic diversity measures

has resulted in the underdevelopment of some useful alternate genetic diversity measures,
such as Shannon’s Information (Shannon, 1949). Shannon’s Information is defined as:

1

𝑆𝑆

𝐻𝐻 = − � 𝑝𝑝𝑖𝑖 ln 𝑝𝑝𝑖𝑖
𝑖𝑖=1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.5]

Recent research has shown the utility of these alternative measures of diversity, and there
has been a great push to investigate these alternate diversity measures to understand how
they can be used (Sherwin et al, 2017). In fact, all these traditional and new measures can
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be unified as “Hill numbers”, which have been of particular interest in the expansion of
diversity metrics (Hill, 1973). Hill numbers are a range of diversity metrics (including forms
of richness, heterozygosity and Shannon Information), sharing a unified equation (Chao et
al, 2014), Equation 1.6:

𝑞𝑞

𝐷𝐷 =

𝑆𝑆

1/(1−𝑞𝑞)

�� 𝑝𝑝𝑖𝑖𝑞𝑞 �
𝑖𝑖=1

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.6]

where 𝑞𝑞𝐷𝐷 is the diversity for a chosen value of 𝑞𝑞, 𝑆𝑆 is the number of variant types (allelic

variants, species, etc), and 𝑝𝑝𝑖𝑖 is the proportion of the 𝑖𝑖th type in the total system. The value
𝑞𝑞

of 𝑞𝑞 is what makes Equation 1.6 interesting; the lower the 𝑞𝑞 value, the more weight 𝐷𝐷 will
give to rare types. This allows a researcher to gain great insight into the exact diversity

dynamics of a population by looking at multiple values of 𝑞𝑞 – 𝑞𝑞𝐷𝐷 for multiple values of 𝑞𝑞 is

called a 𝑞𝑞 profile. For example, while a diversity value at 𝑞𝑞 = 0 might be quite high if there

are multiple genetic variants present in a population, diversity values at 𝑞𝑞 = 2 could still be
low, and this combination of diversity values would indicate that there are many rare

variants in the population, a conclusion that would be difficult to draw if only one value of 𝑞𝑞

was analysed. The 𝑞𝑞 profiles are generally presented as a chart, by plotting 𝑞𝑞𝐷𝐷 against 𝑞𝑞. An

interesting aspect of a 𝑞𝑞 profile is that when 𝑞𝑞 = 0, Equation 1.6 simplifies to 0𝐷𝐷=S =R-1, a

transform of the common diversity value richness. When 𝑞𝑞 = 2, Equation 1.6 simplifies to a
1

transformed version of the diversity value expected heterozygosity ( 2𝐷𝐷 = 1−𝐻𝐻 ). This allows
𝑒𝑒

𝑞𝑞 profiles to fit quite well into the established field of population genetics, but also opens a
whole new range of diversity statistics to work with, especially Shannon, allowing

researchers to investigate the space between richness and expected heterozygosity.

page 14

Chapter 1

Directly between 0𝐷𝐷 and 2𝐷𝐷 lies 1𝐷𝐷, although Equation 1.6 is undefined at 𝑞𝑞 = 1. When
𝑞𝑞 = 1, 𝑞𝑞𝐷𝐷 will approach 1𝐷𝐷, which is defined as:
1

𝐷𝐷 = lim

𝑞𝑞→1

𝑞𝑞

𝑆𝑆

𝐷𝐷 = exp �− � 𝑝𝑝𝑖𝑖 log 𝑝𝑝𝑖𝑖 �
𝑖𝑖=1

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.7]

1

𝐷𝐷 is the exponential of Shannon’s Information (Equation 1.5). Shannon’s Information is a

measure of entropy that can be used as a diversity metric in any system. It was originally
developed in the early field of computer science and has been extremely influential in

information theory and has only recently been commonly applied to genetics (Sherwin et al,
2006). As shown by the Hill numbers, Shannon’s Information also serves as a middle ground
between richness and expected heterozygosity regarding its sensitivity to rare variants. Due
to Shannon’s Information falling between these two values, it is a very interesting avenue of
study, and due to its novelty when applied to genetics there is much to learn (Sherwin et al,
2006; Sherwin et al, 2017).
Expected heterozygosity traditionally being the dominant form of diversity metric in
genetics has allowed geneticists to develop numerous mathematical methods using it. One
such method has been a equation for expected heterozygosity, that can be used to predict
how expected heterozygosity will decrease over time in a finite population via the process
of stochastic genetic drift:

𝐻𝐻𝑒𝑒

𝑡𝑡

1 𝑡𝑡
�
= 𝐻𝐻𝑒𝑒 �1 −
2𝑁𝑁𝑒𝑒

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.8]

where 𝑡𝑡 is the number of generations, 𝐻𝐻𝑒𝑒 𝑡𝑡 is the expected heterozygosity at generation t,

and 𝑁𝑁𝑒𝑒 is the effective population size (Crow and Kimura, 1970). There are also methods to
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predict the effect of drift on richness ( 0𝐷𝐷), by forecasting the value at equilibrium, given a
population’s size (Ewens, 1979 - Equation 3.79). However, Shannon’s Information being

relatively new in the context of population genetics has not seen such a predictive equation
for it. We aid the development of Shannon’s Information by developing a method to predict
the effects of stochastic genetic drift on Shannon’s Information, to help bring Shannon’s
Information in line with expected heterozygosity, which already has such methods. Chapter
3 will get researchers one step forward to monitoring and predicting the entire 𝑞𝑞 profile by

investigating how stochastic genetic drift will impact Shannon’s Information (𝑞𝑞 = 1).

Variation between populations: A method to detect the early stages of a population
subdivision, within a few generations of the subdivision occurring, without prior data.
In Chapter 4 the variation between two locations will be analyzed to create a
method to detect the early effects of a potential population subdivision. Detecting early
subdivisions is of particular importance, because often conservation management must be
swift in developing management plans (Martínes-Cruz et al, 2004). It is very rare that a
conservation manager would have many generations to monitor a population after an event
before they need to act. For threatened species, immediate action is often required. To
further complicate the problem, it is extremely rare that a researcher will have access to any
genetic data from before the subdivision to assess how the genetic data has changed.
Subdivided populations are subject to greater effects of genetic drift, reduced
resources, and a reduction to genetic diversity, all factors that can lower a populations’
fitness and put it at risk (Lienert, 2004; Market et al, 2010). A population being subdivided
will lead to a division of population size, and as shown in Equation 1.8, these smaller
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populations will lose genetic diversity more rapidly. Subdivision also limits the possibility of
new genetic variation being introduced to the population via migration, which can limit the
creation of new variants to mutation alone, which is an extremely slow process.
Currently there are numerous genetic measures to assess differentiation of two
populations that are useful on a relatively long time-scale. Such measures as Sorensen’s,
Mutual information and 𝐺𝐺𝑆𝑆𝑆𝑆 or 𝐹𝐹𝑆𝑆𝑆𝑆 are all commonly used to assess the differences or

connectivity of populations (Hedrick, 1985; Halliburton, 2004; Sherwin et al, 2017). Such
measures of variation between two (or more) populations are called β diversity measures.
The most common β diversity measure is 𝐹𝐹𝑆𝑆𝑆𝑆 , which compares the total diversity (as

measured by expected heterozygosity) of both populations combined, and the average
diversity of the two populations. 𝐹𝐹𝑆𝑆𝑆𝑆 is calculated as:
𝐹𝐹𝑆𝑆𝑆𝑆 =

���𝑆𝑆
𝐻𝐻𝑇𝑇 − 𝐻𝐻
𝐻𝐻𝑇𝑇

[ 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 1.9]

���𝑆𝑆 is the
where 𝐻𝐻𝑇𝑇 is the expected heterozygosity of all populations combined, and 𝐻𝐻
averaged expected heterozygosity of all populations (Hedrick, 1985).

However, often a conservation manager will not have the time to wait and assess
how Sorensen’s, Mutual information, or 𝐺𝐺𝑆𝑆𝑆𝑆 𝑜𝑜𝑜𝑜 𝐹𝐹𝑆𝑆𝑆𝑆 changes. While such metrics are useful
to assess the connectivity and gene flow between two long separated populations, their
relatively slow rate of change means that they may not be up to the task of assessing
differences between two populations that have only recently been subdivided, within two
generations or so (Lloyd, 2013). It is shown in Chapter 4 that it can take many generations
for 𝐹𝐹𝑆𝑆𝑆𝑆 to become high enough to detect a subdivision, that is, to go to go over 0.1, which
would be considered a small value of 𝐹𝐹𝑆𝑆𝑆𝑆 , that still shows some difference between
page 17
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populations (Wright, 1988). Unfortunately, this relatively slow rate of change for 𝐹𝐹𝑆𝑆𝑆𝑆 and

other β diversity measures makes them unsuitable for use in detecting differences between
subpopulations on a short time scale if they have been recently subdivided. Traditional β
diversity measures are particularly unhelpful with larger populations, because the effects of
drift on expected heterozygosity (Equation 1.8), and therefore the rate of change on 𝐹𝐹𝑆𝑆𝑆𝑆 , is
lessened with larger population sizes.

We developed a method that can detect subdivisions in populations within 1-5
generations of a suspected subdivision, a much shorter timespan than current measures like
𝐹𝐹𝑆𝑆𝑆𝑆 can investigate (Landguth, et al, 2010). Ideally, this method must also be applicable
without any data prior to the suspected subdivision, because the lack of data prior to a

suspected subdivision is a common limitation. Lloyd et al (2013) has investigated changes in
differentiation measures and concluded that one of the greatest barriers to utility is the
“number of years required to span a sufficient number of generations to detect change” in
differentiation. The new approach presented here overcomes this barrier. In addition, Lloyd
et al did not attempt to identify a subdivision without data prior to a suspected subdivision.
Thus, we have designed our method to be useful even at a short number of generations
after the split, as well as, as well as without data prior to subdivision. Such a method should
be a great help in practical conservation situations and could help manage endangered
populations impacted by habitat fragmentation (Lloyd et al, 2013).

Approaches to testing the methods presented in this thesis
I first discuss data sources, then explain how these data can be used to test the
theories described above. All three main chapters utilize simulated data alongside data
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taken from animal populations. Both data types (real and simulated) pose their own unique
merits and limitations. This section will be dedicated to discussing the merits of both data
types. While the obvious conclusion is to use both data types, as has been done in this
thesis, understanding the properties of these data types can help synthesize a more useful
analysis.
Simulated data is a more controlled type of data, analogous to a manipulative
laboratory experiment (Peng & Kimmel, 2005; Rousset, 2017). Simulations can often be
more useful than a laboratory setting as one can control variables unthinkable to a
manipulative laboratory design and unavailable in a survey of a wild population, allowing
one to apply methods to an extensive range of possibilities (Abreu-jardim et al, 2021;
Bilgmann et al, 2021; Wright et al, 2021). A key feature of simulated data is absolute
knowledge; with simulated data one can know exactly what the underlying processes of the
population are, and in the case of genetics, know the exact genotype of every single
individual in a population at any given time. Simulations can also be applied over multiple
generations. Even if one were to ignore the capital and logistical barriers of
intergenerational mass sampling in the real world, the process of mass sampling in a
population over multiple generations would surely confound ones results somewhat.
Simulated sampling, however, does not have such a problem. Getting data from every
individual is as simple as a line of code, and only as impactful to the population as the limits
of a computer’s memory. Replication is another benefit of simulation. It would be quite an
impressive feat to find multiple identical populations in the wild on which to test a theory,
but such is the norm in simulation (Hoelzel et al, 1993; Zhao et al, 2021). A simulation can
examine the stochastic nature of genetics via mass replication in a way that is completely
unfeasible in real data. The simulated data was made using a PYTHON package named
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SimuPOP (Peng & Kimmel, 2005). SimuPOP is a “general-purpose individual-based forwardtime population genetics simulation environment” and was chosen due to its high amount
of flexibility and large number of options. Exact simulation parameters and set up will be
discussed within the relevant chapters.
However, the apparent benefits of simulated data are also its greatest pitfalls. If
genetic research were confined to ones and zeros then simulated data would be perfect, but
eventually practitioners of theory must apply our methods to the real world. This is where
real data comes in. Real data is messy. It often has missing data, low population sampling,
and error induced by genetic sequencing techniques (Chattopadhyay et al, 2014; Huang &
Knowles, 2016; Ferretti et al, 2021). Additionally, in contrast to simulated data, absolute
knowledge is never present in real data. In fact, such omniscience would negate the need
for studying a population at all. All these problems inherent to real data are the perfect
training ground to test any potential method, because even if the theory is sound and the
math rigorous, a method may be so inflexible that it snaps under the limitations of the real
world. This shows that the utility of real data is stress testing a method. The real data used
was that of: dolphin (Tursiops sp.) and penguin (Eudyptula minor) in Chapter 2; fruit fly
(Drosophila melanogaster) in Chapter 3; and koala (Phascolarctos cinereus) in Chapter 4.
Again, the particulars of these real datasets will be discussed in the relevant chapters.
The process of testing a new method comes in three phases. First comes method
development – where one might use curve fitting (as shown in Chapter 3) or application of
mathematical models and methods (as shown in Chapter 2 and 4). Once a method is
developed, the second phase is to apply that method to simulated data. The absolute
knowledge in simulated data can help to identify specific issues with a method, allowing

page 20

Chapter 1

hypothesis-testing based on the modifications of simulation parameters. After refinement
of the method via simulation, the third phase is to apply the method to real data. At this
point, especially if one has developed a method to do something novel, it may be impossible
to verify if the conclusions the method derives from real data are correct. When using real
data, one is usually not looking to confirm a known prior answer, one is testing if the
method can give a realistic answer at all, generally leading to a more qualitative conclusion.
For example, if one have developed a method that should give a value of X between one
and zero, with real data one are not trying to find out the true value of X, but rather to
confirm that an X value can be got at all, and if that value is in the expected range. It is
possible (and common) that a value of X cannot be defined with the inherent error of real
data, and if that is the case, it would be time for a revision of the new method. Any method
that cannot output realistic values is not a useful method at all. QR codes to access
simulation code used for each chapter are provided at the end of the thesis.
The following chapters will develop genetic methods that can be used to enhance
conservation genetic management. Each chapter will develop a different method to be used
at different levels of variation. This thesis will allow future researchers to: investigate a
heterozygote excess or heterozygote deficit in multi-locus gene families (Chapter 2);
forecast the effects of genetic drift on Shannon’s information (Chapter 3); and detect a
recent population subdivision, without requiring data from before the subdivision (Chapter
4).
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Abstract
New sequencing technologies have opened the door to many new research
opportunities, but these advances in data collection are not always compatible with some
important methods for data analysis. 𝐹𝐹𝐼𝐼𝐼𝐼 has been a staple calculation in the field of

population genetics. 𝐹𝐹𝐼𝐼𝐼𝐼 can be used to measure either a departure from random mating, or

measure underlying selective pressures for or against heterozygote genotypes. However,

when using Next Generation Sequencing (NGS) technology on multi-locus gene families it is
often impossible to discern which allelic variants are present at each locus. This in turn
makes it impossible to calculate either locus-specific expected heterozygosity, or observed
heterozygosity, both of which are required to calculate 𝐹𝐹𝐼𝐼𝐼𝐼 . This is unfortunate because

there are many important multi-locus gene families such as: the major histocompatibility
complex (MHC) in animals; homeobox genes in fungi; or the self-incompatibility genes in
plants. Without the ability to calculate 𝐹𝐹𝐼𝐼𝐼𝐼 from NGS of multi-locus gene families, we need a
new multi-locus measure that will allow us to detect the underlining mating, and selective
patterns present in such multi-locus genes. This paper provides such a novel multi-locus
measure, called 1𝐻𝐻𝐼𝐼𝐼𝐼 , by comparing genetic diversity within individuals to the total genetic
diversity of a population. We demonstrate the accuracy of the 1𝐻𝐻𝐼𝐼𝐼𝐼 equation using

simulated data, and two datasets taken from natural populations of dolphins and penguins.
The 1𝐻𝐻𝐼𝐼𝐼𝐼 equation shows promising results, however there was some difficulty verifying its
utility on wild populations. The introduction of this new measure is particularly important

because of the great interest in mating patterns and selection of multi-locus gene families,
such as MHC.
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Introduction
Important aims of much population genetics research are to determine mating
structure and to assess selective pressures that increase or decrease the frequency of
heterozygotes (Ben-Shlomo et al, 2001; Stoeckel et al, 2006; ). Such knowledge is a critical
part of all population biology and helps us to effectively manage populations (Fickel et al,
2005). There are numerous methods to quantify positive or negative assortative mating
(Queller & Goodnight, 1989; Hedrick, 2004; Strickland et al, 2014) , but 𝐹𝐹𝐼𝐼𝐼𝐼 is the method

that has seen the most use and is generally the standard for quantification of a population’s
positive or negative assortative mating, and therefore this study focuses on the 𝐹𝐹𝐼𝐼𝐼𝐼 method.
𝐹𝐹𝐼𝐼𝐼𝐼 is often called the inbreeding coefficient, but 𝐹𝐹𝐼𝐼𝐼𝐼 also has other applications that are not

related to inbreeding, described below. 𝐹𝐹𝐼𝐼𝐼𝐼 compares the proportion of heterozygotes
expected in a randomly mating population (𝐻𝐻𝑒𝑒 , equation 2.1) to the actual number of

heterozygotes observed in a study population (𝐻𝐻𝑜𝑜 , equation 2.2) (Halliburton, 2004). 𝐻𝐻𝑒𝑒 is
calculated from the proportions of alleles in the population and is commonly used as a
measure of genetic diversity:
𝑉𝑉

𝐻𝐻𝑒𝑒 = 1 − � 𝑃𝑃𝑖𝑖 2
𝑖𝑖=1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.1]

Where capital ‘V’ is the number of variants (in this case allelic types) for that locus and 𝑃𝑃𝑖𝑖 is
the proportion of the ith allele in the population (∑𝑉𝑉𝑖𝑖=1 𝑃𝑃𝑖𝑖 = 1).

𝐻𝐻𝑜𝑜 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑜𝑜𝑜𝑜 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 𝑎𝑎𝑎𝑎𝑎𝑎 ℎ𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑎𝑎𝑎𝑎 𝑡𝑡ℎ𝑎𝑎𝑎𝑎 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 [𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.2]

The equation for 𝐹𝐹𝐼𝐼𝐼𝐼 is

𝐹𝐹𝐼𝐼𝐼𝐼 =
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𝐻𝐻𝑒𝑒

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.3]
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This comparison gives an 𝐹𝐹𝐼𝐼𝐼𝐼 value between -1 and +1 that indicates how the number of
heterozygotes in the population deviates from what is expected under random mating

conditions. A positive 𝐹𝐹𝐼𝐼𝐼𝐼 value indicates that there are fewer heterozygotes than expected

under random mating. For instance, an inbred population will often have a much lower

proportion of heterozygotes than expected, and this deficit leads to a positive 𝐹𝐹𝐼𝐼𝐼𝐼 value; in

the extreme case when there are no heterozygotes observed at all, despite available allelic
variation, then 𝐹𝐹𝐼𝐼𝐼𝐼 = +1. In contrast, a population under negative assortative mating will

have a much higher proportion of heterozygotes than expected under random mating, and
this excess leads to a negative 𝐹𝐹𝐼𝐼𝐼𝐼 value. Thus 𝐹𝐹𝐼𝐼𝐼𝐼 for selectively neutral genes can be used
to determine mating patterns. However, the heterozygote excess or deficit that 𝐹𝐹𝐼𝐼𝐼𝐼

measures can be due several factors, including either mating pattern (Nielsen & Slatkin,
2013; Crow & Kimura, 1970) or selection on heterozygotes (Halliburton, 2004) , so if the
population is already known to be randomly mating, 𝐹𝐹𝐼𝐼𝐼𝐼 can be useful for detecting

signatures of selective pressures. It should be noted that there are other factor that may
affect 𝐹𝐹𝐼𝐼𝐼𝐼 , such as random variation, genotyping errors (Chybicki & Burczyk 2008), or the

Wahlund effect (Wahlund, 1928; Gibbs et al, 1997; Dharmarajan et al, 2012). It is possible

for an excess or deficit of heterozygotes to occur from chance, causing 𝐹𝐹𝐼𝐼𝐼𝐼 to deviate from

zero. Such random factors can be a source of variation for 𝐹𝐹𝐼𝐼𝐼𝐼 in randomly mating

populations, although it is unlikely they would be a source of extreme deviation of 𝐹𝐹𝐼𝐼𝐼𝐼 from

zero. 𝐹𝐹𝐼𝐼𝐼𝐼 can be applied to investigate selection for or against heterozygous individuals in

genes that may not be selectively neutral. 𝐹𝐹𝐼𝐼𝐼𝐼 can be calculated either for a single locus or

multiple un-linked/independent loci that do not share common alleles. To calculate 𝐹𝐹𝐼𝐼𝐼𝐼 on
multiple loci, one first calculates 𝐹𝐹𝐼𝐼𝐼𝐼 independently at each locus, then averages across

those loci to get a single 𝐹𝐹𝐼𝐼𝐼𝐼 value. When calculated for multiple loci 𝐹𝐹𝐼𝐼𝐼𝐼 we will call it
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‘Multiple 𝐹𝐹𝐼𝐼𝐼𝐼 ‘. Multiple 𝐹𝐹𝐼𝐼𝐼𝐼 is useful because sampling multiple loci applies replication,
reducing the variance of the mean 𝐹𝐹𝐼𝐼𝐼𝐼 value.

However, 𝐹𝐹𝐼𝐼𝐼𝐼 and Multiple 𝐹𝐹𝐼𝐼𝐼𝐼 are difficult to use on multi-locus gene families, which

can share common alleles across several loci (Ellis et al, 2005; Zagalska-Neubauer, 2010).

Multi-locus gene families are of particular interest when investigating mating patterns and
selection (Sommer, 2005). For example, multi-locus gene families such as the major
histocompatibility complex (MHC) have been associated with fitness and various fitness
components, including mate choice (Yamazaki et al, 1988), immune defence (Klein, 1986;
Altizer, 2003) and reproductive success (Kalbe et al, 2009; Thoss et al, 2011; Sepil et al,
2013). This makes MHC an important multi-locus gene family to study for examining mating
patterns and selection within a population. With current sequencing methods, it is often
impossible to determine which alleles are present at which loci in multi-locus gene families,
unless a model species is being studied (even then, it can be difficult) (Babik, 2010).
Generally, the sequencing output will just give relative abundance of each variant per
individual summed over all loci at which the alleles appear (Figure 2.1) (Manlik, 2016;
Vardeh, 2015). Not knowing the exact location of each allele is a problem because, as for
any other multiple 𝐹𝐹𝐼𝐼𝐼𝐼 , in multi-locus gene families 𝐹𝐹𝐼𝐼𝐼𝐼 must be calculated independently for
each locus then averaged to produce the 𝐹𝐹𝐼𝐼𝐼𝐼 of that multi-locus gene family. As shown in
Figure 2.1, there is considerable ambiguity even with a very small multi-locus gene family

containing only two loci. With such ambiguity, it becomes impossible to accurately calculate
𝐻𝐻𝑒𝑒 or 𝐻𝐻𝑜𝑜 per locus, and therefore impossible to calculate 𝐹𝐹𝐼𝐼𝐼𝐼 . Figure 2.1 also depicts the
assumption that we know exactly how many loci make up the multi-locus gene family;

however, outside of model organisms or heavily studied multi-locus gene families, this is
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often not the case. Not knowing the exact number of loci adds even more ambiguity to the
calculation of 𝐹𝐹𝐼𝐼𝐼𝐼 .

𝐹𝐹𝐼𝐼𝐼𝐼 is also difficult to use when analysing polyploid species. Similar to the issues with

multi-locus gene families, current sequencing methods cannot always distinguish which

variant comes from which chromosome, which becomes a problem when studying loci that
are repeated across polyploid homologues. Additionally, much like not knowing how many
loci are in a multi-locus gene family, not knowing how many homologue chromosomes
there are could also add to this ambiguity. We will refrain from referring to this polyploid
issue directly for the rest of the paper, but all the solutions we apply to multi-locus gene
families can be applied in the same manner to polyploid data.

Figure 2.1: showing the results from sequencing a multi-locus gene family of two unlinked
loci for an individual (variants C1 and C2), and the ambiguity those results can give.
This paper aims to introduce methods/algorithms that can deal with this ambiguity
that multi-locus gene families introduce into the calculation of multi-locus 𝐹𝐹𝐼𝐼𝐼𝐼 , and instead
give a reasonable estimation of a population’s positive or negative assortative mating (or
selection on heterozygotes). We also aim to explain a method that can give a reasonable
estimate of number of loci in a multi-locus gene family for a non-model species. This paper
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sets out to devise an adequate solution to the problem of FIS in multi-locus gene families by
developing:

1. An equation analogous to 𝐹𝐹𝐼𝐼𝐼𝐼 which can be applied to multi-locus gene families.
2. An algorithm to estimate the number of loci in multi-locus gene families.
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Methods
Equation
Our method is based on the rationale that when there is either inbreeding or
selection against heterozygotes, there is expected to be less diversity of variants within each
individual relative to the total diversity of variants across the population. The opposite is
true of populations that experience negative assortative mating or selection for
heterozygotes. The total amount of diversity an individual can hold will also be linked to the
number of loci present. The method described below is based on these understandings, and
with them we can construct an equation that aims to estimate positive or negative
assortative mating for multi-locus gene families by applying Shannon’s information theory
to the problem. Other approaches were attempted; however, they did not give suitable
results (Supplement 2.S2: Figure 2.S2.1, Figure 2.S2.2, and Figure 2.S2.3). Shannon’s
information ( 1𝐻𝐻 ) is a general measure of diversity, originally developed for

telecommunications (Shannon, 1949), and since applied to population genetics (Sherwin et
al, 2017; Manlik et al 2019b; O’Reilly et al, 2020). A potential 𝐹𝐹𝐼𝐼𝐼𝐼 analogue based on
Shannon’s information is called 1𝐻𝐻𝐼𝐼𝐼𝐼 , and its two possible equations are as follows:
1

������
1𝐻𝐻 (𝐿𝐿+1)
𝐼𝐼

𝐻𝐻′𝐼𝐼𝐼𝐼 = − �

1𝐻𝐻
𝑆𝑆

− 𝐿𝐿�

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.4𝑎𝑎]

where the number of loci (or an estimate for number of loci) is L, and 1𝐻𝐻𝐼𝐼 is the Shannon’s

information per individual based on the proportions of each variant within each individual pi
, using the equation 1𝐻𝐻𝐼𝐼 = − ∑𝑣𝑣𝑖𝑖=1 𝑝𝑝𝑖𝑖 ln 𝑝𝑝𝑖𝑖 . Lower case ‘v’ is the total number of variants
in the individual (that may or may not be alleles at the same locus ∑𝑣𝑣𝑖𝑖=1 𝑝𝑝𝑖𝑖

= 1 ). Then to

1
produce �����
𝐻𝐻𝐼𝐼 one averages those Shannon’s information values across all individuals to get
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1
�����
𝐻𝐻𝐼𝐼 . 1𝐻𝐻𝑆𝑆 is based on using the total proportions of variants in the whole population 𝑃𝑃𝑖𝑖 , to

calculate Shannon’s information as 1𝐻𝐻𝑆𝑆 = − ∑𝑉𝑉𝑖𝑖=1 𝑃𝑃𝑖𝑖 ln 𝑃𝑃𝑖𝑖 , where capital ‘V’ is the total

number of variants in the population (that may or may not be alleles at the same locus
∑𝑉𝑉𝑖𝑖=1 𝑃𝑃𝑖𝑖

= 1). In equation 2.4a, the foundation of 1𝐻𝐻𝐼𝐼𝐼𝐼 is the comparison between the

1
diversity held within individuals (�����
𝐻𝐻𝐼𝐼 ) and the diversity held within the total population

( 1𝐻𝐻𝑆𝑆 ), which is why Equation 2.4a takes the form of
all the diversity found in the total population

������
1𝐻𝐻
𝐼𝐼

1𝐻𝐻
𝑆𝑆

������
1𝐻𝐻
𝐼𝐼

1𝐻𝐻
𝑆𝑆

. When sampled individuals contain

= 1, indicating a higher likelihood of

heterozygotes, so we would expect a negative value of 𝐹𝐹𝐼𝐼𝐼𝐼 , and thus we would like a

similarly negative value for 1𝐻𝐻′𝐼𝐼𝐼𝐼 , hence the negative sign at the front of Equation 2.4a.

Additionally, number of loci acts as a way to weight 1𝐻𝐻𝐼𝐼 to L , making the calculation more

1
sensitive to differences between �����
𝐻𝐻𝐼𝐼 and 1𝐻𝐻𝑆𝑆 with more loci. With more loci, the

numerator in the equation is inflated, possibly giving

������
1𝐻𝐻 (𝐿𝐿+1)
𝐼𝐼
1𝐻𝐻
𝑆𝑆

values beyond 1, which is then

brought back to the -1 to +1 scale by −𝐿𝐿. Equation 2.4a is a transformed into Equation 2.4b,
by adding a correction using the genetic evenness of the population.

1

𝐻𝐻𝐼𝐼𝐼𝐼 = − �

������
1𝐻𝐻 (𝐿𝐿+1)
𝐼𝐼
1𝐻𝐻
𝑆𝑆

− 𝐿𝐿� 𝐸𝐸𝑉𝑉

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.4𝑏𝑏]

Genetic evenness (𝐸𝐸𝑉𝑉 ) is a measure of how evenly distributed alleles are, with 𝐸𝐸𝑉𝑉 reaching

its maximum value when all alleles are equally frequent, where Max 1𝐻𝐻𝑆𝑆 = 𝑙𝑙𝑙𝑙(𝑉𝑉). So 𝐸𝐸𝑉𝑉 =
1

𝐻𝐻𝑆𝑆 /𝑙𝑙𝑙𝑙(𝑉𝑉), where V is the number of variants in the population. Greater evenness of

1
variant proportions would bring �����
𝐻𝐻𝐼𝐼 closer to 1𝐻𝐻𝑆𝑆 , with the same mating pattern or

page 35

Chapter 2

selection, so the multiplication by evenness corrects for this effect. Equation 4.4b is used
for 1𝐻𝐻𝐼𝐼𝐼𝐼 for the rest of this paper unless stated otherwise, because Equation 4.4b gave
more accurate results.

To give a basic example of Equation 4.4b applied to a population with a single locus
with two allelic variants, where 𝐸𝐸𝑉𝑉 = 1: If 𝐸𝐸𝑉𝑉 = 1 with two variants, then 1𝐻𝐻𝑆𝑆 = 0.690 . If

the whole population are homozygotes, then

1

0 (1+1)

𝐻𝐻𝐼𝐼𝐼𝐼 = − �

0.690

− 1� 1 = 1, indicating

maximum inbreeding (a heterozygote deficit). If the whole population are heterozygotes,
then 1𝐻𝐻𝐼𝐼𝐼𝐼 = − �

0.69 (1+1)
0.69

− 1� 1 = −1, indicating maximal negative assortative mating (a

heterozygote excess). If the population has an even mix of homozygotes and heterozygotes
(with every possible genetic variant evenly represented in the population), then 1𝐻𝐻𝐼𝐼𝐼𝐼 =
0.345 (1+1)

−�

0.690

− 1� 1 = 0, indicating random mating (neither excess nor deficit of

heterozygotes).

Estimation of number of loci
As mentioned above, it is common that the exact number of loci (“L”) is not known
when studying a multi-locus gene family in a non-model organism. It may be possible to
estimate the number of loci by examining other research in similar organisms or multi-locus
gene families; however, these approaches may not be helpful when dealing with a novel
species, and because number of MHC loci can even vary within species (Bowen et al, 2004;
Siddle et al, 2010). Nevertheless, it is possible to estimate the minimum number of loci if
certain assumptions are made. To estimate the number of loci, we must assume that at
least one individual, which has been sampled from the population, has a true singleton
variant sequence post filtering (i.e. a sequence variant that only occurs once in a particular
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individual, across all its loci). It then becomes possible to calculate the minimum number of
loci. The closer the sample data comes to fulfilling this assumption, the more accurate the
estimation of number of loci will be. The data set will give relative proportions of variants
over all loci as ratio, with the assumed singleton being “1” in that ratio. For example, the
output for an individual with three variants (variants B1, B2 and B3) might be presented as
the ratio: 1:3:2, indicating that there are three times as many B2 variants than B1 variants,
and two times as many B3 variants than B1 variants. If we assume that this individual has
only one B1 variant (i.e. the individual is heterozygous for the B1 variant at a single locus),
the sum of this ratio (1+3+2) would be twice the minimum number of loci (because each
locus contains two alleles). In this case 2L ≥ 6, so there are at least L≥3 loci (L is rounded off
to the nearest decimal point). With very high read depth, whichever individual gives the
biggest sum of the ratio will provide the most accurate estimate of the minimum number of
loci, which will be the assumption for this initial explanation (Table 2.1).

B1

Variants:
B2
B3

B4

Individual 1:

1

1

2

1

=5

Estimated
number of
loci
3

Individual 2:

1

4

3

2

=10

5

Individual 3:

1

0

1

0

=2

1

Individual 4:

1

0

1

3

=5

3

Sum

Table 2.1: Example data set on a population with four individuals showing relative
proportions of variants as ratios. The ratios are adjusted so that the least frequent variant is
represented by “1”, then summed for each individual, the highest value among these
summed values is rounded to the next even number then divided by two to gain a minimum
estimate of number of loci. In the data shown for individual 1, five is rounded up to the next
event number (6) then divided by two to give L ≥ 3. This rationale is explained in the main
text.
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It is common for NGS datasets to be formatted in number of sequence reads rather
than ratios. In this case, for each individual simply divide each number of sequence reads
per variant by the lowest value of number of sequences reads for any variant (post filtering),
then round up any decimals to a whole number. This should result in ratios which can then
be used for the above method to get a minimal estimate of number of loci. For example, if
the read numbers for variants B1 B2 and B3 were 12, 35, 23 respectively, then divide the
values by 12 (the lowest read value) to get 1:2.9:1.9, sum those to get 5.8 and round to the
nearest integer, giving 2L = 6, meaning there is a minimum of three loci. Similar methods
have been applied previously, although they use presence/absence of alleles, rather than
attempting to quantify abundance using sequence reads as our method does (Babik et al,
2009; Heimeier et al , 2009 ; Sommer et al, 2013). Some methods have also identified some
loci as fixed in order to get better estimations alongside presence /absence methods
(Stervander et al, 2020), and other methods have taken a computational approach to
genotyping MHC (Stuglik et al, 2011).
While this approach is useful it should be noted that this method can only give a
minimum estimate of the number of loci, but never overestimate unless there is some
significant form of sequencing error that cannot be fixed during the filtering process. When
dealing with real data, there may still be sequence misreads, or missing data, in which case
it may be more appropriate to calculate L for each individual, and use the mode or average
of those L values to minimise the impact of any sequence read errors greatly inflating the
value of L. While using the mode and average of individual L values will help when the data
has sequence misreads or missing data, it may not overcome more systematic issues to do
with NGS data, such as low read depth or NGS’s inherent stochasticity in which variants it
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sequences (Smith & Peay, 2014; Qin et al, 2016), or other inherently random processes
throughout genetic sequencing and data collection. The impact of NGS data’s stochasticity
will be explored later in this paper. We call this the ‘One Individual’ locus number estimate.
An alternate method was also tested for estimating number of loci based on the assumption
that at least one individual in the population would only have singletons, however this
method was not as accurate and is presented in the supplement (Supplement 2.S1:
Equation 2.S1 and Figure 2.S1).

Creating a simulated dataset
To test 1𝐻𝐻𝐼𝐼𝐼𝐼 (Equation 2.4b) stochastic, forward time simulations were performed

using the PYTHON package SIMUPOP (Peng and Kimmel, 2005). The full code used is

available in the Code section at the end of the thesis. The simulations were set up to give a
range of 𝐹𝐹𝐼𝐼𝐼𝐼 values. Random mating was simulated to give 𝐹𝐹𝐼𝐼𝐼𝐼 of approximately 0 (Though

some minor variation due to random drift did occur). Other values of 𝐹𝐹𝐼𝐼𝐼𝐼 were obtained by

manipulating the positive or negative assortative mating and selection within the simulated
populations. To increase 𝐹𝐹𝐼𝐼𝐼𝐼 in the simulated populations, we applied two simulation

treatments. Firstly, selective pressure in favour of homozygotes was applied by increasing

mating chance of homozygotes. Secondly, mating was restricted to smaller sub-populations
of ten, mimicking small families. To decrease 𝐹𝐹𝐼𝐼𝐼𝐼 in the simulated populations, we applied

selective pressure in favour of heterozygotes. Two different treatments of selective pressure
were applied in favour of heterozygotes, one with mild selection, and one with stronger
selection; this was done by increasing heterozygotes’ chance of mating.

page 39

Chapter 2

As well as manipulating positive or negative assortative mating and selection within
the simulations, we also varied the number of loci, variant distribution, number of
generations, and population size. Multi-locus gene families have varying numbers of loci,
and because the number of loci is a key value in the calculation of 1𝐻𝐻𝐼𝐼𝐼𝐼 , we ran simulations

with different numbers of loci to see how that altered the accuracy of 1𝐻𝐻𝐼𝐼𝐼𝐼 . The number of

loci was set to 3, 5 or 10 loci. Variant distribution was manipulated to see if the presence of
rare variants altered the accuracy of 1𝐻𝐻𝐼𝐼𝐼𝐼 , especially regarding the estimated number of
loci. Variant distribution had two treatments: ‘Even’, where each variant had an equal

chance of occurrence at the start of the simulation; and ‘Uneven’, where one variant was
given a 70% chance of occurring and the rest of the variants comprised the remaining 30%
chance in equal proportions. There were ten different variants per locus in each of these
variant distributions. For each treatment group, we ran separate simulations for three
different numbers of generations – 10, 100, and 1000. Mutation and recombination were
both set not to occur in our simulation. Population size was also altered per treatment
group. The final treatment parameters were:
•

Mating: Small Family and Random Mating, with expectations of positive and zero 𝐹𝐹𝐼𝐼𝐼𝐼
respectively

•

Selection in the simulations worked by assigning each individual in the population a
chance to enter the mating pool. Individuals that survived to enter the mating pool
then mate randomly. There were three selection treatments: Mild Selection for
Homozygotes(60% chance for each homozygote to enter the mating pool, 50%
chance for each heterozygote to enter the mating pool); Mild Selection for
Heterozygotes (20% chance for homozygotes to enter the mating pool, 60% chance
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for heterozygotes to enter the mating pool); and Strong Selection for Heterozygotes
(0% chance for homozygotes to enter the mating pool, 100% chance for
heterozygotes to enter the mating pool); with expectations of positive, mildly
negative and strongly negative 𝐹𝐹𝐼𝐼𝐼𝐼 respectively. Note that all selection treatments
were applied only to random mating populations.
•

Number of loci: 3 loci, 5 loci, and 10 loci

•

Variant distribution: Even, and Uneven; with ten variants per locus each

•

Generations: 10 generations, 30 generations, and 50 generations

•

Population size: 40 individuals, 400 individuals. Simulated results from all individuals
were used to calculated 1𝐻𝐻𝐼𝐼𝐼𝐼 .

All combinations of values of the parameters were tested, giving a total of 180 treatment
groups. There were 100 replicates of each treatment. The dataset contained information for
every individual in the simulated dataset. The data from these simulations were first used to
calculate multiple 𝐹𝐹𝐼𝐼𝐼𝐼 for these simulated populations, because the exact number of loci and
which variants were allelic to them was known. Next, the data were converted to a format
that resembled data with all the limitations of a real study (i.e., No information on which
variants are at which loci and no information on number of loci), and Equation 2.4b was
applied. For the simulated dataset, there were no missing variants in the data (i.e., if an
individual actually had a particular variant, that variant always appeared in the data).
Unfortunately, with current sequencing methods on multi-locus gene families, it is
not currently possible to know if all loci are fixed across the population (fixed meaning only
one variant at a specific locus across all individuals). Therefore, we also decided to calculate
the variance of Shannon’s information between individuals, which is the variance of 1𝐻𝐻𝐼𝐼 ,
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and so can be calculated on any dataset where 1𝐻𝐻𝐼𝐼𝐼𝐼 is used. When the same variants are

present in all individuals (and thus there is low or no variance of Shannon’s information
between individuals), it typically means that those variants are fixed at certain loci
throughout the population.

Impact of read depth on our locus-number estimation method
Next generation sequencing (NGS) data is produced by a stochastic sampling
process, during which variants detected in an individual are selected at random to be
recorded. In single-locus sequences this is not an issue, because if the sequencing results
show two variants we know that there are two variants (i.e. alleles) at that locus. Moreover,
if the sequencing only reveals one variant, the probability of bypassing an equally
proportioned second variant is quite low, so we can be confident that the sample is a
homozygous for that locus (site). However, when dealing with large multi-locus gene
families, there is an increased chance for the replicates in the sequencing sampling process
(read depth) to either completely miss a variant or to sample some variants more than
others despite equal proportions in the individual. This problem is exacerbated when the
read depth is lower than the number of loci in the individual, because it will become
impossible to sample every single variant (in their relative proportions), because there
simply will not be enough replicates to represent each variant in an individual. In the
context of our method, this would create problems with estimating number of loci. To
further test the robustness of our locus-number estimation method, some additional
simulations were done with an added layer of obfuscation to the final dataset. Code was
written to stochastically sample variants within individuals for the final dataset, similarly to
an NGS sampling process. This code sampled alleles from each individual stochastically,
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because in NGS sequencing variants are read stochastically; the chance of a variant being
read depends upon its frequency in the sample from that individual. We then applied our
locus-number estimation to this new simulated NGS dataset to see how it would affect the
accuracy of our locus-number estimation. This new dataset was reduced in scope compared
to the main dataset used, by removing strong selection treatments. Our artificial read depth
value was set to 30. Although for real data, the higher the read depth the better, 30
represents a high value that is also practical for most MHC researchers.

Assessment of simulation results
Simulated data results were assessed by comparison of the 1𝐻𝐻𝐼𝐼𝐼𝐼 measurement to

the 𝐹𝐹𝐼𝐼𝐼𝐼 measurement of the same population. These comparisons were done with linear

regression, as well as by calculating Root Mean Squared Error (RMSE, Equation 2.5).
1
2
∑𝑛𝑛
𝑖𝑖=1(( 𝐻𝐻𝐼𝐼𝐼𝐼 )−(𝐹𝐹𝐼𝐼𝐼𝐼 ))

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 = �

Where n is the number of values.

𝑛𝑛

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.5]

Our data from all treatments had a large proportion of values clustered around 𝐹𝐹𝐼𝐼𝐼𝐼 =

0, which would greatly bias regression results towards replicates that were near 𝐹𝐹𝐼𝐼𝐼𝐼 = 0. To
correct for this, values of 𝐹𝐹𝐼𝐼𝐼𝐼 were binned at intervals of 0.1 from an 𝐹𝐹𝐼𝐼𝐼𝐼 range of -1.05 to

+1.05. Twenty values were randomly sampled within each bin; however, because the -1.05
to -0.95 bin and the -0.95 to -0.85 bin had twenty values total when combined, they were
made to be a single bin. This binning ensures that the range of 𝐹𝐹𝐼𝐼𝐼𝐼 is weighted equally in the
regression, because our simulations primarily gave results close to 𝐹𝐹𝐼𝐼𝐼𝐼 = 0. We recognise
that this binning will have a significant effect on the regression results. Therefore, results
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without this binning can be found in the supplement (Supplement S4). There were no
datapoints that could be in two bins simultaneously.
If all loci were monomorphic (i.e. there is only one variant in the population), 1𝐻𝐻𝐼𝐼𝐼𝐼

will not be accurate, and 𝐹𝐹𝐼𝐼𝐼𝐼 will not work at all. This would be seen as invariance of genetic
patterns across all individuals, so probably these analyses would not be attempted.

However, in an intermediate case in which only some loci were fixed, what would be the
effect on these methods? Fixation of different variants at individual loci for different
variants (locus-specific fixation) would not be known in real NGS data for multilocus genefamilies, but the variance of 1𝐻𝐻𝐼𝐼 can be calculated, which acts as a proxy measure for
fixation. Variance of 1𝐻𝐻𝐼𝐼 would be zero if there is total or locus-specific fixation (all

individuals in the population have the exact same variant proportions through the

population, such as complete fixation across all loci in the family, or locus-specific fixation
for each locus). To identify and deal with cases which are close to fixation for all loci, we
removed replicates that had less 1 × 10−10 variance in 1𝐻𝐻𝐼𝐼 before binning. Again, these
are cases where researchers are unlikely to wish to use 1𝐻𝐻𝐼𝐼𝑆𝑆 or 𝐹𝐹𝐼𝐼𝐼𝐼 .

Assessment of 1𝐻𝐻𝐼𝐼𝐼𝐼 on the simulated NGS data set was analysed using the same

methods above for the full simulated dataset. The data filtering process was slightly

different however, because replicates with low (< 1 × 10−10 ) variance of richness were

removed as opposed to replicates with low (< 1 × 10−10 ) variance of individual Shannon’s

information (as was done for the complete simulated data). The rationale behind this was
that due to the low read depth it was likely that some variants would not be sequenced.
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Dolphin and Penguin Data
While simulations and theory can establish whether the method works as intended
under a known, wide range of mating and selection patterns, it is crucial to investigate
whether a method can overcome the obstacles of real, imperfect datasets. Therefore, we
have applied these methods to MHC class I data from two dolphin populations (Tursiops
sp.), Shark Bay (SB), and Bunbury (BB) (Manlik 2016; Manlik et al, 2016); as well as MHC
from three penguin populations (Eudyptula minor), Perth (PER), Albany (ALB), and
Esperance (ESP) (Vardeh, 2015). We have also compared these results of the dolphin and
penguin MHC data to 𝐹𝐹𝐼𝐼𝐼𝐼 results of microsatellite data (Vardeh, 2015; Manlik et al, 2019b)
from those same populations, as a partial verification of the results of Equation 2.4b.

Additionally, 𝐹𝐹𝐼𝐼𝐼𝐼 was also calculated on what appeared to be a single-locus MHC dataset of
75 female dolphins from SB, using MHC II DQB. This study (Manlik et al. 2019b) was most

likely on a single locus—MHC II DQB. Manlik et al did not detect any patterns in the MHC II
DQB sequences that indicated multiple allelism (i.e. having more than two alleles or
sequence variants per amplicon/individual), gene duplications, stop codons, or frameshifts.
Additionally, comparing MHC DQB sequences of seven mother–father–offspring trios did
not reveal any patterns that were inconsistent with single‐locus Mendelian inheritance.
In the dolphins, MHC I genetic variants were amplified and sequenced using Illumina
MiSeq paired-end sequencing technology at the Ramaciotti Centre of the University of New
South Wales. The primer pairs used in the amplification process targeted MHC variants that
had been previously described as being part of MHC I, exon 2 (Flores-Ramirez et al, 2000) in
gray whales. However, due to the complex multi-locus nature of MHC, for the study it was
not possible to assign MHC amplicon sequences to a particular locus. After quality-filtering
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in MOTHUR (version 1.34.0) (Schloss et al, 2009), true sequence variants were identified
following the general filtering process outlined by Sommer et al (2013) (see Manlik, 2016).
MHC II genetic variants followed the same procedure, but the primer pairs used in the
amplification process targeted (Manlik et al, 2019a). The full MHC data processing and
filtering can be found in Manlik (2016).
The final sample for dolphin MHC I from SB had 24 individuals and BB had 11
individuals. The final results to which we applied our method were sequence variant
1
percentage per individual. We used these proportions for all subsequent calculations, �����
𝐻𝐻𝐼𝐼

was calculated based on the proportions of each variant in each individual pi , (equation
1

𝐻𝐻𝐼𝐼 = − ∑𝑣𝑣𝑖𝑖=1 𝑝𝑝𝑖𝑖 log 𝑝𝑝𝑖𝑖 ), then averaging those Shannon’s information values across all

1
individuals to get �����
𝐻𝐻𝐼𝐼 in Equation 2.4b. 1𝐻𝐻𝑆𝑆 was calculated by averaging proportions of

each sequence variant across individuals, then calculating Shannon’s information based on
these new proportions Pi. To estimate number of loci, for each individual we divided each Pi

by the lowest Pi, then summed these ratios to give a new value. That value was then divided
by two and rounded to zero decimal places for the individual with the most variants.
However, misreads can heavily influence the maximum value obtained from the individual
with the most variants, and this can lead to incorrect results. So, in addition to that One
Individual locus-number estimation, we also calculated 1𝐻𝐻𝐼𝐼𝐼𝐼 using the average and the

mode from all individuals. Average and mode Locus-number calculations were rounded to
the nearest integer because loci only exist as whole numbers.
We also applied our method to the Penguin MHC data, that was summarised as
number of sequence variant reads per individual. The data had sequences reads for 8766
different MHC variants, after filtering to remove any variant that only occurred once in the
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whole population (Vardeh, 2015). We then further filtered to remove any sequence read
that did not make up at least 10% of an individual penguin’s reads. Sequences that were
filtered out of one penguin could still occur in data for other penguins. This was done
primarily to remove low read counts within each penguin. The problems with misreads
influencing One Individual locus-number estimation discussed above with the dolphin data
holds true for the penguin data, so again, in addition to a One Individual locus-number
estimation, we calculated 1𝐻𝐻𝐼𝐼𝐼𝐼 using the average and the mode of L (Table 2.3). Locus-

number calculations were rounded to the nearest integer because loci do not naturally
occur in fractions.
When assessing the results of the dolphin and penguin data we cannot obtain
replication within the individual population, so statistical methods cannot be applied.

Instead, we assessed whether the direction of departure from random mating (positive or
negative) was consistent between the MHC 1𝐻𝐻𝐼𝐼𝐼𝐼 and the microsatellite 𝐹𝐹𝐼𝐼𝐼𝐼 , as well as MHC

I 1𝐻𝐻𝐼𝐼𝐼𝐼 and single-locus MHC II 𝐹𝐹𝐼𝐼𝐼𝐼 In the dolphins. In doing these comparisons, we must

bear in mind that they would only be expected to show deviations from zero in the same

direction if both were controlled by the same processes, such as no selection but some
inbreeding, or random mating with the same selection on all loci, which is unlikely. For the
Dolphin populations, Manlik (2016) assumed the MHC genes were under selection, and the
microsatellite loci were thought to be neutral.
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Results
Simulated dataset results
Results were analysed to investigate if our conclusions about a population’s positive
or negative assortative mating using a 1𝐻𝐻𝐼𝐼𝐼𝐼 value without knowledge of what variants were
allelic to which locus, were the same as the conclusions that we would draw using an 𝐹𝐹𝐼𝐼𝐼𝐼

value in the unrealistic scenario that we actually knew what variants were allelic to which
locus. Simulated results were analysed as a combined dataset (with all treatments together,
Figure 2.2), as well as when separated by different treatment parameters such as number of
loci and allele distribution (Figure 2.3 to Figure 2.6). The comparison of

1

𝐻𝐻𝐼𝐼𝐼𝐼 values with

their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 values across the whole binned dataset, showed a strong regression
fit, close to the expected 45° line (Figure 2.2). Examining only simulations that altered the

number of loci that were set in each simulation, showed that 1𝐻𝐻𝐼𝐼𝐼𝐼 results performed well in
all cases, but 1𝐻𝐻𝐼𝐼𝐼𝐼 had lower RMSE and higher R-squared with a larger number of loci

(Figure 2.3). Three-locus treatments only showed a range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from ~-0.5 to 1, five

locus treatments from ~-0.5 to 1, and ten locus treatments showed the full range from -1 to
1. Simulations given one of two variant distribution treatments showed that 1𝐻𝐻𝐼𝐼𝐼𝐼 performed
well in both cases, but better in the ‘Uneven’ variant distribution treatment (Figure 2.4).
1

𝐻𝐻𝐼𝐼𝐼𝐼 in Even treatments showed a reduced range of 𝐹𝐹𝐼𝐼𝐼𝐼 values, from ~-0.5 to 1, whereas

Uneven treatments showed the full range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from -1 to 1.
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Figure 2.2: Regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 in simulated data that has had replicates with low 1𝐻𝐻𝐼𝐼
variance removed. 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and ‘selection’ treatment
parameters shown in the methods section. The total binned data, with all treatments
together are shown. Blue line indicates a regression slope, the Red line indicates the
expected 1:1 slope for perfect agreement between the methods. Regression analysis showed
an R-squared of 0.756, p = < 0.001 and RMSE= 0.398. Non-binned data can be found in the
supplement (Figure 2.S4.1).
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Figure 2.3: How number of loci affects the regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 . Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼
results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated binned data that has had replicates
with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. The three panels show
treatments with differing numbers of loci set up in the simulation, indicated above in each
panel. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope. In
treatments with three loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.445, p-value = < 0.05 and RMSE =
0.334. In treatments with five loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.452, p-value = < 0.05 and
RMSE = 0.368. In treatments with ten loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.861, p-value = <
0.05, and RMSE = 0.255. Non-binned data can be found in the supplement (Figure 2.S4.2).
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Figure 2.4: How allele variant distribution affects the regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 . Comparison
of 1𝐻𝐻𝐼𝐼𝐼𝐼 results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated binned data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. The two panels show
treatments with differing distribution of variants in the simulation, indicated above in each
panel. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope. In
treatments with an Even variant distribution, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.593, p-value =
< 0.05, and RMSE = 0.333. In treatments with an Uneven variant distribution, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed
R-squared of 0.795, p-value = < 0.05, and RMSE = 0.300. Non-binned data can be found in
the supplement (Figure 2.S4.3).
Simulation results were also analysed by separating data based on the demographic
parameters: population size and generations of breeding. Simulations were set to run for
one of three generation times, giving other treatment parameters more time to affect the
data. There was good regression fit in all cases, though slightly weaker with the longest
generation time (Figure 2.5). As generation time within each simulation increased, number
of replicates with low 1𝐻𝐻𝐼𝐼 variance also increased. Simulations were run with each of two

population sizes, which marginally influenced accuracy of 1𝐻𝐻𝐼𝐼𝐼𝐼 , and the range of values for
1

𝐻𝐻𝐼𝐼𝐼𝐼 and 𝐹𝐹𝐼𝐼𝐼𝐼 (Figure 2.6). Note that in the larger population sizes, values tended to form

clusters, which related to initial values of variables other that population size: Small families
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simulated for ten generations (𝐹𝐹𝐼𝐼𝐼𝐼 = ~0.45 cluster); Small families simulated for 30 and 50

generations (𝐹𝐹𝐼𝐼𝐼𝐼 = 0.6+ cluster); random mating and selection treatments (𝐹𝐹𝐼𝐼𝐼𝐼 = ~0 cluster).

Figure 2.5: How number of generations simulated affects the regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼
comparison. Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼 results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated
binned data that has had replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were
manipulated via ‘mating’ and ‘selection’ treatment parameters shown in the methods
section. The three panels show treatments with differing numbers of generations simulated,
indicated above in each panel. Blue line indicates a regression slope, the Red line indicates
the expected 1:1 slope. Ten-generation data had an r-squared of 0.827, p-value = < 0.05 and
RMSE = 0.299. Thirty-generation data had an r-squared of 0.855, p-value = < 0.05, and RMSE
= 0.273. Fifty-generation data had an r-squared of 0.723, p-value = < 0.05, and RMSE =
0.362. Non-binned data can be found in the supplement (Figure 2.S4.4).
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Figure 2.6: How population size affects the regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 comparison.
Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼 results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated binned data
that has had replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated
via ‘mating’ and ‘selection’ treatment parameters shown in the methods section. The two
panels show treatments with differing population sizes in the simulations, indicated above in
each panel. Blue line indicates a regression slope, the Red line indicates the expected 1:1
slope. In population sizes of 40, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an r-squared of 0.749, p-value = < 0.05, and
RMSE = 0.304. In population sizes of 400, 1𝐻𝐻𝐼𝐼𝐼𝐼 an r-squared of 0.769, p-value = < 0.05, and
RMSE = 0.340. In 400 population size treatments, there was a reduced range of 𝐹𝐹𝐼𝐼𝐼𝐼 values,
from ~-0.5 to 1, whereas 40 population size showed the full range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from -1 to 1.
Non-binned data can be found in the supplement (Figure 2.S4.5).
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Simulated NGS data
To investigate the effect of low read depth, additional simulations were also
analysed on data that has been obfuscated in a similar way to real NGS data, due to low
read depth. These simulated NGS-like data increased the error of our locus-number
estimates, and thus gave worse regression results than their non-NGS like counterpart in
Figure 2.2, though still with good R-squared and RMSE (Figure 2.7).

Figure 2.7: Results of 1𝐻𝐻𝐼𝐼𝐼𝐼 regressed against 𝐹𝐹𝐼𝐼𝐼𝐼 on binned NGS like data. Comparison of
1
𝐻𝐻𝐼𝐼𝐼𝐼 results to their corresponding binned 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated NGS data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. Blue line indicates a
regression slope, the Red line indicates the expected 1:1 slope. 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of
page 54

Chapter 2

0.407, p-value = < 0.05, RMSE = 0.441. Non-binned data can be found in the supplement
(Figure 2.S14.6).

Dolphin Data
All values and results from the 1𝐻𝐻𝐼𝐼𝐼𝐼 calculations, along with 𝐹𝐹𝐼𝐼𝐼𝐼 results from the

microsatellite data are listed in Table 2.2. Shark Bay (SB) microsatellite data for the same
population showed results that agree with the sign of our 1𝐻𝐻𝐼𝐼𝐼𝐼 method for MHC I in the
same population. For SB the positive 1𝐻𝐻𝐼𝐼𝐼𝐼 values suggest inbreeding or selection for

homozygotes, which is consistent with the 𝐹𝐹𝐼𝐼𝑆𝑆 , based on microsatellites. However, the 1𝐻𝐻𝐼𝐼𝐼𝐼
gave values an order of magnitude larger than 𝐹𝐹𝐼𝐼𝐼𝐼 . Also at SB, the 𝐹𝐹𝐼𝐼𝐼𝐼 value of MHC II DQB

showed a negative 𝐹𝐹𝐼𝐼𝐼𝐼 value, indicating a disagreement with the 1𝐻𝐻𝐼𝐼𝐼𝐼 results and 𝐹𝐹𝐼𝐼𝐼𝐼 from

the microsatellites. For Bunbury (BB) the MHC I 1𝐻𝐻𝐼𝐼𝐼𝐼 results based on the average or mode
locus-number estimates are consistent with the microsatellite 𝐹𝐹𝐼𝐼𝐼𝐼 value in both direction

and magnitude. However, the One Individual locus-number estimate, based on the BB 1𝐻𝐻𝐼𝐼𝐼𝐼
is not comparable to the microsatellite 𝐹𝐹𝐼𝐼𝐼𝐼 value – both with respect to direction and
magnitude (Table 2.2).
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Population

Shark Bay
(SB)

Bunbury
(BB)

MHC I sequences
Loci
Locus
number
number
Estimation Estimate
Method
(nonrounded)
Average
6 (5.5)

������
𝟏𝟏
𝑯𝑯𝑰𝑰

𝟏𝟏

𝑯𝑯𝑺𝑺

𝑬𝑬𝒔𝒔

1.787 2.371 0.746

𝟏𝟏

𝑯𝑯𝑰𝑰𝑰𝑰

0.540

Mode

5 (4.5)

One
Individual
Average

9 (8.5)

1.091

3 (3.3)

Mode

3 (3.0)

0.617 0.015
0.015

One
Individual

10 (10)

1.119 1.48

0.356

Microsatellite
data
𝑭𝑭𝑰𝑰𝑰𝑰 *

MHC
II
DQB
Single
locus
𝑭𝑭𝑰𝑰𝑰𝑰

0.0327

-0.024

-0.0376

NA

1.038

Table 2.2: Heterozygote deficit or excess in MHC variants and microsatellites in dolphin
1
populations – Locus number estimates, �����
𝐻𝐻𝐼𝐼 values, 1𝐻𝐻𝑆𝑆 values, 𝐸𝐸𝑠𝑠 values and 1𝐻𝐻𝐼𝐼𝐼𝐼 values
for each population and locus number estimation method. * 𝐹𝐹𝐼𝐼𝐼𝐼 values are estimated from
microsatellite data from the same populations (Manlik, 2016; Manlik et al, 2019a).
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Penguin Data
MHC sequence data were collected for three populations of little penguins
(Eudyptula minor) in Western Australia (Vardeh, 2015). Results from 1𝐻𝐻𝐼𝐼𝐼𝐼 calculations,

along with 𝐹𝐹𝐼𝐼𝐼𝐼 results from microsatellite data, are tabulated in Table 2.3. Each individual

1
penguin had relatively little diversity of variants ( �����
𝐻𝐻𝐼𝐼 in Table 2.3). In contrast the

populations showed a relatively large amount of diversity of MHC variants across individuals

( 1𝐻𝐻𝑆𝑆 in Table 2.3). 𝐹𝐹𝐼𝐼𝐼𝐼 values based on microsatellite data agree with the sign of the MHC
1

𝐻𝐻𝐼𝐼𝐼𝐼 values for the same population (Table 2.3), and both estimates indicate a heterozygote

deficit. Notably, results for the ALB and ESP populations gave 1𝐻𝐻𝐼𝐼𝐼𝐼 values that are at least
an order of magnitude larger than 𝐹𝐹𝐼𝐼𝐼𝐼 , although both 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 suggested that the
populations have a deficit of heterozygotes.
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Locus

Population

Loci number

number

Estimation

Estimate

Method

(non-

������
𝟏𝟏
𝑯𝑯𝑰𝑰

𝟏𝟏

𝑯𝑯𝑺𝑺

𝑬𝑬𝒔𝒔

𝟏𝟏

𝑯𝑯𝑰𝑰𝑰𝑰

𝑭𝑭𝑰𝑰𝑰𝑰

(based on
microsatellite
data)*

rounded)
Average

1 (1.36)

Perth

Mode

1 (1)

(PER)

One

0.459
0.362 1.865 0.750 0.459

Individual

4 (3.54)

2.27

Average

1 (1)

0.568

Albany

Mode

1 (1.02)

(ALB)

One

0.411 2.279 0.888 0.568

Individual

3 (2.88)

2.02

Average

1 (0.89)

0.702

Esperance

Mode

1 (1)

(ESP)

One
Individual

3 (3.22)

0.246 2.345 0.889 0.702

0.342

0.001

0.093

2.29

Table 2.3: Heterozygote deficit or excess of MHC and microsatellites in penguin populations
1
- Locus number estimates, �����
𝐻𝐻𝐼𝐼 values, 1𝐻𝐻𝑆𝑆 values and 1𝐻𝐻𝐼𝐼𝐼𝐼 values for each population and
locus number estimation method. The MHC data were filtered to remove sequence reads
that did not make up at least 10% of the sequence reads per individual. * 𝐹𝐹𝐼𝐼𝐼𝐼 values are
estimated from microsatellite data from the same populations from Vardeh, (2015).
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Discussion
𝐹𝐹𝐼𝐼𝐼𝐼 is an important tool for the management and investigation of a population’s

genetic structure and adaptation, so it will be useful that our 1𝐻𝐻𝐼𝐼𝐼𝐼 method can overcome

the limitations of 𝐹𝐹𝐼𝐼𝐼𝐼 on multi-gene families, such as MHC genes. On the basis of simulations
and real data of natural populations 1𝐻𝐻𝐼𝐼𝐼𝐼 showed a strong relationship to 𝐹𝐹𝐼𝐼𝐼𝐼 (Figures 2.22.7; Tables 2.2 and 2.3), making 1𝐻𝐻𝐼𝐼𝐼𝐼 a useful tool for analysing mating patterns and

selection in data from multi-locus gene families or polyploid species, when conventional 𝐹𝐹𝐼𝐼𝐼𝐼

is unable to be calculated. Simulations showed that Equation 2.4b worked well under a wide
variety of positive and negative assortative mating and selection parameters. The fit
between 1𝐻𝐻𝐼𝐼𝐼𝐼 and 𝐹𝐹𝐼𝐼𝐼𝐼 was good irrespective of the number of loci and the evenness of

variants (Figures 2.3 and 2.4). However, it is worth noting that in our simulations, the

number of loci and the evenness of variants strongly affected the range of values of 1𝐻𝐻𝐼𝐼𝐼𝐼

and 𝐹𝐹𝐼𝐼𝐼𝐼 . When there were only three loci, both 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 did not go below ~-0.5 (Figure

2.3). This may be due to the selection scheme in our simulation, which implemented

selection only during selection of parents, and not through offspring survival. The result was
generated from a single generation of random mating without selection at the end of the
simulation, which would bring 𝐹𝐹𝐼𝐼𝐼𝐼 towards zero. This is most apparent in the Strong

Selection for Heterozygote treatment, where the final population would not be 100%
heterozygotes because mating only between heterozygotes produces homozygotes, if the
parents have one or two shared alleles (out of the ten possible). Compared to treatments
with three loci, treatments with ten loci would usually have a wider range of 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼

values, and so some ten-locus replicates would maintain their low 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 values,

whereas this is less likely to happen with three-locus treatments (Figure 2.3). The 1𝐻𝐻𝐼𝐼𝐼𝐼 to 𝐹𝐹𝐼𝐼𝐼𝐼
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comparison showed slightly more favourable regression result and lower RMSE when the
variant distribution was ‘Uneven’, as well as showing a slightly better fit to the expected 1:1
(45o) line (Figure 2.4). This is likely partly due to ‘Uneven’ treatments having the full range
of -1 to +1 𝐹𝐹𝐼𝐼𝐼𝐼 , and ‘Even’ treatments not going below -0.5 𝐹𝐹𝐼𝐼𝐼𝐼 . This restricted range could

be because uneven allele distribution could give a wider range of 𝐹𝐹𝐼𝐼𝐼𝐼 values, as a result of
both 𝐻𝐻𝑒𝑒 and 𝐻𝐻𝑜𝑜 being very small, so that slight deviations could make a large change in
Equation 2.4b, resulting in the full range of values from -1 to +1. Figure 2.5 shows that

relationship between 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 gave high R-squared values for all generation times

trialled, although slightly better at shorter generation times (30 and 10). However, it should
be noted that despite the greater scatter, the departure from the expected 1:1 (45o) line
decreased as generation time increased in Figure 2.5. As generation time in our simulation
treatments increased, there was the potential for genetic drift to alter genotype
proportions, including creation of fixed loci with no variants. This would lower Shannon’s
information 1𝐻𝐻𝑆𝑆 (O’Reilly et al, 2020) as well as 𝐻𝐻𝑒𝑒 , because 𝑀𝑀𝑀𝑀𝑀𝑀 1𝐻𝐻𝑆𝑆 = 𝐿𝐿𝐿𝐿(𝑉𝑉) , and

𝑀𝑀𝑀𝑀𝑀𝑀 𝐻𝐻𝑒𝑒 = 1 − 1/𝑉𝑉 where V is the number of genetic variants in the population. Values
of 1𝐻𝐻𝐼𝐼 and 𝐻𝐻𝑜𝑜 would be secondarily restricted. It is unclear why this would cause slightly
better agreement between 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 .

When the population size was 400 both 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 values tended to cluster

within treatments (low variance of 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 in ‘small families’ treatments under

different ‘generation time’ treatments), as well as having a lower range of 𝐹𝐹𝐼𝐼𝐼𝐼 values (Figure
2.6). Again, we believe this is due to the variance in population demographics being
lessened in a larger population size (Hedrick, 1994). This would explain why these
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population size of 400 treatments clustered within treatments and did not extend into more
negative 𝐹𝐹𝐼𝐼𝐼𝐼 values.

An extreme result of drift is fixation of one or more loci. Population wide fixation is

easy to observe without any sophisticated methods because there would be zero genetic
diversity, so 1𝐻𝐻𝑠𝑠 and He are zero therefore and 1𝐻𝐻𝐼𝐼𝐼𝐼 and 𝐹𝐹𝐼𝐼𝐼𝐼 are undefined (Table 2.4, first

row). It is unlikely that a researcher would be interested in calculating either statistic from
such data.
Scenario

Genotype of every
individual (with 4

1

𝐻𝐻𝐼𝐼𝐼𝐼 result

𝐹𝐹𝐼𝐼𝐼𝐼 result

loci)
Total Fixation
locus specific
fixation

𝐶𝐶1 𝐶𝐶1 𝐶𝐶1 𝐶𝐶1
; ; ;
𝐶𝐶1 𝐶𝐶1 𝐶𝐶1 𝐶𝐶1
𝐶𝐶1 𝐶𝐶2 𝐶𝐶3 𝐶𝐶4
; ; ;
𝐶𝐶1 𝐶𝐶2 𝐶𝐶3 𝐶𝐶4

Undefined

Undefined / 0

-1

Undefined / 0

Table 2.4: Two different scenarios for cases in which 1𝐻𝐻𝐼𝐼𝐼𝐼 would give inaccurate results.
A more subtle situation where 1𝐻𝐻𝐼𝐼𝐼𝐼 will give inaccurate results is when there is

locus-specific fixation, which occurs when each different locus is fixed for different variants
(Table 2.4, second row). When applied to a dataset with such a fixation pattern, 𝐹𝐹𝐼𝐼𝐼𝐼 would

again be undefined, whereas 1𝐻𝐻𝐼𝐼𝐼𝐼 will give negative values. Because 1𝐻𝐻𝐼𝐼𝐼𝐼 is not locus-

specific, it will not be able to detect such a pattern of fixation, and will instead interpret the
individuals to be maximally diverse across the population, and assume a that some form of
selection or demographic process is driving that diversity to give a negative 1𝐻𝐻𝐼𝐼𝐼𝐼 value. A
very extreme case of locus-specific fixation (where every single locus is completely fixed
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across the population, as in Table 2.4, second row) can be detected by looking at variance of
1

𝐻𝐻𝐼𝐼 across the population, because it will be zero in such a case. But the more insidious

cases, where say half the loci are fixed, can be very difficult to detect, and would give 1𝐻𝐻𝐼𝐼𝐼𝐼 a

negative bias on such datasets. While in our study we removed values with low variance of
1

𝐻𝐻𝐼𝐼 , 1𝐻𝐻𝐼𝐼𝐼𝐼 did actually work well in some instances where 1𝐻𝐻𝐼𝐼 was 0. When 𝐹𝐹𝐼𝐼𝐼𝐼 =-1, and

variance of 1𝐻𝐻𝐼𝐼 was 0, 1𝐻𝐻𝐼𝐼𝐼𝐼 did tend to give values around the -0.9 range. However, these

data, while showing correct results, were filtered out of our final dataset based on the
criteria set out in the methods section. This situation only occurred in ~0.003% of our

simulations and seems to only be the case when every individual in the population has the
exact same heterozygote genotype.
There are several reasons for caution when estimating number of loci, but there are
appropriate steps to take to help minimise these factors. Firstly, as mentioned above, the
estimation of number of loci assumes that the sample will have at least one individual
possessing a singleton variant, so that the number of loci can be calculated for Equation
2.4b. This requirement can cause Equation 2.4b to not be accurate in situations where the
data would not expect to have singletons, such as a population with few, but equally
abundant variant sequences and many loci. This makes sense, as it is less likely for any
individual to have a singleton variant, if their genotype is dominated by 1 or 2 variants
across many loci. Secondly, NGS data also poses some problems with accuracy of our locusnumber estimation. Due to the stochasticity of NGS, it is not always going to output the
correct allele proportions needed to give an accurate estimate.
While our locus-number estimate is helpful if there is no prior data on a study
population, we would not recommend our one-individual method as a substitute to a robust
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independent investigation of number of loci in a species. The one-individual method for
locus estimation was sensitive to misreads, however the mode and mean loci estimation
methods were far more robust to the stochasticity of real NGS data.
Assessing the dolphin and penguin results is difficult, because there may be different
selective and demographic pressures on MHC genes used to measure 1𝐻𝐻𝐼𝐼𝐼𝐼 , compared to

the microsatellites used to measure 𝐹𝐹𝐼𝐼𝐼𝐼 . Therefore, the differences in 1𝐻𝐻𝐼𝐼𝐼𝐼 and 𝐹𝐹𝐼𝐼𝐼𝐼 results in

Table 2.2 and Table 2.3 could be explained either by error or by selection. If the selective

differences are the cause of deviation, it would imply that selection is driving MHC I diversity
into more extreme heterozygote deficits in SB (or less extreme heterozygote excess in BB)
than those for the presumably nearly-neutral microsatellites which may only be responding
to mild inbreeding. This would require further investigation to identify such selective
pressures on MHC I. However, such an interpretation is strengthened by the disagreement
of the two 𝐹𝐹𝐼𝐼𝐼𝐼 values for SB: the microsatellite 𝐹𝐹𝐼𝐼𝐼𝐼 and the MHC II DBQ 𝐹𝐹𝐼𝐼𝐼𝐼 (Table 2.2).

These values are likely due to different selective pressures acting on microsatellites and
MHC II, with the microsatellites (and nearby linked genes) possibly being neutral, affected
only by inbreeding, while the MHC II may have been subject to selection that favoured
heterozygotes.
Between the dolphin populations, the main demographic difference was in
population size, with SB having ~3000 individuals, and BB having ~250 individuals (Manlik et
al, 2016). Although the BB population is smaller, it is also more open to immigration from
other populations, which is thought to have increased in recent generations (Manlik et al,
2019a), so it is reasonable that both 𝐹𝐹𝐼𝐼𝐼𝐼 and 1𝐻𝐻𝐼𝐼𝐼𝐼 are close to zero. It is known that some
inbreeding occurs in Shark Bay (Frère, 2010), so positive 𝐹𝐹𝐼𝐼𝐼𝐼 there is as expected for the
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microsatellites. Again, the higher positive 1𝐻𝐻𝐼𝐼𝐼𝐼 , compared to 𝐹𝐹𝐼𝐼𝐼𝐼 , could be due to selection

on MHC or to error of the method. There could possibly be selective effects acting on MHC I,
which would have to be against MHC heterozygotes to elevate the apparent heterozygote
deficit in MHC relative to microsatellites; selection for and against MHC heterozygotes is
known in other species (Sommer, 2005). Alternatively, there may have been mis-estimation
of the number of loci. Once again, Manlik was attempting to amplify a single MHC locus in
MHC I but could not confirm that this was achieved (Manlik, 2016). Possibly we have underestimated the number of loci, which would have depressed our estimated value of 1𝐻𝐻𝐼𝐼𝐼𝐼 .

Nevertheless, the direction of departure from random mating is consistent across the two
dolphin populations, except when using the One Individual estimate for number of loci in
the BB dolphin population, which gave a positive 1𝐻𝐻𝐼𝐼𝐼𝐼 value, where the 𝐹𝐹𝐼𝐼𝐼𝐼 value was

negative using microsatellite data; or with the MHC II DBQ dataset. It is also known that the
MHC II DBQ nucleotide diversity in SB is very high compared to BB (Manlik et al, 2019b), so if
there is a selective pressure for heterozygotes or negative assortative mating, this could
help explain MHC II DBQs negative 𝐹𝐹𝐼𝐼𝐼𝐼 value because heterozygotes would tend to be
maintained in the population.

Compared to the dolphins, the penguins also show that the direction of departure
from random mating is consistent across the populations, but the penguins show an
alternative explanation for the difference in magnitude of the 1𝐻𝐻𝐼𝐼𝐼𝐼 and 𝐹𝐹𝐼𝐼𝐼𝐼 values. Our

analysis of the penguin dataset may have encountered the limitation described above, of
difficulty of identifying true singletons for the locus-number estimation. We tested methods
from the literature that are designed to help with singleton estimation, however they were
not useful in this case (Supplement 2.S3). Once data were filtered, individual penguins
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showed very little diversity within them, and gave an estimate of number of loci of 1-4,
which seems quite low for an MHC multi-locus gene family, although Vardeh (2015) was
attempting to amplify a single member of the gene family. If our estimate of number of loci
was too low, the value of Equation 2.4b would be depressed, and if it were too high, the
value would be elevated. Elevation seems more likely, given that 1𝐻𝐻𝐼𝐼𝐼𝐼 gave positive values
(indicating an excess of homozygote loci) which agrees with the direction of heterozygote

deficit indicated by the microsatellite dataset, but with much greater magnitude. However,
this elevation may not have come from our locus-number estimate, as for two of the three
of the locus-number estimations used in Table 2.3, the estimate was one locus, therefore
not possibly being an underestimation.
The use of 1𝐻𝐻𝐼𝐼𝐼𝐼 unlocks potential for evolutionary and ecological studies

investigating positive or negative assortative mating or selection using current and old data
sets on multi-locus gene families, especially of non-model species. The RMSE of 1𝐻𝐻𝐼𝐼𝐼𝐼 ranged

from 0.2 to 0.5, which shows room for improvement with additional research. However,

currently there is no alternative method to fill the role of 1𝐻𝐻𝐼𝐼𝐼𝐼 . This can augment traditional
𝐹𝐹𝐼𝐼𝐼𝐼 studies on single locus genes. Thus, multi-locus gene family data sets can now be used to
gain an understanding of assortative mating or selective pressures on these extremely

important gene-families in wild populations. Such conclusions could not only give historical
context to the populations studied, but also be used to guide future studies on related
populations, especially in conservation applications. The power of 1𝐻𝐻𝐼𝐼𝐼𝐼 comes from four

possibilities:
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1. Researchers will be able to design studies that not only look at diversity in multilocus gene families but also analyse the positive or negative assortative mating
/selective pressures on those same gene families.
2. Researchers will be able to more directly study specific multi-locus gene families that
are known to have an impact on mating and adaptation (such as MHC genes) and
their population wide effects.
3. This method could be applied retrospectively to datasets collected before that
method existed, thus allowing researchers to utilise old MHC datasets to gain new
insights into previously studied populations.
4. The new method is also directly applicable to cases where the entire genome is
replicated, such as polyploidy.
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Abstract
This study provides predictive equations for Shannon’s information in a finite
population, which are intuitive and simple enough to see wide scale use in molecular
ecology and population genetics. A comprehensive profile of genetic diversity contains
three complementary components: numbers of allelic types, Shannon's information and
heterozygosity. Currently heterozygosity has greater resources than Shannon’s information,
such as more predictive models and integration into more mainstream genetics software.
However, Shannon’s information complements heterozygosity as a measure of genetic
diversity by having greater sensitivity to rare variants, so it is important to develop
Shannon's information as a new tool for molecular ecology. Past efforts at making forecasts
for Shannon’s information in specific molecular ecology scenarios mostly dealt with
expectations for Shannon’s information at genetic equilibrium, but dynamic forecasts are
also vital. In particular, we must be able to predict loss of genetic diversity when dealing
with finite populations, because they risk losing genetic variability, which can have an
adverse effect on their survival. We present equations for predicting loss of genetic diversity
measured by Shannon's information. We also provide statistical justification for these
models by assessing their fit to data derived from simulations and managed, replicated
laboratory populations. The predictive models will enhance the usefulness of Shannon's
information as a measure of genetic diversity; they will also be useful in pest control and
conservation.
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Introduction
It is common for molecular ecology to deal with the diversity of genetic variants
available in a group of organisms (Parra et al, 2018; Gurgel et al, 2020 ; San Juan et al, 2021).
A comprehensive genetic diversity profile contains three complementary components:
numbers of allelic types, Shannon's information and heterozygosity. These often provide
different insights into evolutionary and ecological processes, as each component has
different sensitivity to particular factors, such as the rarity of alleles (Sherwin et al, 2017).
The one component of the profile is number of allelic types (S, commonly transformed to
allelic richness 0𝐻𝐻 or S-1), which is the most sensitive to the rare alleles that are likely to be
important for future adaptation (Bolton et al, 2017). Another component of the profile

called heterozygosity (called 𝐻𝐻𝑒𝑒 in previous chapters, but referred to as 2𝐻𝐻 in Chapter 3

because that is the format Chapter 3 was published) is mostly determined by common
alleles, and is calculated by the following equation (Halliburton, 2004),
𝑆𝑆

𝐻𝐻 = 1 − � 𝑝𝑝𝑖𝑖2

2

𝑖𝑖=1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.1]

, where 𝑆𝑆 is the number of different types of alleles, 𝑖𝑖 is an index for the individual allele
types, and 𝑝𝑝𝑖𝑖 is the proportion of allele 𝑖𝑖 in the population.

The other component of the profile is Shannon’s information (1𝐻𝐻 ), which is the focus

of this paper. Shannon’s information (1𝐻𝐻 ) avoids undue emphasis on either rare or common
alleles. When using Shannon’s information ( 1𝐻𝐻 ) to quantify genetic diversity, Equation 3.2 is
used (Shannon, 1949).

1

𝑆𝑆

𝐻𝐻 = − � 𝑝𝑝𝑖𝑖 𝑙𝑙𝑙𝑙 𝑝𝑝𝑖𝑖
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[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.2]
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The 0𝐻𝐻 , 1𝐻𝐻 and 2𝐻𝐻 notations for each diversity component are derived from the q-profile

discussed in Sherwin et al, 2017. Shannon's information (1𝐻𝐻 ) was originally intended for use

in telecommunications as a measure of how much information was transmitted in a textbased message. Shannon's information (1𝐻𝐻 ) for genes is a measure of entropy or

uncertainty about the alleles that would be found in a sample of individuals. Shannon
himself applied Equation 3.2 to genetics, however his writings on the topic went
unpublished until 1993 (Shannon, 1993) and were not widely used in genetics. In contrast,
Shannon's information ( 1𝐻𝐻 ) is one of the most frequently used abundance-sensitive
diversity measures in ecology (Buddle, et al 2005; Bulit et al, 2009).

It is important to develop the use of Shannon measures for molecular ecology
because they uniquely combine several desirable characteristics for tracking evolutionarily
important phenomena. These characteristics include:
1 - Shannon’s information (1𝐻𝐻 ) is an integral component of the diversity profile mentioned

above.

2- By avoiding undue emphasis on either rare or common alleles, Shannon approaches can
have greater sensitivity than methods based on numbers of alleles or heterozygosity (2𝐻𝐻 )
(Sherwin et al, 2017).

3- Unlike heterozygosity ( 2𝐻𝐻 ), Shannon's information (1𝐻𝐻 ) does not ignore rare allele

variants, which can often be crucial in identifying disease and studying adaptions to climate
change (Sherwin et al, 2017).
4- Shannon approaches clearly distinguish types of genetic variation that are important for
evolution and management: within-locality, among-locality differentiation, and total
diversity; many common methods derived from heterozygosity (2𝐻𝐻 ). (such as 𝐺𝐺𝑆𝑆𝑆𝑆 )
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confound these estimates (Jost, 2008).
5- Shannon-based measures respond in an intuitively appealing fashion to addition of new
alleles (‘monotonicity’ and ‘replication’) (Sherwin et al, 2017).
6- Shannon information measures have minimal sampling problems if appropriate
estimation methods are used (unlike 0𝐻𝐻 numbers of allelic types, which is affected by
missing rare alleles) (Chao et al, 2014).

7- Shannon outperforms other approaches for genetic estimation of dispersal, including
tracking invasion patterns (Sherwin et al, 2006; Sherwin et al, 2017).
8- Aside from simply documenting variation, Shannon has great utility in other aspects of
molecular ecology and evolution, such as detecting selection and gene expression patterns
(Yoder et al, 2014; Moore et al, 2017).

Predictive equations and their testing
Given the utility of Shannon’s information, it is important to have the same
predictive ability that we have for 2𝐻𝐻 and 0𝐻𝐻 , or better. Therefore, we present equations

for predicting loss of genetic diversity measured by Shannon's information ( 1𝐻𝐻 ), in isolated
populations of limited size. Past efforts have dealt with expectations for Shannon’s

information (1𝐻𝐻 ) at genetic equilibrium (Sherwin et al, 2006; Dewar et al, 2011; Chao et al,
2015), However, dynamic forecasts are also important, but such forecasts are unavailable

except in the limited case of biallelic loci with known prior allele proportions (Dewar et al,
2011). In particular, we must be able to predict loss of genetic diversity when dealing with
populations that have restricted size, because they risk losing genetic variability, which can
have an adverse effect on their adaptive potential and survival (Frankham, 2005).

page 77

Chapter 3

Thus, there is a need to create an equation for change of Shannon’s information (1𝐻𝐻 )

analogous to the predictive equations that allow researchers to either predict the future

heterozygosity ( 2𝐻𝐻 ) of a finite isolated population from its initial parameters, or to use the

same equations to use change of heterozygosity to assess hypotheses about the population

size or diversity of previous generations of a population (Wright, 1931; Luikart et al, 1998a;
Luikart et al, 1998b). These methods are beneficial in monitoring threatened populations as
well as creating adaptive management plans for their conservation (Goudie, 2014). For
example, the expected loss of Hardy-Weinberg expected heterozygosity (2𝐻𝐻 ) in a finite
population due to random genetic drift is expressed by the equation we call ‘Het-het’
(Halliburton, 2004):

2

𝐻𝐻𝑡𝑡 = 2𝐻𝐻0 �1 −

1 𝑡𝑡
�
2𝑁𝑁𝑒𝑒

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.3]

where t is number of generations, 2𝐻𝐻 t is Hardy-Weinberg expected heterozygosity ( 2𝐻𝐻 ) at

generation t, 2𝐻𝐻 0 is the initial heterozygosity (2𝐻𝐻 ) and 𝑁𝑁𝑒𝑒 is effective population size. This
expresses the greater rate of stochastic loss of variability (2𝐻𝐻 ) due to genetic drift in a
population of smaller effective size. Methods were also developed to forecast allelic
richness 0𝐻𝐻 under equilibrium (Ewens, 1979 - Equation 3.79).

Our aim is to explore multiple methods that might allow us to make similar

predictions for Shannon's information ( 1𝐻𝐻 ) under genetic drift within a finite isolated

population. The performance of the current predictive equation for heterozygosity (Hethet, Equation 3.3) will be the standard to which we compare performance of the predictive
equations for Shannon’s information (1𝐻𝐻 ). Het-het is used as the standard because it is well
established in the field and performs the same task for heterozygosity (2𝐻𝐻 ) that we wish to
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develop for Shannon’s information ( 1𝐻𝐻 ). All equations were assessed using two sets of test
data, from simulations and real organisms. Assessment used several criteria, but seven of
these criteria assessed departure between the observed genetic diversity ( 1𝐻𝐻 or 2𝐻𝐻 ) and

respective predictions of genetic diversity values obtained from the corresponding

predictive equations. We also comment on each equation’s complexity (or its opposite,
simplicity); not many researchers would use an equation that has too many terms or one
which requires values for variables that are difficult or impossible to measure. We also
acknowledge that it is extremely unlikely for a study to sample 100 percent of the
individuals in a population. Due to these sampling limitations, we also investigated how
sampling only a small proportion of the population could affect the relative performance of
the predictive equations. (Supplement 3.S6).
We trialled six predictive equations for Shannon's information (1𝐻𝐻 ) in this paper.

Three were very unsatisfactory but are presented in the Supplement S5. There were three
equations that performed well, the first of which was a version of Het-het that is applied
directly to Shannon's information ( 1𝐻𝐻 ) (Equation 3.2) which we called ‘Shan-het’, Equation
3.4 below. We did this to investigate whether the rate of loss of Shannon’s ( 1𝐻𝐻 ) was

comparable to the rate of loss of heterozygosity ( 2𝐻𝐻 , equation 3.3), despite their different

absolute values. The other two equations that performed well were two modified versions
of Het-het (Equation 3.3), incorporating two alternative equations for converting
heterozygosity ( 2𝐻𝐻 ) to Shannon’s information (1𝐻𝐻 ) (Chao et al, 2015) (‘Shan-SMM’ Equation
3.5b and ‘Shan-IAM’ Equation 3.6b below). Shan-SMM and Shan-IAM used Equation 3.3 to
predict heterozygosity ( 2𝐻𝐻 ) before converting that predicted heterozygosity value to

Shannon’s information using the conversion equations from Chao et al, 2015. While the
methods from Chao et al, 2015 were developed for specific mutation models, Shan-SMM,
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Shan-IAM, and all other methods in this paper were investigated for use on loci that
followed any mutation model.
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Methods
The Equations
We investigated a total of three equations to predict Shannon genetic information in
a bottlenecked population. We noted that Het-het (Equation 3.3) requires no special
assumptions or approximations (eg see equations 3.11.1 and 3.11.2 in Crow and Kimura
1970), so there is the possibility that it might be of general use beyond Heterozygosity (2𝐻𝐻 ).

Therefore, our first equation ‘Shan-Het’ is simply:

1 𝑡𝑡
�
𝐻𝐻𝑡𝑡 = 𝐻𝐻0 �1 −
2𝑁𝑁𝑒𝑒

1

1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.4]

where 1𝐻𝐻𝑡𝑡 is Shannon’s information (1𝐻𝐻 ) at generation t, 1𝐻𝐻0 is Shannon’s information (1𝐻𝐻 )

at generation 0, t is number of generations and 𝑁𝑁𝑒𝑒 is effective population size. The different
sensitivity of 1𝐻𝐻 and 2𝐻𝐻 to rare and common alleles (discussed above) might affect the

performance of this equation, so we investigated effects of different allele frequency
profiles (see below).

As well as simply substituting Shannon's information ( 1𝐻𝐻 ) for heterozygosity ( 2𝐻𝐻 ) as

in Shan-het (Equation 3.4), we also combined Het-het with two equations from Chao et al
(2015) which are expected to give an approximate conversion of heterozygosity ( 2𝐻𝐻 ) to

Shannon's information ( 1𝐻𝐻 ) for particular mutation mechanisms under certain conditions.

The first of these equations (‘Shan-SMM’ Equation 3.5b) was intended for use on genes such
as microsatellites, whose evolution is approximated by the stepwise mutation model
(SMM):

1
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1+ 2𝐻𝐻𝑡𝑡 −� 2𝐻𝐻𝑡𝑡 �

𝐻𝐻𝑡𝑡 = log �

1− 2𝐻𝐻𝑡𝑡

�

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.5𝑎𝑎]
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Substituting Het-het (Equation 3.3) into Equation 3.5a, we obtain:
𝑡𝑡
𝑡𝑡
⎡1 + 2𝐻𝐻0 �1 − 1 � − � 2𝐻𝐻0 �1 − 1 � �
2𝑁𝑁𝑒𝑒
2𝑁𝑁𝑒𝑒
⎢
1
𝐻𝐻𝑡𝑡 = log ⎢
𝑡𝑡
1
⎢
1 − 2𝐻𝐻0 �1 − 2𝑁𝑁 �
𝑒𝑒
⎣

2

which we call ‘Shan-SMM’.

⎤
⎥
⎥
⎥
⎦

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.5𝑏𝑏]

The second equation, derived from Chao et al (2015) (‘Shan-IAM’ Equation 3.6b),
was intended for use on genes such as protein-coding regions, whose evolution is
approximated by the infinite allele mutation model (IAM):
1

1

𝐻𝐻𝑡𝑡 = log �1− 2𝐻𝐻 − 0.5� + 0.5772
𝑡𝑡

, substituting Het-het (Equation 3.3) into it Equation 3.6a:

1

𝐻𝐻𝑡𝑡 = log �

, which we call ‘Shan-IAM’.

1−

1

2𝐻𝐻 �1
0

1 𝑡𝑡
− 2𝑁𝑁 �
𝑒𝑒

− 0.5� + 0.5772

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.6𝑎𝑎]

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.6𝑏𝑏]

‘Simdata’ - data generated by SIMUPOP for testing equations.
These simulations ran for 100 generations in SIMUPOP (Peng & Kimmel, 2005), using
extra PYTHON code to make the SIMUPOP output directly compatible with GENALEX
(Peakall & Smouse, 2006) in which the data was analysed (code is available in the Code
section of the thesis). Simulations used random mating, there was no mutation, and each
diploid individual had an equal chance to be either male or female, giving an approximately
equal sex ratio. There were 27 separate treatment scenarios, each having characteristic
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values for starting number of alleles, allele distribution and population size - variables that
were chosen for their known effect on genetic diversity (Hedrick, 1985). The treatment
names take the form of allele number, allele distribution then population size; for example,
treatment 2E50 has 2 alleles, even allele distribution and an effective population size of 50.
Each treatment simulated a single locus, and was replicated 16 times, which was chosen due
to the limitations of Microsoft EXCEL and GENALEX to read large data output. Although
future studies should aim to surpass these limitations, the 16 replicates seemed entirely
adequate given the very tight regressions obtained when using original data, before it was
averaged over replicates and generations (Supplement 3.S3.2, 3.S3.6, 3.S3.10 and 3.S3.14).
The genetic data were exported for every generation, allowing examination of a complete
timeline of genetic change, although we chiefly used the initial and final generation data for
testing the equations. The 27 treatments covered all possible combinations of: allele
numbers (2, 5, 10); population sizes (50, 100, 1000); and allele frequency distributions.
Allele frequency distributions were: even – all alleles with an even chance of occurrence;
Poisson – one allele with a 70% of occurring, with an exponential decrease in chance for
each successive allele type before levelling out at very small proportions; and uneven - one
allele with a 90% of occurring and the other alleles with an even chance at occurring
totalling to 10% (exact allele distributions can be found in Supplement 3.S1.1). Other
aspects of the simulation were set in such a way that the effective population size was equal
to the actual population size. A full table of treatments including allele proportions is in
Supplement 3.S1.1. Genotype data from the simulations provided initial and final generation
data for testing the loss of diversity predicted by the equations; this dataset is called
‘Simdata’.
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‘Flydata’ - Data from live populations for testing equations
We also used microsatellite genetic data taken from live populations of Drosophila
whose effective population sizes were known from prior experimentation (Gunn, 2003). The
Drosophila were derived from a single original population (which had an effective population
size of 320) which had been equilibrated to laboratory conditions for eight generations,
called generation ‘negative eight’ to generation zero. At generation zero the population was
split into three groups. The ‘Base’ group continued the same conditions as the original
population with an effective population size of 320 for 35 generations (the actual population
size for the ‘Base’ group was 1150). This group was replicated four times and was expected
to lose 5% of its heterozygosity ( 2𝐻𝐻 ) by the final generation, according to Het-het (Equation
3.3). The second group, ‘Int’ had its effective population size restricted to two parents

producing a single generation of offspring for only a single generation (the actual population
size and the effective population size for the ‘Int’ group was two). This intense bottleneck
group was replicated ten times. The third group ‘Diff’ had an effective population size of 60
for 35 generations (the actual population size for the ‘Diff’ group was 200). This diffuse
bottleneck group was replicated ten times. Int and Diff were expected to lose 25% of
heterozygosity ( 2𝐻𝐻 ) by the end of the experiment. Sampling occurred at generation zero and
at the final generation of each group (Base, Diff, Int). Twenty-five males and females were

genotyped from each group. Eight microsatellite loci were genotyped, named: AC1, AC2,
AC3, AC4, AC7, AC8, AC9, AC12. Being microsatellites, their prior evolution would be
approximated by SMM, although the duration of the experiments would be too short to
allow much further mutation. Drosophila have an average microsatellite mutation rate of
6.3x10-6 per locus (Schug et al, 1997; Schlötterer, et al 1998) calculated by the number of
observed mutations divided by number of loci, generations and replicates (called ‘lines’ in
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Schlötterer et al, 1998). There is not likely to be a mutation within our dataset, because the
calculation from Schlötterer predicts 0.007 mutations to occur in Base, 0.0005 mutations in
Int, and 0.02 mutations in Diff. This would suggest that mutation is not likely to be a factor in
our fly results. These fly genotype data provided starting and ending data for testing the loss
of diversity predicted by the equations; this dataset will be called 'Flydata' from this point
on. Observed values of each treatment, including allele proportions, can be found in
Supplement 3.S1.2.

Analysis of Genetic Diversity, and testing the performance of the equations
To assess how well each equation predicted Shannon’s information (1𝐻𝐻 ), Simdata

and Flydata were input to GENALEX to calculate values of the following:

1. Shannon’s Information (1𝐻𝐻 ) at generation zero and generation 𝑡𝑡 ( 1𝐻𝐻0 and 1𝐻𝐻𝑡𝑡 );

2. Hardy Weinberg expected heterozygosity ( 2𝐻𝐻 ) at generation zero and generation 𝑡𝑡
( 2𝐻𝐻0 and 2𝐻𝐻𝑡𝑡 );

3. Number of alleles at generation zero and generation 𝑡𝑡 (𝑆𝑆0 and 𝑆𝑆𝑡𝑡 ).

As a criterion for a good fit, our standard was the ability of Het-het (Equation 3.3) to predict
change of heterozygosity because it is well accepted as a method for predicting
heterozygosity ( 2𝐻𝐻 ) loss in finite populations (Halliburton, 2004). For each dataset, we

compared the errors of this widely used equation with the errors for the equations that
were predicting Shannon’s information. Because the true values of effective population size
and other variables were known for both Simdata and Flydata, several criteria were able to
be used to assess the usefulness of new equations:
1. Percentage error, to measure ‘bias’ of mean result relative to the value predicted by
the relevant equation; NB the opposite of bias is called ‘accuracy’ (percentage error
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equation is shown in Supplement 3.S2.1) A consistent over-or underestimate of
diversity is indicated by a positive or negative value for percentage error (both
average and absolute percentage error are shown for each equation within
Supplement 3.S3 and Supplement 3.S4).
2. CV (Coefficient of variation) to measure lack of ‘precision’, without any effect of the
different ranges of values possible for heterozygosity ( 2𝐻𝐻 ) and Shannon. (CV

equation is shown in Supplement 3.S2.3). Due to the stochastic nature of the
simulation treatments, the initial allele frequencies were stochastic, so there was
some variation of initial frequencies within the treatment, upon which the predicted
final values were based. Therefore, for the Simdata, CV was calculated for both the
predicted values and the actual values. There was no CV of predictions for Flydata
because the initial alleles in each replicate derived from the same starting population
(generation zero).
3. ∆CV, difference in CV between observed and predicted values (Supplement 3.S2.4).
While having a measure of ‘precision’ for an equation is useful for interpreting an
equations usefulness, an equation that produces extremely precise values would not
be realistic if the actual values had a large CV. So ∆CV tells us whether the range of
possible values forecast by the equation is realistic.
4. RMSE (Root Mean Squared Error) which is a combined assessment of lack of
precision and accuracy; RMSE was adjusted in a manner analogous to CV, to remove
effects of changed mean on the precision (the modified RMSE equation are in
supplement 3.S2.5).
5. Slope, Intercept and R2 from regressions of observed Shannon’s information (1𝐻𝐻 ) on
predicted Shannon’s information (1𝐻𝐻 ).
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6. Complexity (or its opposite simplicity) that is the number of variables that had to be
measured to make predictions from the equation.
We performed further study on how sampling issues may affect the performance of
Het-het and the best Shannon’s information (1𝐻𝐻 ) predictive equation, and the method is
explained in Supplement 3.S6.
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Results
The predictive performance of the new equations was assessed in comparison to the
performance of Het-het (Equation 3.3). Full results are in Supplement 3.S3, and 3.S4. A
summary is presented in Table 3.1. Visual representation of how each equation performs
over time can be found in Supplements: 3.S3.4 (Het-het), 3.S3.8 (Shan-Het), 3.S3.12 (ShanSMM) and 3.S3.16 (Shan-IAM). First, we discuss Shan-SMM and Shan-IAM, which did not
perform as well as Shan-Het, then focus on Shan-Het.
Shan-SMM (Equation 3.5b) performed well on some datasets, but not on others
(Table 3.1). Shan-SMM showed the best results among the Shannon’s information (1𝐻𝐻 )

equations on Flydata. In Simdata compared to the other equations, Shan-SMM tended to
have roughly a 10% higher difference between observations and predictions at the start of
the simulations (Figure 3.1). In Simdata comparison of Shan-SMM and Shan-Het (Equation
3.4) indicated that Shan-SMM did not show as much of an increase in percentage difference
between observations and predictions over generations as Shan-het did (compare Figure 3.1
versus Figure 3.2).
Shan-IAM (Equation 3.6b) showed similar results to Shan-SMM (Equation 3.5b) but
was outperformed by Shan-SMM on both datasets (Table 3.1). However, Shan-IAM had an
interesting property of decreased percentage difference between observations and
predictions over generations in several treatments (Figure 3.3). We do not have a
theoretical explanation for this property of Shan-IAM.
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Fit criterion

Data set
Het-het

(3.S2)
R2

Equations
Shan-het

Shan-SMM

Shan-IAM

Simdata

0.7438*

0.8232

0.8271

0.8269

Flydata

0.2036*

0.2966

0.3125

0.3131

Simdata

1.01 (S3.2)

0.94 (S3.5)

0.68 (S3.8)

1.78*

Flydata

0.75 (S4.2)

0.70 (S4.4)

0.62 (S4.6) 1.57* (S4.8)

Simdata

-0.02 (S3.2)

0.04 (S3.5)

0.05 (S3.8)

0.40*

Flydata

0.14 (S4.2) 0.27* (S4.4)

0.13 (S4.6)

-0.16 (S4.8)

Percentage

Simdata

10.3 (S3.1)

20.5 (S3.4) 66.2* (S3.7) 32.6 (S3.10)

Error

Flydata

29.0 (S4.1)

32.0 (S4.3) 59.1* (S4.5)

Slope

Intercept

CV of prediction Simdata
Flydata
∆CV

Simdata
Flydata

RMSE

33.7 (S4.7)

19.11*

10.48

-

-

42.24 (S3.1) 40.60 (S3.4) 39.18 (S3.7)

47.81*

18.26 (S3.1) 17.68 (S3.4)
-

-

-

-

-

-

Simdata

0.51 (S3.1)

0.43 (S3.4)

0.51 (S3.7)

0.51*

Flydata

0.40 (S4.1)

0.42 (S4.3)

0.36 (S4.5) 0.61* (S4.7)

Overall

Simdata

2nd

1st

3rd

4th *

rankings

Flydata

1st

3rd

2nd

4th *

All

1st

2nd

3rd

4th *

Table 3.1: Comparison of the predictive equations. Each row shows the value of an error
measurement for each equation. The best performing equation for each error measure is in
bold. The worst performing equation is marked with an *. The ‘Overall rankings” row shows
which equations did best overall in each dataset, by tallying up their ranking per row (1st to
4th) and ranking them lowest to highest. There is no CV of predictions for Flydata because all
the different populations came from the same starting population with the same
Heterozygosity and Shannon’s information, so there was no variation in the predictions.
RMSE in Simdata has three values that only differ by decimals places beyond two decimal
places. After each value, the bracketed code indicates the supplement section from which
that value derives.
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Figure 3.1: The percent difference between predicted and observed Shannon’s information
using Shan-SMM over the generations simulated. Each datum is an average result over the
16 replicates. Twenty-seven different simulation treatments are shown (See 3.S1.1 for
treatment codes).

Figure 3.2: The percent difference between predicted and observed Shannon’s information
using Shan-het over the generations simulated. Each datum is an average result over the 16
replicates. Twenty-seven different simulation treatments are shown (See 3.S1.1 for
treatment codes).
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Figure 3.3: The percent difference between predicted and observed Shannon’s information
using Shan-IAM over the generations simulated. Each datum is an average result over the 16
replicates. Twenty-seven different simulation treatments are show (See 3.S1.1 for treatment
codes).
Shan-het (Equation 3.4) performed the best among the Shannon’s information ( 1𝐻𝐻 )

equations (Table 3.1). Shan-het saw a slightly higher percentage difference between

observations and predictions over generations when compared to Het-het (Figure 3.4 ,
Figure 3.2). For Simdata Shan-het had slightly better results than Het-het and the third-best
results for Flydata, giving an overall ranking of second after Het-het. Shan-het had
percentage error that was very high in treatments with uneven allele proportions
(Supplement 3.S3.5, Supplement 3.S3.7). Although this problem was shared by Het-het
(Supplement 3.S3.1), it was exacerbated in some treatments for Shan-het such as the case
with uneven allele distribution and large population size, 10U100 (Figure 3.2). Both Het-het
and Shan-het showed weak predictive power on Uneven allele treatments in Simdata
(Supplement 3.S3.3, Supplement 3.S3.7).
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Figure 3.4: The percent difference between predicted and observed Heterozygosity using
Het-het (Equation 3.3) over the generations simulated. Each datum is an average result over
the 16 replicates. Twenty-seven different simulation treatments are shown (See 3.S1.1 for
treatment codes).
With Shan-het showing the best performance, further analysis was done to see how
it performed with a limited sampling of the population; the results of this further analysis
showed that Het-het and Shan-het gave similar percentage error when the population was
sub-sampled and therefore did not affect the conclusion of this paper (Supplement 3.S6).
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Discussion
Shan-het – Equation 3.4
Of the new equations, Shan-het worked surprisingly well (Table 3.1, Figure 3.2),
despite 1𝐻𝐻 and 2𝐻𝐻 having mathematical differences and resulting different sensitivity to
allele distribution, as explained in the introduction. Shan-het’s lesser performance on
treatments with uneven allele frequencies was expected, because it is known that
Shannon’s information ( 1𝐻𝐻 ), relative to heterozygosity ( 2𝐻𝐻 ), is more affected by rare alleles,

which must always be included to make an uneven dataset and could explain the increased

error in these treatments. While this error is understandable, it does present a problem with
Shan-het. Shan-het was outperformed on the Flydata by Shan-SMM. In particular, Shan-het
gave the worst intercept result, possibly indicating an unknown bias when Shan-het is
applied to real datasets. The increased error over generations for Shan-het is also a
disadvantage for this equation when trying to predict many generations in the future, such
as in long term conservation programs, or programs dealing with flora and fauna with a
short generation time. However, as discussed in the introduction, Shannon’s information
( 1𝐻𝐻 ) is complementary to heterozygosity (2𝐻𝐻 ) and Shannon’s information (1𝐻𝐻 ) can give
valuable insight into the presence of rare alleles due to its sensitivity to rare alleles. It is

pleasing that the simulations showed good results with the two distributions that have rare
alleles - Poisson and Uneven – because populations with these allele distributions would be
where Shannon’s information ( 1𝐻𝐻 ) could be most informative. Shan-het also has one other

very useful characteristic: it is very similar to Het-het (Equation 3.3) (the current standard in

the field) making it extremely easy to use for most biologists.
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Shan-SMM - Equation 3.5b, and Shan-IAM- Equation 3.6b
Neither Shan-SMM nor Shan-IAM were originally developed as predictive equations,
but instead as a way to convert heterozygosity ( 2𝐻𝐻 ) to Shannon’s information (1𝐻𝐻 ). ShanSMM was designed to work with microsatellite data and the stepwise mutation model,

which was present in Flydata, at least in the generations of evolution of these flies before
collection from the wild. However, as explained above the duration of the experiments was
too short for much further mutation, SMM or otherwise. Shan-IAM was designed to work
with the infinite allele model, which was not present in Flydata, and this could contribute to
Shan-IAM’s poor performance. Shan-IAM’s tendency to underestimate Shannon’s
information in the Flydata is unfortunate, because the benefit of predicting Shannon’s
information is to detect rare variants, and an underestimated Shannon’s information value
would miss such rare variants. Shan-SMM’s good performance on Flydata could be due to
the initial allele distributions being determined by thousands of generations in the wild
under the stepwise mutation model. However, this explanation may not be the only factor,
because Shan-SMM also performed better than Shan-IAM in the Simdata, where there was
no prior mutation, instead the allele distributions were simply assigned probability values at
the start of the simulation and there was no mutation present in Simdata for the duration of
the simulation.
In some cases, ability to forecast over long periods will be important. Over the
generations, Shan-IAM had decreasing percentage difference between observations and
predictions; this could suggest that Shan-IAM may work better when predicting Shannon’s
information (1𝐻𝐻 ) over a long time-scale, although further investigation would be needed to
confirm that (Figure 3.3) . While prediction with Shan-SMM had high amounts of error at

low number of generations, that error did not increase much over time. This stability may
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indicate that Shan-SMM could be useful if a source of this error could be identified and
corrected although, in its current form, Shan-SMM’s overall results are less desirable than
Shan-het (Figure 3.1). The effect of not having a complete population sample is discussed in
supplement 3.S6.

Summary and conservation uses
Of all these equations, Shan-het (Equation 3.4) is the best suited for practical use,
because of both our results and its familiarity in the field (Halliburton R, 2004). Shan-SMM
(Equation 3.6b) and Shan-IAM (Equation 3.5b), derived by adding correction for particular
mutation mechanisms (Chao et al, 2015), also had reasonable results and may find use
under specific situations, so all three equations are worthy of further testing. The utility of
Shan-het was surprising for two reasons: firstly, that it was not designed to work with
Shannon’s information ( 1𝐻𝐻 ) and secondly that it uses effective population size, whereas
Dewar et al (2011) suggested that actual population size might be equally important for

neutral processes in differentiation between populations, measured by mutual information
that derives from Equation 3.2.
Being able to accurately predict trends in genetic diversity can lead to better
management plans for threatened populations, by estimating deadlines for implementing
conservation actions, or assessing whether a population is undergoing the expected loss of
variation by random genetic drift (Frankham, 2005). Of the three main components of the
diversity profile, such predictions are difficult to do for 𝑆𝑆, the number of allelic types ( 0𝐻𝐻 ) -

the measure that is most sensitive to the rare alleles – though some equations are available
to forecast 0𝐻𝐻 under limited circumstances (Ewens 1972; Iwasa, 1988). Dynamic predictions
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of loss can currently be made readily for heterozygosity ( 2𝐻𝐻 ), which unfortunately is very

insensitive to the rare alleles that are likely to be important for future adaptation (Bolton et
al 2017).
The equations we present here will allow researchers studying a finite population to
predict Shannon’s information (1𝐻𝐻 ) as part of a diversity profile, alongside heterozygosity
( 2𝐻𝐻 ) and Allelic richness (0𝐻𝐻 ). Two important factors distinguish 0𝐻𝐻 , 1𝐻𝐻 and 2𝐻𝐻 . First, as

the order (0,1,2) increases, the sensitivity to rare alleles decreases markedly (Sherwin et al,

2017). Secondly, as order increases, sampling problems decrease considerably; in fact, the
serious sampling problems for 0𝐻𝐻 cannot be fully rectified (Sherwin et al, 2017). Both rare
and common alleles might be important in short-to long-term evolution. Thus Shannon’s
information (1𝐻𝐻 ), with its intermediate sensitivity to rare alleles, complements

heterozygosity’s ( 2𝐻𝐻 ) insensitivity to rare alleles, revealing the utility of measuring and

forecasting both 1𝐻𝐻 and 2𝐻𝐻 (Sherwin et al, 2017). Shan-het (Equation 3.4) can also be

rearranged to answer additional questions. For example, one could rearrange Shan-het
(Equation 3.4) to calculate the number of generations it would take for Shannon’s

information (1𝐻𝐻 ) to decay by a certain amount (Hedrick, 1985):
1
𝐻𝐻
ln � 1 𝑡𝑡 �
𝐻𝐻0
𝑡𝑡 =
1
ln �1 − 2𝑁𝑁�

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.9]

Similar rearrangements can also be done for the other predictive equations (Equation 3.5b
and Equation 3.6b). Such arrangements enhance the utility of these predictors, allowing
them to have multiple uses in conservation, just as Het-het (Equation 3.3) currently does.
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Abstract:
Potential subdivision events in populations can have a wide range of causes: from
natural disasters like bushfires that isolate communities, to anthropogenic disturbances like
railroads cutting through a population’s habitat. Due to the unpredictability inherent in
events like bushfires, or even for predictable events such as property development,
populations affected by these potential subdivisions are often not studied until after the
event, making it extremely hard to assess negative conservation impacts without the benefit
of prior data. This paper aims to apply population genetics methods to assess whether it is
possible to accurately assess the impact a potential subdivision event can have on the
genetic makeup of a population, especially when one has no data prior to such an event.
Differentiation measures, such as 𝐹𝐹𝑆𝑆𝑆𝑆 , might be used for detecting whether a population has

been subdivided. However, these measures often take dozens of generations to show a

significant change from zero (i.e., no differentiation), especially in larger populations. In this
paper we present a more sensitive method, which is suitable for detecting subdivision
effects within a few generations of the event and can be applied without prior data. We test
this method using both simulated data, and genetic data from a population of koalas that
may have been subdivided by a newly constructed railroad.
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Introduction
The field of evolutionary ecology is primarily focused on three activities, forecasting,
detecting and quantifying the changing nature of wild populations. Often this change can be
unpredictable and occurs in unstudied or understudied locations. If a researcher wanted to
study how an event has changed a population, they would need to know what the
population was like previously. This poses a significant challenge in evolutionary ecology,
because ideally one would take samples prior to the event, but it is often not possible to
know where and when an event might occur. An increasingly common event that can
change the makeup of a population is a subdivision. Subdivisions can be caused by many
different events called splits. We refer to it as a “split” in this document to distinguish it
from cases where the subdivision is confirmed by genetic data; a split is an event which
might have caused genetic subdivision but has not been confirmed by genetic data. This
distinction is important, because splits and subdivisions may happen independently, as
explained below. A split occurs whenever some barrier is put through a population,
potentially isolating or restricting movement between the two sides. A classic example of
such a barrier would be a fence or wall. However, non-human organisms will not always
have the same perspective on what constitutes a barrier as we do. What some species
perceive as an insurmountable barrier, may be much more cryptic to us. Such cryptic splits
may include a small hiking path, or a small invisible wind tunnel, both of which could cause a
subdivision in populations (Gleen, 2013). Two things follow from this: firstly, that when a
split is visible to researchers, they still need to verify whether it has caused genetic
subdivision, and secondly that being able to detect genetic subdivision may alert
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researchers to the presence of a split and consequent genetic subdivision that they had not
previously considered.
Subdivisions are of particular interest to conservation science because subdivision
creates smaller, potentially isolated subpopulations. These smaller subpopulations are
prone to several genetic consequences such as increased inbreeding, increased genetic drift,
and decreased effective population size, all of which are deleterious (Schonewald-Cox et al,
1983; Bouzat, 2010; Briskie & Mackintosh, 2004), and may get worse when unmanaged.
This paper explores methods for detecting whether a split event changes the genetic
makeup of a population to cause subdivision. The focus is on methods that can be applied
without pre-split data.
Some genetic methods such as 𝐽𝐽𝐽𝐽𝐽𝐽𝑡𝑡 ′ 𝑠𝑠 𝐷𝐷, 𝐹𝐹𝑆𝑆𝑆𝑆 , 𝐺𝐺′𝑆𝑆𝑆𝑆 can be used to monitor the long-

term effects of subdivisions (Jost, 2008; Wright, 1943; Hedrick, 2005), but a method to
specifically detect if a population has been subdivided after a recent split would be

extremely useful, which this study will provide. Other researchers have found that genetic
distance measures, such as 𝐹𝐹𝑆𝑆𝑆𝑆 , 𝐺𝐺𝑆𝑆𝑆𝑆 and Mutual Information do not show large amounts of

change soon after a split and subdivision occur in larger populations (Lloyd et al, 2013).
Furthermore, a lack of prior data to confirm that the population was at complete

equilibrium before the split increases the difficulty in identifying whether the split event has
caused subdivision. This is because the magnitude of the early post-split genetic distance
values is often within the range of values one would expect in a non-subdivided population
(Lloyd et al, 2013). Smaller population sizes also increase the variance of genetic distance
values, making data interpretation even more difficult. Therefore, measurements of
population differentiation or subdivision may not be sufficient for early detection of
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subdivision on their own, due to their lack in sensitivity. For example, one of the most
common genetic differentiation measures is 𝐹𝐹𝑆𝑆𝑆𝑆 , which is often calculated as variance of

allele proportions between populations, divided by the expected binomial variance, from
Wright (1949):

𝐹𝐹𝑆𝑆𝑆𝑆 =

𝜎𝜎𝑃𝑃2
𝑝𝑝̅(1 − 𝑝𝑝̅ )

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.1]

where 𝜎𝜎𝑃𝑃2 is the variance in the frequency of an allele in a bi-allelic locus such as a single

nucleotide polymorphism (SNP) between subpopulations, and 𝑝𝑝̅ is the average frequency of
that allele in the total population. 𝐹𝐹𝑆𝑆𝑆𝑆 has also been defined as a quotient obtained by

dividing the genetic diversity between populations by the total genetic diversity (Nei, 1977)
(Equation 4.2). This form of 𝐹𝐹𝑆𝑆𝑆𝑆 has since come to also be known as 𝐺𝐺𝑆𝑆𝑆𝑆 . However, when

dealing with loci that contain just two alleles, such as SNPs, in two subpopulations, there will
be no difference between the values of 𝐹𝐹𝑆𝑆𝑆𝑆 and 𝐺𝐺𝑆𝑆𝑆𝑆 (Halliburton, 2004 box 9.5). This paper

will just refer to Nei’s (1977) form of 𝐹𝐹𝑆𝑆𝑆𝑆 , since we will only be testing these methods on
SNP-like data in paired subpopulations, and it is still referred to as 𝐹𝐹𝑆𝑆𝑆𝑆 in much of the
literature and statistical packages. Nei’s form of 𝐹𝐹𝑆𝑆𝑆𝑆 is as follows from Nei (1977):
𝐹𝐹𝑆𝑆𝑆𝑆 =

�𝑆𝑆
𝐻𝐻𝑇𝑇 − 𝐻𝐻
𝐻𝐻𝑇𝑇

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.2]

2
where 𝐻𝐻𝑇𝑇 is expected Hardy-Weinberg heterozygosity ( 𝐻𝐻 = 1 − ∑𝐾𝐾
𝑘𝑘=1 𝑝𝑝𝑘𝑘 ) of the total

�𝑆𝑆 is the average of the expected
population containing K alleles at proportions 𝑝𝑝𝑘𝑘 , and 𝐻𝐻

heterozygosity for each of the s subpopulations.

We present a new measure that is sensitive enough to detect if a subdivision has
occurred within a few generations of a split. As mentioned above, 𝐹𝐹𝑆𝑆𝑆𝑆 is often not sensitive
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enough to detect whether there is subdivision within the first few generations after a split
event, especially when dealing with larger population sizes (Lloyd et al, 2013). Our method
for subdivision detection includes consideration of change of 𝐹𝐹𝑆𝑆𝑆𝑆 due to drift in a finite

population. 𝐹𝐹𝑆𝑆𝑆𝑆 , being based on genetic diversity, measured by expected heterozygosity, 𝐻𝐻,
�𝑡𝑡+1 =
has its change determined by the genetic drift of expected heterozygosity ( 𝐻𝐻
1

𝐻𝐻0 �1 − 2𝑁𝑁 � ), where 𝐻𝐻0 is the expected heterozygosity of a population or subpopulation at
𝑒𝑒

�𝑡𝑡+1 is the expected heterozygosity of that same population one
a given generation, and 𝐻𝐻

generation into the future, and 𝑁𝑁𝑒𝑒 is the effective population size (averaged over

subpopulations). Even if a population of 50 is split into two completely isolated subpopulations, each 25 individuals in effective size, they would only lose about 2% of genetic
1

diversity each population per generation (ie: 1 − 2 × 25 = 0.98 ). To rapidly assess whether
a split is causing genetic subdivision, we need a genetic differentiation measure that

changes very rapidly after dispersal is severely reduced. It is known that 𝐹𝐹𝑆𝑆𝑆𝑆 does not

change sufficiently rapidly (Lloyd et al, 2013), but could a transform of 𝐹𝐹𝑆𝑆𝑆𝑆 achieve this? For

a system with an infinite number of populations, it has been shown that at equilibrium
between dispersal and loss of variation due to drift, from Wright (1931):
𝐹𝐹𝑆𝑆𝑆𝑆 =

1
4𝑁𝑁𝑒𝑒 𝑚𝑚 + 1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.3]

where m is the dispersal rate and 𝑁𝑁𝑒𝑒 is the effective population size. Also it is known that
the rate of approach to this equilibrium is determined by the effect of drift on 𝜎𝜎𝑝𝑝2 in

equation 4.1 (or on 𝐻𝐻𝑇𝑇 and 𝐻𝐻𝑆𝑆 in equation 4.2). It has been shown that the variance of p at t
generations after a subdivision into two completely isolated populations is, from Falconer &
MacKay (1996):
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𝑡𝑡 2
𝜎𝜎𝑝𝑝
1

1 𝑡𝑡
��
= 𝑝𝑝̅ (1 − 𝑝𝑝̅ ) �1 − �1 −
2𝑁𝑁𝑒𝑒

[𝐸𝐸𝐸𝐸𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 4.4]

𝑡𝑡

In which the drift term �1 − 2𝑁𝑁 � can be clearly seen. Substituting equation 4.4 into
𝑒𝑒

equation 4.1 shows that we expect at t generations after a genetic subdivision into two
isolates:

𝑡𝑡

𝐹𝐹𝑆𝑆𝑆𝑆 = �1 − �1 −

1 𝑡𝑡
��
2𝑁𝑁𝑒𝑒

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.5]

Because the drift term will be slightly less than unity, raised to the power t, 𝑡𝑡𝐹𝐹𝑆𝑆𝑆𝑆 will rise

relatively slowly, and eventually reach unity as predicted by equation 4.3. Of course, a rapid
change after genetic subdivision would be more useful for diagnosing whether a recent split
event has caused genetic subdivision, and this might be provided by the reciprocal of 𝑡𝑡𝐹𝐹𝑆𝑆𝑆𝑆 ,

which alters very rapidly in the early generations (Supplement 4.S1)

Equations 4.3 to 4.5 are based on the assumption of an infinite number of subpopulations,
although they have been shown to work adequately when number of populations 𝑠𝑠 ≥ 5

(Nei & Chakravarti, 1977, Nei et al, 1977). This is of course not ideal for our investigation of

a split into two subpopulations. Other assumptions are: no influence of selection;
consistent dispersal values (𝑚𝑚) between subpopulations; and equal contributions of all
populations to the gene pool (Whitlock, 1999; Semenov et al, 2019; Ochoa & Storey 2021).
By focusing only on recent subdivisions, and on a dataset in which putative loci under
selection are filtered out, we can minimize these concerns, as described in the methods
below. However, the restriction to 𝑠𝑠 ≥ 5 is more serious.

Fortunately, there have been a number of papers focusing on a finite number of

subpopulations, s (Nei & Chakravarti, 1977, Nei et al, 1977, Takahata, 1983). The most
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recent of these (Takahata 1983) allows us to predict 𝐹𝐹𝑆𝑆𝑆𝑆 at equilibrium at a given rate of

dispersal between a finite number of populations, if we know the number of populations,
the mutation rate and the effective population size. From Takahata (1983, equation 8 and
equation 20) the prediction is:
𝐹𝐹𝑆𝑆𝑆𝑆 =

1

𝑠𝑠𝑁𝑁 𝑚𝑚
4𝑠𝑠
1 + 𝑠𝑠 − 1 �𝑁𝑁𝑒𝑒 𝜇𝜇 + 𝑠𝑠 −𝑒𝑒 1 �

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.6]

where 𝑠𝑠 is the number of populations, 𝜇𝜇 is the mutation rate, 𝑁𝑁𝑒𝑒 is the effective

population size, and 𝑚𝑚 is the rate of dispersal between subpopulations. This equation is the
basis for the approach in the methods.

From Equation 4.6 we aim to develop a method that can identify subdivisions in the
short term - preferably without requiring data from before the split event that may cause
genetic subdivision - and to explore how to interpret results from such a method.
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Methods
Equation to assess recent subdivision
With the aim to develop a method to detect a recent subdivision between two
populations, we need an alternative that changes more rapidly than 𝐹𝐹𝑆𝑆𝑆𝑆 , as discussed

above. This can be based on equation 4.6, with some simplifying assumptions. With only
two populations, we know 𝑠𝑠 = 2, and mutation rate (𝜇𝜇) is unlikely to have an effect over a
short period of time since a recent subdivision, so we can assume 𝜇𝜇 = 0. Therefore, under
these circumstances we can see we expect that:
𝐹𝐹𝑆𝑆𝑆𝑆 =

1
16𝑁𝑁𝑒𝑒 𝑚𝑚 + 1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.7]

From Equation 4.7 we can see that when 𝑚𝑚 = 0 (complete isolation of the two

populations), then we expect that 𝐹𝐹𝑆𝑆𝑆𝑆 = 1. In contrast, we can get a forecast for 𝐹𝐹𝑆𝑆𝑆𝑆 when

there is maximum dispersal between the two populations, 𝑚𝑚 = 0.5. The maximum value of
𝑚𝑚 is 0.5, because that represents 50% of each population dispersing reciprocally between

the two populations. Any value higher than 0.5 would effectively lower the dispersal. In this
case,
𝐹𝐹𝑆𝑆𝑆𝑆 =

1
8𝑁𝑁𝑒𝑒 + 1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.8]

These predictions of expected 𝐹𝐹𝑆𝑆𝑆𝑆 when 𝑚𝑚 = 0 and 𝑚𝑚 = 0.5 are quite useful, because they
can be compared to a metapopulation’s actual 𝐹𝐹� 𝑆𝑆𝑆𝑆 (values with ̂s over them represent an
estimated value). This comparison allows us to assess the effects of changed dispersal

between two populations, and potentially identify recent genetic subdivision after a split.
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�𝑒𝑒 , which
The equation to compare expected 𝐹𝐹𝑆𝑆𝑆𝑆 and estimated 𝐹𝐹�𝑆𝑆𝑆𝑆 is a function of 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝑁𝑁
we will call 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 :
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠

1
� �
�
𝐹𝐹𝑆𝑆𝑆𝑆 (𝑚𝑚𝑚𝑚𝑚𝑚. 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑)
8𝑁𝑁𝑒𝑒 + 1
=
=
𝐹𝐹�𝑆𝑆𝑆𝑆
𝐹𝐹�𝑆𝑆𝑆𝑆
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 =

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.9𝑎𝑎]

1
�
�
𝐹𝐹𝑆𝑆𝑆𝑆 (8𝑁𝑁𝑒𝑒 + 1)

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.9𝑏𝑏]

At equilibrium with 𝑚𝑚 = 0.5, it would be expected that 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 ≈ 1, because expected 𝐹𝐹𝑆𝑆𝑆𝑆 =
1

8𝑁𝑁𝑒𝑒 +1

which will be equal to observed 𝐹𝐹�𝑆𝑆𝑆𝑆 at equilibrium, so 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 =

𝐹𝐹𝑆𝑆𝑆𝑆
𝐹𝐹�𝑆𝑆𝑆𝑆

= 1. This is likely

to be the case if we compare the two subpopulations on either side of a split event, but

before the split has taken place. Then, after a split event occurs, if the split does cause the
population to be subdivided into two subpopulations, then observed 𝐹𝐹�𝑆𝑆𝑆𝑆 will increase, so

𝐹𝐹
𝐹𝐹�𝑆𝑆𝑆𝑆 > 𝐹𝐹𝑆𝑆𝑆𝑆 therefore 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 = 𝐹𝐹�𝑆𝑆𝑆𝑆 < 1. Unfortunately, there is not yet a theoretical equation
𝑆𝑆𝑆𝑆

for the rate of change of 𝐹𝐹𝑆𝑆𝑆𝑆 in a system with a finite number of populations, but it will also
be a function of the same drift term seen in Equation 4.5, with the crucial point being that
1

the presence of this term will ensure that change of 𝐹𝐹

𝑆𝑆𝑆𝑆

will be much more rapid than

change of 𝐹𝐹𝑆𝑆𝑆𝑆 (Supplement 4.S1). If this is true, then we can also expect rapid change of
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 , because it is reciprocally related to 𝐹𝐹𝑆𝑆𝑆𝑆 . This rapid change is what is needed to

diagnose potential population subdivision after a split event only a few generations ago.
This rapid change in 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 could be beneficial to detecting subdivisions early, allowing

conservation managers to act quickly. However, it should be noted that our hypothesis
about rapid change in 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was derived for the infinite island a model with an infinite

number of populations (the “infinite island model”), the assumptions of which are not
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applicable to real life conservation scenarios. Therefore, we will be testing the method on
cases which do not use the unrealistic infinite island model, but instead are expected to
conform to the two-population case used in equations 4.7 to 4.9 : real data on koalas, and
simulations.
In addition to 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , several other calculations were attempted to detect the presence

of a recent subdivision. These other methods will be referred to as the “Ratio-Methods”,

named because they examine the ratio between two values of diversity or differentiation
measures (Supplement 4.S2). These methods attempted to investigate if the differences of
sensitivities to rare alleles between various differentiation and diversity measures could
allow us to identify a subdivision when two measures were contrasted.

Effective Population Size
Many of the equations presented, including Equation 4.9, require an estimation of
effective population size of each subpopulation (𝑁𝑁𝑒𝑒 ), which is the inverse of the stochastic
rate of change of allele proportion variance between sub-populations, and this 𝑁𝑁𝑒𝑒 value is
closely related to the 𝑁𝑁𝑒𝑒 values for rates of change of other genetic measures such as

heterozygosity, inbreeding, or linkage disequilibrium (Hedrick, 1985). Effective population
size can be a tricky value to measure because it is affected by numerous different processes,
and there are numerous different ways to measure it. Fundamental methods rely on
demographic data such as the means and variances of: sex ratio, reproductive output per
individual, age structure, population size (Engen et al, 2005). There are various methods for
factoring in the effect of these demographic processes to calculate 𝑁𝑁𝑒𝑒 (Hedrick, 1985 - page

266; Frankham, 1995; Engen et al, 2005). Effective population size can also be affected by
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factors such as mating patterns (Hedrick, 1985). Alternatively, because 𝑁𝑁𝑒𝑒 affects the

genetic measures listed above, it can also be back-calculated from its effect on genetic data.
Some of these genetic methods require a single population sample (Tallmon et al 2008;
Waples & Do 2008; Do et al, 2014), while others compare the change in values over time to
get an estimate of effective population size (O’Reilly et al, 2019).
In ideal conditions (eg: equal chance of reproduction for all individuals, random
mating, equal sex ratio, constant population size and discrete generations) effective
population size is equal to the number of individuals in a population. Such ideal conditions
were present in our simulated data, so that effective population size is equal to the number
of individuals in our simulations. However ideal conditions were not present in the real-life
koala data to which we will be applying our methods. The method for estimating the
effective population size for our koala population can be found in the Supplement 4.S3.

Simulated data
To test 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 against conventional 𝐹𝐹𝑠𝑠𝑠𝑠 and 𝐺𝐺𝑠𝑠𝑠𝑠 methods, simulations were conducted

using the Python package SIMUPOP (Peng & Kimmel, 2005), and calculations were done

using base PYTHON. The full code used is available in the Code section of the thesis. The
Ratio-Methods were also tested but did not perform better than 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , as detailed in

Supplement 4.S2. To test the utility of 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , two subpopulations were set up with large

amounts of dispersal between the two (exact simulation parameters and values are defined
at the end of this section). After several generations, a split event was simulated where the
dispersal between the populations was restricted to a lower value or eliminated. The
number of generations to be simulated before the split was a quarter of the generations
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over which the population is expected to fix (a population is fixed when there is only a single
variant at any given locus – Crow & Kimura, 1970; Hedrick, 1985: page 253). The number of
generations until fixation 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓 is determined by the effective population size, and the

average allele proportions at the start of the time period. The relationship between these
values is defined as follows, from Kimura & Ohta (1969):
̂ = −
𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓

4 𝑁𝑁𝑒𝑒 𝑝𝑝 log 𝑝𝑝
1 − 𝑝𝑝

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.10]

̂ is the number of generations until a locus reaches fixation on average, 𝑁𝑁𝑒𝑒 is
where 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓
effective population size for the total population (all subpopulations), and p is the

proportion of the most common allele as defined in the simulation set up. Simulations used
0.25 × 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓 generations before the split, to make sure the two subpopulations have time to

equilibrate, but to also make sure many loci do not reach fixation, because we cannot apply
𝐺𝐺𝑠𝑠𝑠𝑠 , 𝐹𝐹𝑠𝑠𝑠𝑠 or 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 to fixed loci.

Simulated populations were constructed to have a random mating structure,

discrete generations, constant population size over generations, and even sex ratio. This
was done in order to maintain a high effective population size that was representative of
the actual number of individuals in the population. Simulations were set to resemble
conventionally filtered biallelic SNP data. SNP data has four total possible alleles: A, T, C and
G. However, generally there are only two alleles per locus, and loci with more alleles are
usually filtered out as likely sequencing errors. Therefore, our simulations only allowed for
two different alleles per locus. Simulations were set up to have a range of population sizes,
allele proportions, pre-split dispersal rates, and post-split dispersal rates. Values of these
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parameters were altered to investigate the properties of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 . The following parameters and
parameter values were used:
•

Population size: 50, 100 and 1000 individuals total, with a split event at time t=0 (see
below) dividing those into two equal-sized sub populations. This should give
subpopulation 𝑁𝑁𝑒𝑒 values of 25, 50 and 500 respectively, given the controlled
parameters of the simulation (no selection, equal sex ratio, no overlapping
generations, etc.).

•

Allele proportions were even (50% of allele 1 and 50% of allele 2 for each locus); All
simulations had 10,000 loci.

•

Pre-split dispersal was 0.5, defined as proportion of individuals exchanged per
generation.

•

Post-split dispersal defined as proportion of individuals exchanged per generation: 0
or 0.001.

With all combinations of these parameter values, there were six simulation treatments,
covering the likely range of cases where the method would be applied. Each treatment was
replicated 1000 times. Measurements were taken every generation from ten generations
prior to the simulated split (t=-10), to ten generations after the simulated split (t=+10).
Further simulations are presented in Supplement 4.S4, using the same parameters, but with
more generations (up to generation +95) simulated, to investigate how 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 behaves over
longer time scales.

We have applied 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 to these simulated populations, that have been run for

several generations (starting from 𝑡𝑡 = −0.25 × 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓 ), after which dispersal between

subpopulations was stopped (𝑚𝑚 = 0) or restricted (𝑚𝑚 = 0.001) at time t=0. 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆
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measures were taken ten generations before the split (generations -10 to zero), and then
every generation thereafter until ten generations after the split (generations +1 to +10). The
aim was to investigate whether the results of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 could be used to show the
presence of genetic subdivision, caused by the simulated split. 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 for two

generations before the split (generation -1 and 0) were compared to 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 for two

generations after the split (generation +1 and +2) for each treatment using a Wilcoxon test.
The Wilcoxon test was conducted to investigate if there was a significant change in the
average values of 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 . Regression analysis was also applied to 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 over

generations for pre-split generations, and again to post-split generations. These regressions

were to investigate if 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 showed change over time when the population was not

subdivided - which would not be ideal. Then the slopes of the two regressions were
compared to see whether the rate of change of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was altered after the split, which would
be expected if 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 could detect recent subdivision events. Chow tests (Chow, 1960) were
be used to compare the trend of pre-split 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 (generation -10 to generation 0) and post-

split 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 (generations 1 to 10) for each treatment, where a significant result will show that
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 values do change after the split.

Koala data
In addition to simulated data sets, we applied 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 to koalas (Phascolarctos cinereus)

in Gubbi Gubbi country (latitude: -27.2422, longitude: 153.0313) that have been potentially
genetically subdivided by a known split event - a railroad development - into two groups of

koalas above and below the railroad (Figure 4.1, Supplement 4.S5). These koalas were being
studied prior to the railroad development, and the genetic dataset collected is extensive.
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The koalas had been GPS-tracked prior to the split and we had access to mean location data
for the koalas, so we divided the pre-railroad population into two potential subpopulations
and calculated 𝐹𝐹�𝑆𝑆𝑆𝑆 , based on each koala’s mean GPS location: above or below the future

railroad development. Post-railroad koala subpopulations were also GPS tracked, and their
subpopulation membership was defined by what side of the railroad they were on after and
during its construction. There were dispersal corridors built to potentially connect the two
populations after the railroad development, so dispersal may not have been zero postrailroad. Calculations of 𝐹𝐹�𝑆𝑆𝑇𝑇 for the koala data were done using 3655 SNP loci, with the
Microsoft Excel add-in GENALEX (Peakall & Smouse, 2006), which uses Nei’s (1972) 𝐹𝐹𝑆𝑆𝑆𝑆

method. 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 were applied to three koala datasets: data prior to the railroad

construction; data after the railroad construction; and data after the railroad construction,
but with overlapping generations removed. Overlapping generations were removed from

the data after the railroad construction, by filtering out koalas that were present in the data
both before and after the railroad construction. With these three datasets we can explore
how 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 works when there is no split, how 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 works after a split event, when there is a

possible subdivision, and how overlapping generations can affect 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 . Information on the
�𝑒𝑒 values can be found in Supplement 4.S3.
estimation of Koala 𝑁𝑁
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Figure 4.1: a map of the koala population. The average location of each koala is represented
by a red dot, and the blue line shows the location of the railway development.

Protocol for interpreting results
Simulated results were analyzed to see whether values of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 or 𝐹𝐹�𝑠𝑠𝑠𝑠 could be used

to identify a subdivision, and whether that subdivision has happened recently due to the

simulated split. Ideally, we aimed to have a value with as little ambiguity as possible when
determining if it is above or below some ‘critical value’. A critical value for 𝐹𝐹𝑠𝑠𝑠𝑠 was chosen to
be 0.05, because it is the point which Lloyd et al (2013) determined to be a value of 𝐹𝐹𝑠𝑠𝑠𝑠 “of
sufficient magnitude for detection”. Other values have been suggested by Wright (1978),

such as 𝐹𝐹𝑠𝑠𝑠𝑠 = 0.25 being a value “above which there is very great differentiation” and 𝐹𝐹𝑠𝑠𝑠𝑠 =

0.15 to 0.25 “indicating moderately great differentiation”. However, Wright has also

commented that that differentiation is not negligible at 0.05, concurring with Lloyd et al’s
suggested value of 𝐹𝐹𝑠𝑠𝑠𝑠 = 0.05. The critical value for 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was determined by analysing
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simulated results. The critical value of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑁𝑁 was set to the average 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 one generation post-

split, minus double the standard error, which will then be rounded down to the next

significant figure. The critical value of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 will be independent of the critical value of 𝐹𝐹�𝑆𝑆𝑆𝑆 .

Simulated treatments and koala data results will be interpreted using the flowcharts

from Figure 4.2. These flowcharts give criteria for arriving at eight possible conclusions (A to
H) about a prior subdivision, or its absence. It is assumed that researchers or managers
have observed some natural or artificial split event that is suspected to have possibly caused
genetic subdivision, and genetic data can be obtained from before this split (pre) or from
after this split (post) or both times. Note that this does not imply that the split event has led
to subdivision – that is what we aim to determine by using the flowcharts. Each flowchart is
specific to a different array of datasets available for the population. It should be noted that
this study did not investigate situations in which a population would regain connectivity
after a subdivision event, and so conclusions based on such a scenario (Conclusions F, G, H,
and I in Figure 4.2) are speculative, but included here for completeness. A flowchart
analogous to Figure 4.2 for 𝐹𝐹�𝑆𝑆𝑆𝑆 is presented in Supplement 4.S6.

It should also be noted that it is possible to interpret both 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑠𝑠𝑠𝑠 in tandem,

because 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑠𝑠𝑠𝑠 should change at different rates. If 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 is below its critical value, and
𝐹𝐹�𝑠𝑠𝑠𝑠 is not above its critical value, we can conclude that a subdivision has occurred and it is
recent, because although 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 has passed it critical value, not enough time has passed for

𝐹𝐹�𝑠𝑠𝑠𝑠 to rise above its critical value. Alternatively, if both 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑠𝑠𝑠𝑠 have passed their critical
value, we can conclude that the subdivision was caused by a split event that was not recent,
because 𝐹𝐹�𝑠𝑠𝑠𝑠 has had enough time to rise above its critical value. This interpretive method is

useful, because it can be done with sampling from only a single generation after a split.
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Figure 4.2: a flowchart to interpret 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 values after a split event which is suspected of
having caused subdivision. The questions are in the white thin bordered boxes, conclusions
are in the grey boxes. Thick bordered white boxes show which flow chart to use based on
what data points you have available in your dataset. A comparable chart for 𝐹𝐹�𝑆𝑆𝑆𝑆 is shown in
Supplement 4.S6.
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Results
Simulation Results
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 showed consistent change after the split in all treatments (Figure 4.3, all

panels). Wilcoxon tests showed that 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 from the simulation data were

significantly different (p-value < 0.005) between the values taken before the split (at
generations -1 and 0) and values taken after the split (at generations +1 and +2) in all
treatments (Figure 4.3, all panels). This indicates that it should be possible to set a critical
value that characterizes pre-split generations, for each of these two measures. Pre-split, the
average 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was 0.44 over all treatments, with a standard error of 0.002. At generation +1

post-split, the average 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was 0.332 over all treatments, with a standard error of 0.006.

Therefore, by generation +1 post-split, the average 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 value, minus double the standard

error of the mean, was 0.320. Thus, to make a conservative criterion, we chose to round

that value down to set the critical value of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 of 0.3. We chose to use minus two times the

standard error (rather than add two times the standard error), and round down in order to
make positive 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 results more conservative, which would give a smaller number of false
positives for values close to the critical value. By generation +2, the mean 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 of all

treatments was 0.26 (below the critical value); a one-sample Wilcoxon test showed that this
mean 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 at generation +2 was significantly below the critical value of 0.3. We also note
that while we set 0.3 as the critical value for this study based on the likely range of cases
where the method would be applied, it may be advantageous for future researchers to
simulate their study population to determine if a different critical value is more appropriate
for their research.
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Figure 4.3: Simulation results showing 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 (Black) and 𝐹𝐹�𝑆𝑆𝑆𝑆 (Blue) values over time, from
generation -10 to generation +10 with bars representative of +/- Standard error of the mean.
These standard error bars are very small, due to the 1000-fold replication in the simulations.
Prior to generation +1 individuals mated randomly between and within the two
subpopulations, and after generation zero dispersal between subpopulations was restricted
(via ‘Dispersal rate’). Treatments are: top left) Dispersal rate of 0, 𝑁𝑁𝑒𝑒 of 25; top right)
Dispersal rate of 0.001, 𝑁𝑁𝑒𝑒 of 25; middle left) Dispersal rate of 0, population size , 𝑁𝑁𝑒𝑒 of 50;
middle right) Dispersal rate of 0.001, 𝑁𝑁𝑒𝑒 of 50; bottom left) Dispersal rate of 0, population
size, 𝑁𝑁𝑒𝑒 of 500; bottom right) Dispersal rate of 0.001, 𝑁𝑁𝑒𝑒 of 500.
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Supplement 4.S7 (Figures 4.S7.1 to 4.S7.6) shows the conclusions that would be
drawn from each treatment in Figure 4.3, based upon the protocol for interpreting 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 in

Figure 4.2. In all simulation treatments, 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 results showed different trends before and

after the split. In all treatments, the Chow tests showed a significant result (p-value < 0.05),
showing that the trend of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 changed after the split, because 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 rapidly decreased,
indicating a subdivision was caused by the split (Figure 4.3, all panels).

𝐹𝐹�𝑆𝑆𝑆𝑆 showed consistent, but slow change upwards after the split in all treatments.

This slow rate of change of 𝐹𝐹�𝑆𝑆𝑆𝑆 would make the change in 𝐹𝐹�𝑆𝑆𝑆𝑆 after a split difficult to detect

without measurements across many generations. The rate of change in 𝐹𝐹�𝑆𝑆𝑆𝑆 was impacted by

population size. In treatments with 𝑁𝑁𝑒𝑒 = 25, the average 𝐹𝐹�𝑆𝑆𝑆𝑆 reached the value of 0.05 by
the fourth generation in both dispersal treatments. In treatments with 50 𝑁𝑁𝑒𝑒 , 𝐹𝐹�𝑆𝑆𝑇𝑇 reached

the critical value of 0.05 (Lloyd et al,2013) by the ninth generation in both dispersal

treatments. In treatments with 500 𝑁𝑁𝑒𝑒 , 𝐹𝐹�𝑆𝑆𝑆𝑆 did not reach the critical value at any point in
the simulations.

As mentioned in the methods, 𝐹𝐹�𝑆𝑆𝑆𝑆 and 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 can also be interpreted in tandem. In

Figure 4.3 this can be observed in: the 𝑁𝑁𝑒𝑒 = 25 treatments in generation +2 and +3; the
𝑁𝑁𝑒𝑒 = 50 treatments from generation +2 to +8; and the 𝑁𝑁𝑒𝑒 = 500 treatments from

generation +2 onwards. This was true for all values of 𝑚𝑚 simulated. If 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 below its critical

value, and 𝐹𝐹�𝑆𝑆𝑆𝑆 is also below its critical value, we can assume that not enough time has since

the subdivision for 𝐹𝐹�𝑆𝑆𝑆𝑆 to rise – which would lead us to conclude the subdivision was recent.
This scenario can be seen clearly in the extended simulations (Supplement 4.S4).

Unfortunately, the Ratio-Methods either did not show a detectable change between
the pre-split and post-split in simulation, or they lacked sufficient theoretical backing. All the
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Ratio-Methods’ simulated results are presented in Supplement 4.S2 (Figures 4.S2.1 to
4.S2.7).

Koala Results
We calculated 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 for three different koala datasets. The first dataset was

with the population data from before the split, ie before the railroad began construction,
which was suspected to have caused genetic subdivision. These koalas were grouped
according to the side of the future railroad where they spent the majority of their time:

Above or Below (Supplement 4.S5.2). In this pre-railroad scenario 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 = 0.477, and 𝐹𝐹�𝑆𝑆𝑆𝑆 =

0.003 (Table 4.1), neither passing their respective critical values, ie both did not indicate

subdivision. The second dataset was with the data from after the railroad’s construction (i.e.
the postulated “split event”), when there was a suspected subdivision. These koalas were
grouped according to the side of the railroad where they were located: Above or Below. In
this post-railroad scenario 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 = 0.249, and 𝐹𝐹�𝑆𝑆𝑆𝑆 = 0.007, with 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 falling below its critical

value, thus indicating subdivision, whereas 𝐹𝐹�𝑆𝑆𝑆𝑆 did not rise above its critical value, thus did

not indicate subdivision (Table 4.1). The third dataset was the same as the second, however
with koalas that were present in the pre-railroad scenario removed from the post-railroad

data set, in order to remove the effect of overlapping generations. In this “post-railroad
without pre-railroad koalas” scenario, 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 = 0.097, and 𝐹𝐹�𝑆𝑆𝑆𝑆 = 0.011, with 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 falling below

its critical value thus indicating subdivision, whereas 𝐹𝐹�𝑠𝑠𝑠𝑠 did not rise above its critical value,
thus did not indicate subdivision (Table 4.1). If we only examine the post-railroad data, we

can conclude that there was a recent subdivision because 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 is below its critical value, and
𝐹𝐹�𝑆𝑆𝑆𝑆 is below its critical value – meaning that not enough time has passed since the
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subdivision for 𝐹𝐹�𝑆𝑆𝑆𝑆 to rise above its critical value. This is true when all koalas are in the postrailroad dataset, as well as in the dataset when we removed koalas present in the prerailroad dataset from the post-railroad dataset.
Dataset
combination

� 𝑺𝑺𝑺𝑺
𝑭𝑭

Conclusions Conclusions Conclusions
with one
with both
with any
dataset
datasets
dataset/dat
�
�
� 𝑺𝑺𝑺𝑺
using 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔
using 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔
asets 𝑭𝑭
Pre-railroad & Before
87.3 0.477 0.003 A:
E:
A:
post-railroad suspected
“There is no “A recent
“There is no
Subdivision
effect of a
split event
effect of a
subdivision
has caused
subdivision
caused by a subdivision.” caused by a
recent split
recent split
event.”
event.”
After
71.7 0.249 0.007 B:
suspected
“The
Subdivision
population is
subdivided,
but this
could be due
to an older
split event.”
Pre-railroad
Before
87.3 0.477 0.003 A:
E:
A:
plus postsuspected
“There is no “A recent
“There is no
railroad
Subdivision
effect of a
split event
effect of a
without presubdivision
has caused
subdivision
railroad
caused by a subdivision.” caused by a
koalas
recent split
recent split
event.”
event.”
After
116. 0.097 0.011 B:
suspected
9
“The
Subdivision
population is
(without
subdivided,
pre-railroad
but this
koalas)
could be due
to an older
split event.”
Table 4.1: 𝑁𝑁𝑒𝑒 , 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , and 𝐹𝐹𝑠𝑠𝑠𝑠 values from the combination of three different datasets - prerailroad, post-railroad, and post-railroad without pre-railroad koalas. The 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑠𝑠𝑠𝑠
values are interpreted according to Figure 4.2 and Figure 4.S6.1 respectively. The conclusions
�𝑒𝑒 values can be
drawn from Figure 4.2 and Figure 4.S6.1 are listed. Further information on 𝑁𝑁
found in Supplement 4.S3.
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Discussion
Our simulations have shown that 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 can detect if a population is in the early stages

of subdivision (Supplement 4.S7). Detection of subdivision is an important aspect of

population management, and it will prove useful to have some methods such as 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 that

are more sensitive to subdivision effects than 𝐹𝐹�𝑆𝑆𝑆𝑆 . When applied to simulated data, 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 did
show a significant difference in trend after a subdivision was implemented (Figure 4.3). It

was easy to observe that 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 showed the same change in magnitude across all three

population size treatments. Even in the 𝑁𝑁𝑒𝑒 = 500 treatments, 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 still went below the
critical value by generation +2 (Figure 4.3).

The value of 𝐹𝐹�𝑆𝑆𝑆𝑆 also changed in trend after a subdivision, trending upwards after

generation zero in our simulation (Figure 4.3). A problem with the significant difference in
𝐹𝐹�𝑆𝑆𝑆𝑆 was that while 𝐹𝐹�𝑆𝑆𝑆𝑆 did show a statistically significant increase after a subdivision, the
actual value was still extremely small and close to zero, well below 𝐹𝐹�𝑆𝑆𝑆𝑆 ’s critical value of
0.05 (Wright, 1978; Lloyd et al, 2013) until many generations after the subdivision has

occurred (Figure 4.3). It would be very hard to say if such a small increase were caused by a
subdivision, and a researcher would have to wait many generations to see that 𝐹𝐹�𝑆𝑆𝑆𝑆 value
increase to a number above the critical value of 𝐹𝐹�𝑆𝑆𝑆𝑆 . An additional problem with 𝐹𝐹�𝑆𝑆𝑆𝑆 was

that this slow increase of 𝐹𝐹�𝑆𝑆𝑆𝑆 was also tied to population size, with 𝐹𝐹�𝑆𝑆𝑆𝑆 values in the 𝑁𝑁𝑒𝑒 =
500 treatments not exceeding 0.005 after 10 generations (Figure 4.3, panel 5 and 6). At

small population sizes (~20 individuals) 𝐹𝐹�𝑆𝑆𝑆𝑆 may be useful for measuring early signs of

subdivisions, however even at our smallest treatment of 𝑁𝑁𝑒𝑒 = 50, 𝐹𝐹�𝑆𝑆𝑆𝑆 values would be

difficult to interpret as a subdivision within the first +3 generations. Conclusion flowcharts
for 𝐹𝐹�𝑆𝑆𝑆𝑆 are shown in Supplement 4.S6.1. From these 𝐹𝐹�𝑆𝑆𝑆𝑆 flowcharts one will conclude that
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the split caused a subdivision if you sample generations from: 4 generations past the split
for 𝑁𝑁𝑒𝑒 = 25 treatments, 9 generations after the split for 𝑁𝑁𝑒𝑒 = 50, and over 95 generations

for 𝑁𝑁𝑒𝑒 = 500 (Supplement 4.S7).

𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 worked well when applied to our koala dataset because it led to a diagnosis of a

subdivision, both when we removed overlapping generations and when we did not (Table

4.1). 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 showed a significant drop after the subdivision (from 0.477 to 0.249) when koalas

from overlapping generations were not taken out, which would lead us to conclude that

there was a subdivision. Removing overlapping generations make this drop in 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 even
more apparent, with 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 being 0.097 after subdivision when we removed overlapping
generation. This makes sense, because overlapping generations can mask effects of

dispersal or subdivision, because they maintain genetic material from before any such
process could take place. However, without prior study of a population, it can be difficult to
identify which animals are from before or after a subdivision. Nevertheless, if it is possible
to determine the age of individuals sampled, it would be preferable to filter out individuals
who would have been present before the suspected subdivision, to give a more accurate
representation of a post-subdivision population 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 value.

Looking at 𝐹𝐹𝑠𝑠𝑠𝑠 values for the koalas, none of the tested populations had an 𝐹𝐹𝑠𝑠𝑠𝑠 value

above the critical value of 0.05, with the highest value being 0.017 after overlapping

generations were removed from the post-split population. If a conservation researcher were
to only use 𝐹𝐹�𝑆𝑆𝑆𝑆 to assess the subdivision, they would likely not conclude that there was a

genetic subdivision. These low 𝐹𝐹�𝑆𝑆𝑆𝑆 values do still have some utility, however. As mentioned
above, the use of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 together can allow one to make some useful conclusions in
the koala study, for example: if we had access to only the 𝐹𝐹�𝑠𝑠𝑠𝑠𝑁𝑁 and 𝐹𝐹�𝑆𝑆𝑆𝑆 from after the
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subdivision (either with or without the overlapping generations removed) we would see
that 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 is below the critical value, and 𝐹𝐹�𝑆𝑆𝑆𝑆 has not gone above its critical value, allowing us
to conclude that there is a subdivision and that the subdivision happened recently.

One key application of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 that will play a vital role, is its effectiveness when one

does not have any data from before the split. It is not common for a conservation project to
have extensive genetic data from before a potential split event, and thus 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 needs to be

able to detect genetic subdivisions given there is no data from before the split. Thankfully,
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 was able to achieve this well. Figures 4.4 and 4.5 showed that you can determine if a

population is subdivided given only data from after the split if 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 is below the critical

value. There is some ambiguity whether that subdivision was caused by the recent split, or a
more historical split when one only interprets 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 values. However, this ambiguity can be

overcome with the tandem use of 𝐹𝐹�𝑆𝑆𝑆𝑆 , as explained above, making 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 together with 𝐹𝐹�𝑆𝑆𝑆𝑆 a

useful method when one does not have access to data from before a split. It should be

remembered that 𝐹𝐹�𝑆𝑆𝑆𝑆 is required to calculate 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 , so there would not be a situation in
which you only had access to 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and no value of 𝐹𝐹�𝑆𝑆𝑆𝑆 . The tandem use of 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆

allowed us to conclude there was a recent subdivision in the koala data, as well as in the
early generations of the simulated data. When examining the extended simulations
(Supplement 4.S4) we can see the use of tandem 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹�𝑆𝑆𝑆𝑆 in the later generations to
conclude if subdivisions were caused by a much older split event.

Measurements of effective population size can be a difficult aspect of using 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 ,

because of the complexity of the measure and its notoriously difficult calculation, which
should become easier as progressively longer sequence reads allow understanding of

chromosomal and linkage relationships at the population-wide scale (Lou et al, 2021). With
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so many ways to measure effective population size, it can be difficult to know where to
begin. In this paper, we chose to apply a genetic method via NeEstimator to calculate
effective population size (Do, 2014), then a demographic method to adjust for the
bottleneck of the population (Hedrick, 1985). When calculating the effective population size
�𝑒𝑒 , that
of the post-railroad data without old koalas, NeEstimator gave a very large value of 𝑁𝑁

even when corrected using demographic methods (Supplement 4.S3) gave a value almost

double the post-railroad data with the old koalas left in. While the true value of 𝑁𝑁𝑒𝑒 is hard
to know, this large value is likely to be an overestimation. However, 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 would still be
below the critical value at any 𝑁𝑁𝑒𝑒 over 45, given the 𝐹𝐹�𝑆𝑆𝑆𝑆 value of the population; the

conclusions drawn from the population would remain unchanged. While NeEstimator is a
common tool to estimate population size, there are many other ways to measure effective
population size (Hedrick, 1985 - page 266; Frankham, 1995; Engen et al, 2005; Tallmon et al
2008; Waples & Do 2008), so it should be noted that the methods we chose in this study are
not prescriptive, and that researchers should apply the effective population size measures
that are most appropriate to the conditions of their study populations. One benefit of
�𝑒𝑒 , which a researcher will already have
NeEstimator is that it uses genetic data to estimate 𝑁𝑁
if they intend to use 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 . This means that the researcher will not require extra data

collection to replicate the method that we applied to our koala data. Moreover, as we
move to population-level whole genome sequencing (Lou et al, 2021), these estimates will
become increasingly accurate.
The Ratio-Methods that were tested, included some which produced similar plots to
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 (Supplement 4.S2), although they did not result in the anticipated spike immediately

post-split. However, the similarity of the ratio plots to 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 plots suggests that in future, the
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ratios could be added to methods for diagnosing whether a potential split has caused
genetic subdivision. These ratio methods have the disadvantage that it is more difficult to
obtain the theoretical expectations presented for 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 . Unfortunately, the only ratio for
𝑀𝑀𝑀𝑀

which we might be able to develop suitable theory is the ratio of 𝐹𝐹 , which did not have the
𝑆𝑆𝑆𝑆

sharp change post-split that is seen with 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 (Supplement Figure 4.S2.7). Additionally, the
theoretical predictions would be very complex, despite the fact that the equilibrium and
transient equations for 𝐹𝐹𝑆𝑆𝑆𝑆 , upon which our theoretical expectations are based, are

matched by equivalent equations for MI (equations 10 and 9 respectively in Dewar et al,
2011).
𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 has been shown to be a useful method for identifying subdivisions soon after

they occur. Use of this method could have implications for conservation management.

Knowing early on after a potential subdivision that there has been a genetic impact can be
crucial to organizing management strategies. Furthermore, it cannot be understated how
important it is that one can apply 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠 , together with 𝐹𝐹�𝑆𝑆𝑆𝑆 , without the need for data prior to

a subdivision, because lack of information prior to a subdivision if often the limiting factor in
conservation research. A previous study aiming to detect the early signs of population
subdivision by Lloyd et al (2013) did not attempt to investigate subdivisions without the
benefit of data prior to a subdivision, and even with prior data did not succeed in detecting
effects until long after the split. While older methods like 𝐹𝐹�𝑆𝑆𝑆𝑆 on its own are still valuable for

long term management, being able to make an initial assessment within the first few

generations of an event could have great impact within conservation management, allowing
researchers to more rapidly create management plan and take appropriate action. The 𝐹𝐹�𝑠𝑠𝑠𝑠𝑠𝑠
method worked for both the simulated data and the koala data. Moreover, Sherwin

page 133

Chapter 4

searched for 15 years for a situation such as the koalas with extensive pre-split and postsplit genetic data, to enable rigorous testing of the method, by comparing inference from
post -split data only with inference from post-split and pre-split. The koala example is the
only such case he found. Hopefully to publication of this chapter will inspire others to do
such studies to further validate this method.
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Concluding remarks
In this thesis I, along with my collaborators, have developed several new methods
for analysing population-wide genetic data. These methods include: a method to quantify
the amount of inbreeding or selective pressures in a single population, using multi-locus
gene family data (Chapter 2); a method to predict the rate of genetic drift in a single
population, when measured via Shannon’s information (Chapter 3); and a method to detect
the early signs of a population subdivision (Chapter 4). Each of these methods interrogated
a different aspect of genetic variation. Each of these aspects of genetic variation can give
new insight into a study population, so that an effective evolutionary ecology investigation,
or conservation strategy, should seek to understand all these types of genetic variation.
This final chapter will discuss the outcomes and limitations of each chapter, explore
how these methods might be developed further, and devise a fictional scenario to illustrate
how these methods could be used together in a real-life conservation situation. Finally, I will
briefly reflect on what I hope the real-world impacts of my research will be.

Outcomes and Limitations of the methods and possible further developments
Chapter 2
In Chapter 2 we developed a new measure that will allow us to detect the
underlining mating pattern, and certain selective patterns present in multi-locus gene
families. Previously, the most common way to investigate mating patterns and selective
pressures, 𝐹𝐹𝐼𝐼𝐼𝐼 , was not useable on multi-locus gene families without intensive study of the
population prior to sequencing the multi-locus gene families. This research give the

potential to draw new conclusions from previously collected datasets and allow analysis of
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certain selective pressures specific to important multi-locus gene families. The methods
worked well on a variety of simulated datasets.
Chapter 2’s primary limitation was a difficulty to confirm how 1𝐻𝐻′𝐼𝐼𝐼𝐼 performed on

real datasets. 1𝐻𝐻′𝐼𝐼𝐼𝐼 was developed to measure the amount of inbreeding or selection on

heterozygotes relative to homozygotes in a population, using multi-locus gene family data, a
type of analysis that was previously not possible (Ellis et al, 2005; Zagalska-Neubauer, 2010).
However, to fully test this approach, we needed to apply our method to a real dataset. This
poses a problem, because we cannot compare 1𝐻𝐻′𝐼𝐼𝐼𝐼 valuess to their closest analogue (𝐹𝐹𝐼𝐼𝐼𝐼 )
because 𝐹𝐹𝐼𝐼𝐼𝐼 cannot be applied to the exact same major-histocompatibility complex (MHC)

dataset. Instead, we had to look at a different set of genes within the same population.

While this method was the best we could possibly use, it is not an unreasonable assumption
that each of these different sets of genes were under different selective pressures. This
possible difference in selective pressures poses the questions of: how do we know if error
we observe is inherent to the method, or a result of differing selective pressures?
The way to investigate this further, while obvious, is well outside the scope of this
thesis: a manipulative experiment where we can control the selective pressures acting on a
population. Chapter 2 attempted something similar with its use of simulated data, which
while extremely useful for verification of a method, cannot perfectly replicate the
underlying complexity of a real population. However, imposing specific selection pressures
or mating systems on the MHC in an actual population would be quite a difficult experiment
to conduct, and I do not see it being done solely to further justify the validity of 1𝐻𝐻′𝐼𝐼𝐼𝐼 . I

would encourage any researcher with access to a suitable dataset to put 1𝐻𝐻′𝐼𝐼𝐼𝐼 to the test in

this way.
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Chapter 3
Chapter three contributed a method to predict the decline of Shannon’s information
in bottlenecked populations. Shannon’s information gives valuable insight into the diversity
of rare alleles in a population (Sherwin et al, 2017) and being able to predict its decline
alongside expected heterozygosity (a common measure of genetic diversity) should prove
beneficial to any long-term management of a bottlenecked population. Shannon’s
information is especially important because bottlenecked populations tend to be at a
greater risk of losing rare alleles, which are likely to be important for future adaptation
(Bolton et al, 2017).
Chapter 3’s primary limitation, in my view, was its scope. The aim for Chapter 3 was
to expand the scope for prediction of diversity measures to include Shannon’s Information,
with the hope being that more researchers might adopt Shannon’s Information into their
methodology because of it. However, the goal now is to not only get population geneticists
to use Shannon’s Information, but rather to get them to use the whole spectrum of diversity
values known as Hill numbers (Hill, 1973; Chao et al, 2016), of which the exponential of
Shannon’s Information is only a single value. The initial problem of population genetics
researchers not investigating the full spectrum of diversity metrics is only partially rectified
by this new method. Therefore, while being able to predict how genetic drift will affect
Shannon’s Information is a worthwhile development, it would have been preferable to have
a more comprehensive predictor for genetic drift that could be applied to any 𝑞𝑞𝐷𝐷 value

(Chao et al, 2014). It would be beneficial if further developments focused on such a
comprehensive diversity prediction, and I see that as a good direction for further

investigation on this topic. The method developed in Chapter 3 to predict drift’s effect on
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Shannon’s Information did take the same form of the method that is used to predict drift’s
effect on expected heterozygosity (O’Reilly et al, 2020), a common diversity measure used
in population genetics (Hedrick, 1985). It would be interesting to see if that same form can
be used for all other Hill numbers, or some transform of them. Even if that is not the case,
applications of this form to other genetic diversity measures would give valuable insight into
the future direction of such investigation.
Chapter 4
In Chapter 4, we developed a method that could effectively identify if a recent event
had caused a genetic subdivision. Subdivided populations are at a greater risk of fitness loss,
and an immediate conservation response is often required to address these harmful effects
of subdivision. Older methods of detecting subdivision are not sensitive enough to detect a
subdivision within the first few generations, and so the development of 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 in Chapter 4

addresses an important concern in conservation genetics. Our method from Chapter 4 will
hopefully allow conservation managers to deploy effective management plans more quickly,
and as a result help the conservation of threatened populations.
Chapter 4’s primary limitation is that 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 requires the calculation of effective

population size (𝑁𝑁𝑒𝑒 ). Effective population size is a notoriously complex value to measure

(Frankham, 2021). Despite the mathematical complexity of effective population size, there
are free and user-friendly programs that can give an estimate of effective population size,
these programs are developed to be generally applicable. However, effective population
size is a measure that is prone to large amounts of error (Holleley et al, 2014), with many
different methods, so that an important part of an effective calculation is knowing which
methods are applicable to the study population (Frankham, 1995; Hedrick, 1985; Engen et
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al, 2005). This complexity carries over to 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 because 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 uses effective population size in

its calculation.

While one avenue for further development might be to develop a new method that
does not rely on difficult 𝑁𝑁𝑒𝑒 calculations, I optimistically believe that advancements in

technology will instead make 𝑁𝑁𝑒𝑒 significantly easier to measure, and more accurate. While
𝑁𝑁𝑒𝑒 is a complex value, it is simple enough for most practical ecologists to get an (albeit

flawed) estimation of it. Common methods of 𝑁𝑁𝑒𝑒 calculation such as linkage disequilibrium,

which was used in Chapter 4, can tend to underestimate the value of 𝑁𝑁𝑒𝑒 (Sved et al, 2013).
An underestimate of 𝑁𝑁𝑒𝑒 can lead to false negatives for 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 thus making the 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 method

more conservative. However, it should be noted that when using linkage disequilibrium in
Chapter 4, we got very large values of 𝑁𝑁𝑒𝑒 that were unlikely to be underestimates. Despite

the current issues with 𝑁𝑁𝑒𝑒 , I believe 𝑁𝑁𝑒𝑒 calculations will only get easier with time.

Of all three methods developed in this thesis, I have greatest hope for 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 to be

used widely within conservation research. However, as an alternative to 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , other

methods to detect the early sign of subdivisions were tested in Chapter 4. These methods
included information theory based approaches, and it is possible those methods might give
an alternative avenue for future research. However, those methods are still
underdeveloped, and would require a large amount of research to give them the theoretical
backing that 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 currently has.

Conservation uses
To illustrate the integrated conservation uses of all three methods developed in this
thesis, I will describe a fictional conservation scenario and demonstrate: how each method
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from Chapters 2, 3 and 4 this thesis could be integrated into a management plan, the
possible results of each method, and some conservation practices that could be applied
given the results of the methods. This scenario will a use a fictional animal, the Atog, to
illustrate how the methods in this thesis can be applied to even the most novel of species.
While this scenario is focused on population management, these methods can be broadly
applied to all evolutionary ecology in fields such as pest control, agriculture, etc.
The conservation scenario is that a volcano has recently erupted in Hamhung, Korea.
A population of Atogs has been located in the area post-eruption. Up until now, the Atog
was thought to be a fictional creature. Due to their rarity, a large conservation effort is
underway. The Atogs are divided between two areas on either side of the now dormant
volcano, with ~100 individuals on the north side of the summit, and ~70 individuals on the
south side of the summit. There is no evidence of any other populations. The Atogs have no
known close evolutionary relatives. All that is known about them is that they are animals,
they are vertebrates, and they are extremely aggressive and dangerous. The local
government has taken some genetic samples of each population, using a broad spectrum of
anonymous single nucleotide polymorphisms (SNPs). The local government also plans to
investigate their evolutionary origin, and so they plan to return later to collect genetic data
and attempt to sequence the SOX of the Atogs. The SOX is a gene-family found in many
animals from mammals to insects (Lovell-Badge, 2011), and if SOX is present in the Atogs, it
could reveal their evolutionary ancestry. SOX genes also have the benefit of having relaxed
selection (Voldoire et al, 2017), as opposed to some other multi-gene families, such as MHC
that can have significant selective pressures (Sommer, 2005).
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What can we investigate using the methods from this thesis?
It is possible the Atogs may be in a population bottleneck, with no new individuals
migrating to the population. Bottlenecks will cause a reduction in genetic diversity, via the
process of genetic drift, which in turn can lead to a reduced population fitness. We can use
the equation developed in Chapter 2 to calculate the rate that the population will lose its
genetic diversity. Genetic diversity can be measured in many ways. Commonly, genetic
diversity is measured via expected heterozygosity, but because the Atog population may be
in a genetic bottleneck, the researchers are interested about the presence of rare alleles in
the population (England, 1997). Bottlenecked populations are more likely to show lower
amounts of genetic diversity compared to non-bottlenecked populations (Bonnell &
Selander, 1974; Hoelzel et al, 1993). To better represent the presence of rare alleles in the
population, the researchers decided to quantify and forecast genetic diversity with
Shannon’s information ( 1𝐻𝐻 ), due to its higher sensitivity to rare alleles. The equation to

forecast Shannon’s information is:

1 𝑡𝑡
�
𝐻𝐻𝑡𝑡 = 𝐻𝐻0 �1 −
2𝑁𝑁𝑒𝑒

1

1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3.4]

where 1𝐻𝐻𝑡𝑡 is the Shannon’s information 𝑡𝑡 generations into the future, 1𝐻𝐻0 is the current

Shannon’s information, and 𝑁𝑁𝑒𝑒 is the effective population size of the population.

However, there are two sub-populations of Atog, and we do not know if those

populations are subdivided from each other, or inter-breeding. If the populations are interbreeding, we can treat the north and south populations as one single population, then apply
Equation 3.4 to the total Atog population, both north and south together. If they are
subdivided, we would instead treat them as two separate populations, and apply Equation
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3.4 to the north and south separately. This possible population divide is important, because
divided populations can lose genetic diversity much quicker, suffer from inbreeding
depression (Daniels et al, 2000), and be at an increased risk of extinction (Dobson et al,
1992). To investigate if the Atogs are subdivided, we can apply the method developed in
Chapter 4:
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 =

1
𝐹𝐹𝑆𝑆𝑆𝑆 (4𝑁𝑁𝑒𝑒 + 1)

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4.9]

where 𝐹𝐹𝑆𝑆𝑆𝑆 is a measurement of differentiation of two populations (explained in Chapter 1

and Chapter 4) and 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 is the method developed in Chapter 4 to detect recent subdivision

events. Measurements of 𝐹𝐹𝑆𝑆𝑆𝑆 using the SNP data indicate that the two populations are very
genetically similar (𝐹𝐹𝑆𝑆𝑆𝑆 0.009), however 𝐹𝐹𝑆𝑆𝑆𝑆 is slow to change and will not detect if this

recent eruption has caused a subdivision of these populations. The researchers hypothesize
that the population was once interbreeding, and that the eruption has only recently
subdivided them between the two locations (North and South of the volcano). To test this
hypothesis, they apply Equation 4.9. To use Equation 4.9, one needs an estimate of 𝑁𝑁𝑒𝑒 .

There are many possible methods to calculate 𝑁𝑁𝑒𝑒 , that each factor in different aspects of
the population. For example, there are 𝑁𝑁𝑒𝑒 calculations that examine the effects of:
inbreeding, fluctuating population size, sex ratio, genetic co-ancestry, or linkage

disequilibrium (Wright, 1984; Hedrick, 1985; Nomura, 2008; Waples & Do, 2008). The
researchers decide to go with a linkage disequilibrium, because it is commonly used in
population genetics and does not require extra information on the previously unstudied
Atog population. Programs to calculate 𝑁𝑁𝑒𝑒 based on linkage disequilibrium are also very

easy to use (Do et al, 2014). Using the linkage disequilibrium method, the average 𝑁𝑁𝑒𝑒 value

of the two subpopulations is determined to be 74 (North 𝑁𝑁𝑒𝑒 = 110, South 𝑁𝑁𝑒𝑒 = 38 ), and
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𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 is then applied to the Atogs giving a 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 value of 0.374 (𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 =

1

0.009(4×74+1)

= 0.374).

Any value of 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 below 0.5 indicates that a population is subdivided, and because the 𝐹𝐹𝑆𝑆𝑆𝑆

value is quite low, we also know this subdivision is somewhat recent, leading the

researchers to conclude that the volcanic eruption was the cause of the subdivision.
We now know the two subpopulations of Atogs are subdivided, and therefore we can apply
Equation 3.4 to each subpopulation individually. Using the SNP data, the North population
currently has a Shannon’s Information value of 0.69, and the South population currently has
a Shannon’s Information value of 0.42. Plotting the change of these values over time using
Equation 3.4 gives the plot shown in Figure 5.1.

Figure 5.1: Predicted Shannon’s information in the two Atog subpopulations over 100
generations. Blue line is the south population, Red Line is the North population.
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Figure 5.1 indicates that the southern population has the greatest risk of losing a
significant amount of genetic diversity. With the results from 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , the researchers know
that the two populations are subdivided, and therefore are not breeding, but the

researchers do not know enough about Atog ecology and movement to create a reliable
pathway between each population to connect them. Therefore, the researchers have
decided to manually relocate Atogs from the North population to the South population, to
hopefully increase the 𝑁𝑁𝑒𝑒 value and Shannon’s Information in the South. From reading

Chapter 3 of this thesis, the researchers are aware that an increased 𝑁𝑁𝑒𝑒 will slow the loss of
genetic diversity, until they can identify a way to fully connect the two populations. Care

was taken to only translocate Atogs from the North population, as it has been demonstrated
in the past that translocation of individuals from low genetic diversity populations can have
deleterious effects on the populations receiving new individuals (Houlden et al, 1996;
Sherwin et al, 2000).
Multiple Atog breeding seasons have passed, and the researchers have managed to
fully reconnect the two populations with a series of pathways. The Atogs are now moving
freely between the North and the South. The local government is moving forward with its
plan to collect SOX data to investigate if the Atogs share this gene family or its allelic
variants with any other vertebrates. One researcher worries that the population may be
interbreeding, which would increase the homozygosity of deleterious recessive alleles even
more than indicated by Equation 3.4. Knowing if a population is inbreeding is important, as
it can reduce a populations reproductive fitness (Ballou, 1982), therefore it is often a
measure investigated by conservation researchers (Wayne et al, 1991; Brzeski et al, 2014).
However, this hunch is not enough to convince the local government to fund a new round of
SNP sampling, and all the funding has already been allocated to collect SOX data. The SOX
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data has been obtained via Next Generation Sequencing (NGS). NGS has become much
more common in population genetics (Hohenlohe et al, 2020). This is a problem because
while NGS data can be useful to investigate the presence and diversity of variants in multilocus gene families like SOX, it cannot be used to measure a departure from random mating
using common methods like 𝐹𝐹𝐼𝐼𝐼𝐼 , as explained in Chapter 2. Luckily, the researcher with a

hunch has read Chapter 2 of this thesis, and knows they can apply the following equation to

the Atog population, even with NGS data:

1

𝐻𝐻′𝐼𝐼𝐼𝐼

1
�����
𝐻𝐻𝐼𝐼 (𝐿𝐿 + 1)
= −�
− 𝐿𝐿� 𝐸𝐸𝑉𝑉
1
𝐻𝐻𝑆𝑆

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2.4𝑏𝑏]

1
where 1𝐻𝐻𝑆𝑆 is the Shannon’s information contained in the population, �����
𝐻𝐻𝐼𝐼 is the average

Shannon’s information contained in the individual (See Chapter 2 for detailed explanations
1
of 1𝐻𝐻𝑆𝑆 and �����
𝐻𝐻𝐼𝐼 ), and 𝐿𝐿 is the number of loci of the gene family being investigated. Using the

NGS data, the researcher with a hunch can measure a 1𝐻𝐻′𝐼𝐼𝐼𝐼 value of 0.7. This value

indicates that there is an excess of homozygote loci in the Atogs population, which is
generally a sign of either: selection for homozygotes, or inbreeding being common in the
population. With the relaxed selection pressures on SOX genes (Voldoire et al, 2017), the
researcher concludes that this excess of homozygotes is due to inbreeding of the Atog
population. From this fictional scenario, using the methods developed in this thesis, we
could:
•

Determine that the population was subdivided, and that the subdivision was recent.

•

Forecast the loss of diversity in each population.

•

Determine which population needed the most assistance to maintain genetic
diversity.
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•

Determine that the population, even after reunification, had an excess of
homozygote loci caused by inbreeding.

Thus, conservation researchers have an expanded range of genetic methods to understand
even more about their study population. While this fictional scenario chose to focus on a
fictional animal, some conservation researchers will have background information on their
study species. This background information can make some tasks much easier, such as:
estimating the number of loci in a multi-gene family, identifying environmental changes that
may cause subdivisions, already knowing if populations are inter-breeding.
My hope is that these methods are taken up research scientists, either that the methods
from this thesis are applied to the benefit of threatened populations, by researchers in the
field; or that the methods are improved upon with further investigation, by researchers in
the laboratory. I am also hopeful that anyone who has made it to the end of the thesis has
found something useful in its pages, or they at least had some fun getting through it.
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Supplement for Chapter 2: Detecting non-random mating or selection
in natural populations using multi-locus gene families
Supplement 2.S1: Alternate estimation of number of Loci.
Along with the locus-number estimation method tested in the main text, an
alternate method was also developed and tested. This value was called 𝐿𝐿2 (Equation 2.S1.1).
𝐿𝐿2 was equal to the maximum number of variants held in any individual, then divided by

two and rounded up. The logic for 𝐿𝐿2 is that: if we assume that there is an individual in the
population that has two unique variants at each locus, then the maximum number of

variants held in that individual will be equal to double the number of loci. Because each
locus contains two alleles, if this maximum value is an odd number, when divided by two it
will result in a decimal. This is then rounded up because loci do not naturally occur in
fractions. 𝐿𝐿2 did not perform as well as the method presented in the main text, when tested

on simulated data where the true number of loci was known. 𝐿𝐿2 tended to underestimate
the number of loci present in the population (Figure 2.S1.1).

𝐿𝐿2 = �
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�
2

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2. 𝑆𝑆1.1]
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Figure 2.S1.1: Percentage error of different locus-number estimation methods. 𝐿𝐿2 from
Equation 2.S1.1; and One Individual, Mean, and Median from the locus-number estimation
method described in the main text. Showing the median (the thick bar), upper and lower
quartile (the grey box), the lowest non-outlier observations (the whisker) and outliers (the
dots). This figure uses the same binned simulation data described in the main text.
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Supplement 2.S2: Alternate estimation of selection or departure from random mating
Two other measures were tested called I’ (Equation 2.S2.3) and O (Equation 2.S2.4).
MEASURE 1: 𝐼𝐼 ′

In the next generation sequencing output of each individual, for each locus, the

homozygote loci each contribute one variant, while the heterozygote loci each contribute
two variants. Some of these variants may be identical to variants contributed by other loci
in the gene family. However, we start by assuming that all variants are distinguishable. We
also start by assuming that there is Hardy-Weinberg equilibrium (random mating, no
selection, etc. so 𝐹𝐹𝐼𝐼𝐼𝐼 = 0). Then the expected number of variants per individual is:

𝐼𝐼 = (Homozygote contribution of 1 variant) + (Heterozygote contribution of 2 variants)
= �

𝐿𝐿

𝑙𝑙=1

�

= 2𝐿𝐿 − �

𝐿𝐿

𝐴𝐴𝑙𝑙

𝑘𝑘=1

𝑙𝑙=1

𝑃𝑃𝑙𝑙𝑙𝑙 2 + 2 �

�

𝐴𝐴𝑙𝑙

𝑘𝑘=1

𝑃𝑃𝑙𝑙𝑙𝑙 2

𝐿𝐿

(1 − �

𝑙𝑙=1

𝐴𝐴𝑙𝑙

𝑘𝑘=1

𝑃𝑃𝑙𝑙𝑙𝑙 2 )

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2. S2.1]

𝑃𝑃𝑙𝑙𝑙𝑙 is the population proportion of allele 𝑘𝑘 (1 ≤ 𝑘𝑘 ≤ 𝐴𝐴𝑙𝑙 ) at locus 𝑙𝑙 (1 ≤ 𝑙𝑙 ≤ 𝐿𝐿 ) of the genefamily. Notice that this is now a function only of the expected number of homozygotes 𝑃𝑃𝑙𝑙𝑙𝑙 2

and L, the number of loci (note that this method was trialed with L from main text and with
L2 from supplement).
Now we discard the assumption that there is Hardy-Weinberg Equilibrium. When
there is inbreeding or selection against heterozygotes (𝐹𝐹𝐼𝐼𝐼𝐼 ≠ 0), the expected number of
homozygotes at each locus, 𝑃𝑃𝑙𝑙𝑙𝑙 2 , is increased by addition of 𝑃𝑃𝑙𝑙𝑙𝑙 (1 − 𝑃𝑃𝑙𝑙𝑙𝑙 )𝐹𝐹𝑖𝑖𝑖𝑖 (Falconer &
McKay, 1996, Table 3.1) So expected variants per individual:

𝐼𝐼 = 2𝐿𝐿 − �
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�
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{𝑃𝑃𝑙𝑙𝑙𝑙 2 + 𝑃𝑃𝑙𝑙𝑙𝑙 (1 − 𝑃𝑃𝑙𝑙𝑙𝑙 )𝐹𝐹𝑖𝑖𝑖𝑖 }

𝑘𝑘=1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2. S2.2]
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Therefore, with complete inbreeding, (𝐹𝐹𝐼𝐼𝐼𝐼 = 1), 𝐼𝐼 = 𝐿𝐿, as expected, or with strong negative
assortative mating, (𝐹𝐹𝑖𝑖𝑖𝑖 = −1), 𝐼𝐼 = 2𝐿𝐿 if all 𝑝𝑝 values are 0.5. Thus, we can make a rescaled

value that has approximately the same range as 𝐹𝐹𝐼𝐼𝐼𝐼 :
𝐼𝐼 ′ =

3𝐿𝐿−2𝐼𝐼
𝐿𝐿

[𝐸𝐸𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞𝑞 2. S2.3]

This 𝐼𝐼 ′ will show similar behaviour as for 𝐹𝐹𝐼𝐼𝐼𝐼 , being approximately -1 when there is strong

negative assortative mating, 0 when there is random mating, and +1 when there is complete
inbreeding. Of course, the correspondence with 𝐹𝐹𝐼𝐼𝐼𝐼 will be inexact if assumptions are
violated, for example if some unknown proportion of the alleles at different loci are
indistinguishable, and/or if some 𝑝𝑝 values are not 0.5.
MEASURE 2: 𝑂𝑂

The measure O is simply 𝐼𝐼 scaled by the total number of variants in the population 𝑉𝑉
𝐼𝐼

𝑂𝑂 = 𝑉𝑉

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 2. S2.4]

where expected 𝑉𝑉 = ∑𝐿𝐿𝑙𝑙=1 𝐴𝐴𝑙𝑙 . 𝑂𝑂 is expected to vary inversely with 𝐹𝐹𝐼𝐼𝐼𝐼 , but it is difficult to
give exact correspondence without knowing the 𝐴𝐴𝑙𝑙 values and other information.

These two measures were tested in the same way as 1𝐻𝐻𝐼𝐼𝐼𝐼 in the main text, with regression
analysis and RMSE measurement on the binned datasets. I’ was also tested using the 𝐿𝐿2 as
well as the locus-number estimation method from the main text.
Results
I’ showed poor a R-squared values and poor RMSE results when used with the main
text locus-number estimation method (Figure 2.S2.1), however, when using 𝐿𝐿2 I’ performed
significantly better. While I’ using 𝐿𝐿2 (Figure 2.S2.2) did not surpass 1𝐻𝐻𝐼𝐼𝐼𝐼 results (Figure 2.2
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in the main text), it did show a significant improvement over I’ using the main text locusnumber estimation method, giving an improved R-squared and RMSE results. This is
interesting because 𝐿𝐿2 had much more error when estimating number of loci (Figure 2.S1.1).
O gave an R-squared that was comparable to I’, but the RMSE value was much higher and
the approach to 45° line was poor (Figure 2.S2.3).
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Figure 2.S2.1: Regression of binned 𝐹𝐹𝐼𝐼𝐼𝐼 on 𝐼𝐼′ (using main text locus-number estimation) from
simulated data that has had replicates with low 𝐼𝐼′ variance removed. 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were
manipulated via ‘mating’ and ‘selection’ treatment parameters shown in the methods
section. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope.
𝐼𝐼′ showed an r-squared of -0.00224, p-value = 0.742, RMSE = 1.3.

page 161

Supplement

Figure 2.S2.2: Regression of binned 𝐹𝐹𝐼𝐼𝐼𝐼 on 𝐼𝐼′ (using 𝐿𝐿2 locus-number estimation) from
simulated data that has had replicates with low 𝐼𝐼′ variance removed. 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were
manipulated via ‘mating’ and ‘selection’ treatment parameters shown in the methods
section. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope.
𝐼𝐼′ showed an r-squared of 0.580, p-value = < 0.05, RMSE = 0.444.
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Figure 2.S2.3: Regression of binned 𝐹𝐹𝐼𝐼𝐼𝐼 against 𝑂𝑂 from simulated data that has had
replicates with low 𝑂𝑂 variance removed. 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. Blue line indicates a
regression slope, the Red line indicates the expected negative 1:1 slope. 𝑂𝑂 showed an rsquared of 0.602, p-value = < 0.05, RMSE = 0.951, with a negative slope, as expected.
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Supplement 2.S3: Missing singleton data correction
The possibility of missing data was investigated, because the values used in
calculating 1𝐻𝐻𝐼𝐼𝐼𝐼 would be affected if the sequencing missed singletons. If there were
singleton variants in the population that sequencing did not pick up: 𝐸𝐸𝑉𝑉 would be

overestimated; L would potentially be underestimated; and 1𝐻𝐻𝑆𝑆 and 1𝐻𝐻𝐼𝐼 would be

underestimated. This would lead to an inaccurate 1𝐻𝐻𝐼𝐼𝐼𝐼 calculation. To counteract this effect
of missing singleton values, we tested a mathematical correction from Chao & Jost 2015.

This method was applied to some individuals in the penguin data to see if it gave realistic
results on a real dataset. Unfortunately, the results it gave did not seem to be realistic. The
correction estimated that on average, each individual had 316 missing singleton variants,
with a maximum of 2654 missing singleton variants. These estimates do not seem realistic,
especially because they would substantially inflate the locus-number estimates using the
methods outlined in the main text. These large numbers could be due to the large number
of variant sequences in the penguin data, especially before filtering is taken into account,
possibly due to sequencing errors that unfortunately abound in NGS data.
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Supplement 2.S4: Regression results without data binning using Equation 2.

Figure 2.S4.1: Regression of 𝐹𝐹𝐼𝐼𝐼𝐼 against 1𝐻𝐻𝐼𝐼𝐼𝐼 from simulated data that has had replicates
with low 1𝐻𝐻𝐼𝐼 variance removed. 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and ‘selection’
treatment parameters shown in the methods section. The total non-binned data, with all
treatments together are shown. Blue line indicates a regression slope, the Red line indicates
the expected 1:1 slope. Regression analysis gave an R-squared of 0.756, p = < 0.0 01, and
RMSE = 344. Corresponding binned data can be found in the main text (Figure 2.2).
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Figure 2.S4.2: How number of loci affects regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 . Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼
results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated non-binned data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. The three panels show
treatments with differing numbers of loci set up in the simulation, indicated above each
panel. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope. In
treatments with 3 loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.452, p-value = < 0.05, and RMSE =
0.364. In treatments with 5 loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.600, p-value = < 0.05, and
RMSE = 0.351. In treatments with 10 loci, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.726 , p-value = <
0.05, and RMSE = 302. 3 Loci treatments only showed a range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from ~-0.5 to 1, 5
loci treatments from ~-0.5 to 1, and 10 loci treatments showing the full range of -1 to 1.
Corresponding binned data can be found in the main text (Figure 2.3).
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Figure 2.S4.3: How allele distribution affects regression of 𝐹𝐹𝐼𝐼𝑆𝑆 on 1𝐻𝐻𝐼𝐼𝐼𝐼 . Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼
results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from non-binned simulated data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’ and
‘selection’ treatment parameters shown in the methods section. The two panels show
treatments with differing distribution of variants in the simulation, indicated above each
panel. Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope. In
treatments with an Even variant distribution, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of 0.601, p-value =
< 0.05, and RMSE = 351. In treatments with an Uneven variant distribution, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed Rsquared of 0.496, p-value = < 0.05, and RMSE = 0.337. 1𝐻𝐻𝐼𝐼𝐼𝐼 in Even treatments, showed a
reduced range of 𝐹𝐹𝐼𝐼𝐼𝐼 values, from -0.5 to 1, whereas Uneven treatments showed the full
range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from -1 to 1. Corresponding binned data can be found in the main text
(Figure 2.4).
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Figure 2.S4.4: How number generations simulated affects regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝑆𝑆 .
Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼 results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from non-binned simulated
data that has had replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were
manipulated via ‘mating’ and ‘selection’ treatment parameters shown in the methods
section. The three panels show treatments with differing numbers of generations simulated,
indicated above each panel. Blue line indicates a regression slope, the Red line indicates the
expected 1:1 slope. Ten generation data having an r-squared of 0.627, p-value = < 0.05 and
RMSE = 0.342. Thirty generation data had an r-squared of 0.663, p-value = < 0.05, and RMSE
= 0.324. Fifty generation data had an r-squared of 0.577, p-value = < 0.05, and RMSE =
0.362. Corresponding binned data can be found in the main text (Figure 2.5).
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Figure 2.S4.5: How population size affects regression of 𝐹𝐹𝐼𝐼𝐼𝐼 on 1𝐻𝐻𝐼𝐼𝐼𝐼 . Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼
results to their corresponding 𝐹𝐹𝐼𝐼𝐼𝐼 results from non-binned simulated data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’
and ‘selection’ treatment parameters shown in the methods section. The two panels show
treatments with differing population sizes in the simulations, indicated above each panel.
Blue line indicates a regression slope, the Red line indicates the expected 1:1 slope. In
population sizes of 40, 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an r-squared of 0.495, p-value = < 0.05, and RMSE =
0.324. In population sizes of 400, 1𝐻𝐻𝐼𝐼𝐼𝐼 an r-squared of 0.771, p-value = < 0.05, and RMSE =
0.363. 1𝐻𝐻𝐼𝐼𝐼𝐼 in 400 population size treatments, showed a reduced range of 𝐹𝐹𝐼𝐼𝐼𝐼 values, from
~-0.5 to 1, whereas 40 population size showed the full range of 𝐹𝐹𝐼𝐼𝐼𝐼 values from -1 to 1.
Corresponding binned data can be found in the main text (Figure 2.6).
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Simulated NGS data
Additional simulations were also analysed on non-binned data that has been
obfuscated in a similar way to real NGS data. These simulated NGS-like data increased the
error of our locus-number estimates, and thus gave worse regression results than its nonNGS like counterpart (Figure 2.S4.6).

Figure 2.S4.6: Results of 𝐹𝐹𝐼𝐼𝐼𝐼 regressed against 1𝐻𝐻𝐼𝐼𝐼𝐼 for NGS-like data. Comparison of 1𝐻𝐻𝐼𝐼𝐼𝐼
results to their corresponding non-binned 𝐹𝐹𝐼𝐼𝐼𝐼 results from simulated NGS data that has had
replicates with low 1𝐻𝐻𝐼𝐼 variance removed. The 𝐹𝐹𝐼𝐼𝐼𝐼 ranges were manipulated via ‘mating’
and ‘selection’ treatment parameters shown in the methods section. Blue line indicates a
regression slope, the Red line indicates the expected 1:1 slope. 1𝐻𝐻𝐼𝐼𝐼𝐼 showed an R-squared of
0.013, p-value = < 0.05, RMSE = 0. 493. Corresponding binned data can be found in the main
text (Figure 2.7).
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Supplement for Chapter 3: Predicting Shannon’s information for
genes in finite populations: New uses for old equations
Supplement 3.S1 – Treatment parameters
3.S1.1 – Simulation treatments of Simdata
Treatment Number

Allele

Pop

Allele proportions

2E50

2 Even

50

0.5, 0.5

2P50

2 Poisson

50

0.7, 0.3

2U50

2 Uneven

50

0.9, 0.1

2E100

2 Even

100

0.5, 0.5

2P100

2 Poisson

100

0.7, 0.3

2U100

2 Uneven

100

0.9, 0.1

2E1000

2 Even

1000

0.5, 0.5

2P1000

2 Poisson

1000

0.7, 0.3

2U1000

2 Uneven

1000

0.9, 0.1

5E50

5 Even

50

0.2, 0.2, 0.2, 0.2, 0.2

5P50

5 Poisson

50

0.7, 0.2, 0.05, 0.025, 0.025

5U50

5 Uneven

50

0.9, 0.025, 0.025, 0.025, 0.025

5E100

5 Even

100

0.2, 0.2, 0.2, 0.2, 0.2

5P100

5 Poisson

100

0.7, 0.2, 0.05, 0.025, 0.025

5U100

5 Uneven

100

0.9, 0.025, 0.025, 0.025, 0.025

5E1000

5 Even

1000

0.2, 0.2, 0.2, 0.2, 0.2

5P1000

5 Poisson

1000

0.7, 0.2, 0.05, 0.025, 0.025

5U1000

5 Uneven

1000

0.9, 0.025, 0.025, 0.025, 0.025

10E50

10 Even

50

0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1

10P50

10 Poisson

50

0.7, 0.2, 0.03, 0.01, 0.01, 0.01, 0.01, 0.01,

10U50

10 Uneven

50

0.91, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01,

10E100

10 Even

100

0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1

10P100

10 Poisson

100

0.7, 0.2, 0.03, 0.01, 0.01, 0.01, 0.01, 0.01,

10U100

10 Uneven

100

0.91, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01,

10E1000

10 Even

1000

0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1, 0.1

10P1000

10 Poisson

1000

0.7, 0.2, 0.03, 0.01, 0.01, 0.01, 0.01, 0.01,

10U1000

10 Uneven

1000

0.91, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01, 0.01,
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3.S1.2 – Observed treatment parameters of Flydata

Locus
AC1

Allele proportions
0.32, 0.1, 0.52, 0.06

AC2

0.53, 0.27, 0.02, 0.16, 0.02

AC3

0.7, 0.18, 0.1, 0.02

AC4

0.26, 0.14, 0.04, 0.02, 0.1, 0.1, 0.2,
0.12, 0.02

AC7

AC8

AC9

AC12
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Treatmen
t
BASE
DIFF
INT
BASE
DIFF
INT
BASE
DIFF
INT
BASE

DIFF
INT
0.45, 0.02, 0.38, 0.07, 0.04, 0.02, 0.02 BASE
DIFF
INT
BASE
0.63, 0.02, 0.35
DIFF
INT
0.27, 0.04, 0.41, 0.12, 0.08, 0.02, 0.06 BASE
DIFF
INT
BASE
0.78, 0.14, 0.08
DIFF
INT

Effective
population
size
320
60
2
320
60
2
320
60
2
320

Treatment
code
BASEAC1
DIFFAC1
INTAC1
BASEAC2
DIFFAC2
INTAC2
BASEAC3
DIFFAC3
INTAC3
BASEAC4

60
2
320
60
2
320
60
2
320
60
2
320
60
2

DIFFAC4
INTAC4
BASEAC7
DIFFAC7
INTAC7
BASEAC8
DIFFAC8
INTAC8
BASEAC9
DIFFAC9
INTAC9
BASEAC12
DIFFAC12
INTAC12
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Supplement 3.S2 – equations for error measurements
3.S2.1 - Percentage error
% 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 =

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣−𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣

× 100

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. S2.1]

3.S2.2 - CV (coefficient of variation)
𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 =

2
∑𝑛𝑛
𝑖𝑖=1(𝑥𝑥𝑖𝑖 −𝑥𝑥𝑖𝑖 )

𝑛𝑛−1

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑜𝑜𝑜𝑜 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣 =

√𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉
× 100
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

, where 𝑥𝑥𝑖𝑖 is the ith value and 𝑛𝑛 is the number of samples.

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆2.2]
[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆2.3]

3.S2.3 - ∆CV

∆CV = 𝐶𝐶𝑉𝑉𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 − 𝐶𝐶𝑉𝑉𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆2.4]

, CV was calculated for both the predicted values and the actual values of Shannon’s and

Heterozygosity. Due to the stochastic nature of the simulation treatments, the initial allele
frequencies were stochastic, so there was some variation of initial frequencies within the
treatment, upon which the predicted final values were based. Therefore, for the Simdata,
CV was calculated for both the predicted values and the actual values.
3.S2.4 - Modified RMSE
∑𝑛𝑛𝑖𝑖=1(𝑥𝑥𝑖𝑖 − 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣𝑣)2
1
�
𝑅𝑅𝑅𝑅𝑅𝑅𝐸𝐸 =
×
𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚
𝑛𝑛
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Supplement 3.S3 – Analysis of Simdata
This supplement section gives exact measures of percentage error, CV of prediction,
CV of measurement, ∆CV and RMSE for each treatment of each equation in Simdata. It also
provides some visual representation of the error rate of these equations, looking at the
diversity predictions compared to the measured values of diversity and percentage
difference over number of generations.
Het-het – 3.S3.1- 3.S3.4
Shan-het – 3.S3.5 – 3.S3.8
Shan-SMM – 3.S3.9 – 3.S3.12
Shan-IAM – 3.S3.13 – 3.S3.16
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3.S3.1 – Error measurements for Het-het (Equation 3.3) on Simdata. Ranked in Table 3.1.
Treatment
2E50

Percent
Error
18.8

CV
CV
measurement predictions
73.41
29.11

2P50

16.1

81.88

2U50

84.6

2E100

∆CV

RMSE

44.30

0.52

30.40

51.48

0.68

191.07

35.18

155.88

0.99

-0.7

35.46

14.63

20.83

0.33

2P100

-3.0

48.55

15.96

32.59

0.49

2U100

13.7

108.08

20.83

87.25

0.90

2E1000

-1.2

2.52

1.46

1.07

0.03

2P1000

2.6

19.30

2.44

16.86

0.18

2U1000

21.3

49.08

5.00

44.08

0.45

5E50

6.1

51.75

29.07

22.68

0.36

5P50

-0.5

73.48

30.60

42.88

0.67

5U50

-26.4

139.67

54.68

84.99

1.82

5E100

7.1

32.40

14.60

17.80

0.24

5P100

14.1

55.00

16.06

38.94

0.45

5U100

-3.7

104.96

24.57

80.38

1.04

5E1000

-0.2

1.94

1.46

0.48

0.01

5P1000

0.7

12.44

2.29

10.15

0.13

5U1000

0.8

33.32

4.87

28.45

0.32

10E50

-2.7

35.60

29.07

6.54

0.22

10P50

18.6

90.66

30.81

59.85

0.65

10U50

16.8

145.28

36.34

108.94

1.18

10E100

2.7

23.79

14.59

9.20

0.15

10P100

-0.2

41.47

16.60

24.87

0.41

10U100

1.0

119.11

20.56

98.54

1.12

10E1000

0.5

2.33

1.46

0.87

0.02

10P1000

-0.2

16.92

3.45

13.48

0.17

10U1000

-12.8

44.11

6.98

37.13

0.21

Average

Absolute :
10.3;
Average :
6.44

60.50

18.26

42.24

0.51
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3.S3.2 – Effect of population size on the heterozygosity prediction from equation Het-het
(Equation 3.3) on Simdata. The mean over treatment and generation for measured values of
heterozygosity are plotted against the predictions (full treatment parameters are found in
supplement S1.1). The regression lines are based on the original data, before it was
averaged over replicate and generation. Note the different scales on the axis of each
segment.
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3.S3.3 - Effect of allele distribution on the heterozygosity prediction of equation Het-het
(Equation 3.3) on Simdata. The measured values of heterozygosity are plotted against the
predictions (Allele proportions for each distribution are found in supplement 3.S1.1). Note
the different scales on the axis of each panel.
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3.S3.4 – Heterozygosity predictions of Het-het (Equation 3.3) over time (in Red) and
measured values of heterozygosity over time (in blue) for all 27 Simdata treatments.
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3.S3.5 - Error measurements for Shan-het (Equation 3.4) on Simdata. Ranked in Table 3.1.
Treatment
2E50

Percent
error (%)
11.5

CV of
measurement
68.42

CV of
predictions
29.09

∆CV

RMSE

39.33

0.51

2P50

9.3

75.92

29.75

46.17

0.63

2U50

94.2

178.24

32.32

145.92

0.91

2E100

-4.2

30.68

14.61

16.08

0.30

2P100

-4.3

44.60

15.33

29.27

0.45

2U100

22.1

98.50

18.59

79.90

0.77

2E1000

-1.5

1.86

1.46

0.40

0.03

2P1000

1.7

14.81

2.03

12.77

0.14

2U1000

18.3

41.06

3.99

37.07

0.38

5E50

15.9

55.79

29.08

26.71

0.35

5P50

8.8

73.63

30.45

43.18

0.60

5U50

36.2

134.97

49.24

85.73

1.12

5E100

7.9

35.33

14.60

20.74

0.26

5P100

5.5

55.56

15.78

39.77

0.43

5U100

31.7

96.30

22.95

73.35

0.71

5E1000

0.3

2.29

1.46

0.83

0.02

5P1000

12.7

13.09

2.51

10.58

0.14

5U1000

40.1

29.66

4.93

24.73

0.28

10E50

27.5

47.34

29.07

18.27

0.28

10P50

20.2

90.69

30.88

59.81

0.57

10U50

70.2

133.50

36.22

97.29

0.80

10E100

25.4

34.39

14.59

19.79

0.26

10P100

21.1

42.76

17.35

25.40

0.37

10U100

51.9

110.28

19.69

90.58

0.74

10E1000

3.7

4.80

1.46

3.34

0.05

10P1000

5.2

18.63

3.92

14.71

0.17

10U1000

1.3

40.59

6.07

34.53

0.27

Average

Absolute :
20.5;
Average :
19.7

58.29

17.68

40.60

0.43
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3.S3.6 - Effect of population size on the Shannon’s information prediction from equation
Shan-het (Equation 3.4) on Simdata. The mean over replicates and generation for measured
values of Shannon’s information are plotted against the predictions, showing the mean of
the replicates at each generation per treatment (full treatment parameters are found in
supplement 3.S1.1). The regression lines are based on the original data, before it was
averaged over replicate and generation. Note the different scales on the axis of each panel.
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3.S3.7 - The Shannon’s information prediction of equation Shan-het (Equation 3.4) plotted
against the measured values of Shannon’s information. The plot is separated by the three
different allele distributions used in Simdata (Allele proportions for each distribution are
found in supplement 3.S1.1). Note the different scales on the axis of each panel.
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3.S3.8 – Shannon’s information predictions of Shan-het (Equation 3.4) over time (in Red) and
measured values of Shannon’s information over time (in blue) for all 27 Simdata treatments.
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3.S3.9 - Error measurements for Shan-SMM (Equation 3.5b) on Simdata. Ranked in Table 3.1.
Treatment
2E50

Percent
error (%)
111.4

CV of
CV of
measurement predictions
68.42
28.52

2P50

100.9

75.92

2U50

198.0

2E100

∆CV

RMSE

39.90

0.59

29.36

46.56

0.63

178.24

33.75

144.49

0.82

87.7

30.68

14.74

15.94

0.48

2P100

72.4

44.60

15.60

29.00

0.50

2U100

83.1

98.50

19.88

78.62

0.67

2E1000

79.0

1.86

1.57

0.29

0.47

2P1000

87.5

14.81

2.48

12.33

0.46

2U1000

56.7

41.06

4.76

36.31

0.50

5E50

22.3

55.79

33.93

21.86

0.45

5P50

61.3

73.63

29.88

43.75

0.55

5U50

77.7

134.97

52.64

82.33

1.01

5E100

42.3

35.33

19.77

15.57

0.41

5P100

47.9

55.56

16.02

39.54

0.51

5U100

54.4

96.30

23.43

72.87

0.69

5E1000

61.9

2.29

2.77

-0.48

0.35

5P1000

17.0

13.09

2.40

10.70

0.31

5U1000

81.0

29.66

4.64

25.02

0.29

10E50

44.4

47.34

39.21

8.13

0.36

10P50

86.2

90.69

30.06

60.64

0.59

10U50

78.8

133.50

34.98

98.52

0.80

10E100

48.2

34.39

24.62

9.76

0.35

10P100

53.4

42.76

16.67

26.08

0.44

10U100

51.3

110.28

19.68

90.60

0.74

10E1000

47.2

4.80

4.38

0.42

0.32

10P1000

30.4

18.63

3.61

15.03

0.27

10U1000

-5.9

40.59

6.65

33.95

0.29

Average

Absolute :
66.2;
Average :
65.8

58.29

19.11

39.18

0.51
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3.S3.10 - Effect of population size on the Shannon’s information prediction from equation
Shan-SMM (Equation 3.5b) on Simdata. The mean over replicate and generation for
measured values of Shannon’s information are plotted against the predictions, showing the
mean of the replicates at each generation per treatment (full treatment parameters are
found in supplement 3.S1.1). The regression lines are based on the original data, before it
was averaged over replicate and generation. Note the different scales on the axis of each
panel.
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3.S3.11 - The Shannon’s information prediction of equation Shan-SMM (Equation 3.5b)
plotted against the measured values of Shannon’s information. The plot is separated by the
three different allele distributions used in Simdata (Allele proportions for each distribution
are found in supplement 3.S1.1). Note the different scales on the axis of each panel.
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3.S3.12 - Shannon’s information predictions of Shan-SMM (Equation 3.5b) over time (in Red)
and measured values of Shannon’s information over time (in blue) for all 27 Simdata
treatments.
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3.S3.13 - Error measurements for Shan-IAM (Equation 3.6b) on Simdata. Ranked in Table 3.1.
Treatment
2E50

Percent
error (%)
30.0

CV of
CV of
measurement predictions
68.42
17.48

∆CV

RMSE

50.94

0.50

2P50

33.7

75.92

16.46

59.46

0.59

2U50

217.5

178.24

10.85

167.39

0.85

2E100

3.0

30.68

10.08

20.61

0.28

2P100

5.2

44.60

9.80

34.80

0.41

2U100

62.6

98.50

7.85

90.65

0.69

2E1000

0.5

1.86

1.18

0.68

0.02

2P1000

3.2

14.81

1.73

13.08

0.14

2U1000

42.8

41.06

2.07

39.00

0.42

5E50

-14.7

55.79

25.43

30.36

0.52

5P50

-0.9

73.63

17.81

55.81

0.67

5U50

42.0

134.97

15.24

119.72

0.94

5E100

-19.3

35.33

15.68

19.65

0.41

5P100

4.4

55.56

10.65

44.90

0.48

5U100

33.3

96.30

8.96

87.33

0.74

5E1000

-27.4

2.29

2.23

0.06

0.38

5P1000

-22.3

13.09

1.74

11.35

0.33

5U1000

-7.4

29.66

2.05

27.61

0.33

10E50

-27.2

47.34

30.14

17.20

0.55

10P50

19.0

90.69

17.83

72.87

0.68

10U50

95.9

133.50

10.77

122.74

0.81

10E100

-28.9

34.39

19.58

14.81

0.52

10P100

-10.5

42.76

11.19

31.57

0.46

10U100

43.4

110.28

7.17

103.11

0.80

10E1000

-34.6

4.80

3.44

1.36

0.53

10P1000

-28.9

18.63

2.63

16.01

0.48

10U1000

-21.6

40.59

2.79

37.80

0.36

Average

Absolute :
32.6;
Average :
14.5

58.29

10.48

47.81

0.51
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3.S3.14 - Effect of population size on the Shannon’s information prediction from equation
Shan-IAM (Equation 3.6b) on Simdata. The mean over replicate and generation for measured
values of Shannon’s information are plotted against the predictions, showing the mean of
the replicates at each generation per treatment (full treatment parameters are found in
supplement 3.S1.1). The regression lines are based on the original data, before it was
averaged over replicate and generation. Note the different scales on the axis of each panel.
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3.S3.15 - The Shannon’s information prediction of equation Shan-IAM (Equation 3.6b)
plotted against the measured values of Shannon’s information. The plot is separated by the
three different allele distributions used in Simdata (Allele proportions for each distribution
are found in supplement 3.S1.1). Note the different scales on the axis of each panel.
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3.S3.16 - Shannon’s information predictions of Shan-IAM (Equation 3.6b) over time (in Red)
and measured values of Shannon’s information over time (in blue) for all 27 Simdata
treatments.
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Supplement 3.S4 – Analysis of Flydata
This supplement section gives exact measures of percentage error, CV of prediction,
CV of measurement, ∆CV and RMSE for each treatment of each equation in Flydata. It also
provides some visual representation of the error rate of these equations, looking at the
diversity predictions compared to the measured values of diversity and percentage
difference over number of generations.
Het-het – 3.S4.1- 3.S4.2
Shan-het – 3.S4.3 – 3.S4.4
Shan-SMM – 3.S4.5 – 3.S4.6
Shan-IAM – 3.S4.7 – 3.S4.8
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3.S4.1 – Error measurements Het-het (Equation 3.3) in Flydata. The averages are ranked in
Table 3.1.
Treatment code

Percent error (%)

CV

RMSE

BASEAC1

-3.4

8.85

0.09

BASEAC12

-27.8

15.85

0.46

BASEAC2

38.7

19.57

0.33

BASEAC3

11.7

24.03

0.30

BASEAC4

15.1

13.57

0.16

BASEAC7

-13.4

9.01

0.17

BASEAC8

-30.4

11.40

0.46

BASEAC9

-5.5

12.99

0.11

DIFFAC1

15.5

51.73

0.45

DIFFAC12

-16

49.65

0.59

DIFFAC2

202.1

131.34

0.79

DIFFAC3

21.8

51.36

0.44

DIFFAC4

-7.3

14.96

0.54

DIFFAC7

-21.8

9.37

0.30

DIFFAC8

-47

16.84

0.94

DIFFAC9

-7.8

10.74

0.14

INTAC1

-7.1

18.88

0.21

INTAC12

-14

28.02

0.51

INTAC2

108.2

41.84

0.67

INTAC3

3.8

38.89

0.53

INTAC4

10.3

32.35

0.26

INTAC7

-26.5

12.00

0.38

INTAC8

-32.4

26.10

0.60

INTAC9

-8.4

11.56

0.14

Average

Absolute : 29.0;
Average : 6.6

27.54

0.40
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3.S4.2 – The heterozygosity prediction of equation Het-het (Equation 3.3) plotted against the
measured values of heterozygosity. The plot is separated by the three different population
sizes used in Flydata.
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3.S4.3 – Error measurements Shan-het (Equation 3.4) in Flydata. The averages are ranked in
Table 3.1.
Treatment code
BASEAC1
BASEAC12
BASEAC2
BASEAC3
BASEAC4
BASEAC7
BASEAC8
BASEAC9
DIFFAC1
DIFFAC12
DIFFAC2
DIFFAC3
DIFFAC4
DIFFAC7
DIFFAC8
DIFFAC9
INTAC1
INTAC12
INTAC2
INTAC3
INTAC4
INTAC7
INTAC8
INTAC9
Average
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Percent error (%)
-8.0
-19.9
39.6
9.1
27.4
-12.6
-41.1
-3.4
21.0
0.9
231.4
25.1
8.1
-18.4
-55.1
-1.8
-8.8
-1.4
126.7
12.0
27.3
-26.4
-39.4
2.2
Absolute : 32.0;
Average : 12.3

CV

RMSE
8.85
15.85
19.57
24.03
13.57
9.01
11.40
12.99
51.73
49.65
131.34
51.36
14.96
9.37
16.84
10.74
18.88
28.02
41.84
38.89
32.35
12.00
26.10
11.56
27.54

0.15
0.44
0.32
0.29
0.25
0.20
0.73
0.14
0.44
0.43
0.79
0.40
0.50
0.26
1.29
0.17
0.19
0.33
0.66
0.45
0.35
0.39
0.75
0.07
0.42

Supplement

3.S4.4 – The Shannon’s information prediction of equation Shan-het (Equation 3.4) plotted
against the measured values of Shannon’s information. The plot is separated by the three
different population sizes used in Flydata.

page 195

Supplement

3.S4.5 – Error measurements Shan-SMM (Equation 3.5b) in Flydata. The averages are ranked
in Table 3.1.
Treatment code
BASEAC1
BASEAC12
BASEAC2
BASEAC3
BASEAC4
BASEAC7
BASEAC8
BASEAC9
DIFFAC1
DIFFAC12
DIFFAC2
DIFFAC3
DIFFAC4
DIFFAC7
DIFFAC8
DIFFAC9
INTAC1
INTAC12
INTAC2
INTAC3
INTAC4
INTAC7
INTAC8
INTAC9
Average
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Percent error (%)
39.2
14.5
102.4
71.5
21.0
-0.5
30.9
45.4
364.8
76.6
8.7
-24.2
24.1
42.0
33.9
54.2
27.6
77.7
218.1
58.1
50.3
-1.9
2.3
29.3
Absolute : 59.1;
Average : 56.9

CV

RMSE
8.85
15.85
19.57
24.03
13.57
9.01
11.40
12.99
51.73
49.65
131.34
51.36
14.96
9.37
16.84
10.74
18.88
28.02
41.84
38.89
32.35
12.00
26.10
11.56
27.54

0.29
0.28
0.52
0.40
0.43
0.20
0.14
0.26
0.52
0.43
0.83
0.50
0.28
0.12
0.40
0.23
0.28
0.37
0.73
0.48
0.41
0.12
0.22
0.23
0.36

Supplement

3.S4.6 – The Shannon’s information prediction of equation Shan-SMM (Equation 3.5b)
plotted against the measured values of Shannon’s information. The plot is separated by the
three different population sizes used in Flydata.
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3.S4.7 – Error measurements Shan-IAM (Equation 3.6b) in Flydata. The averages are ranked in
Table 3.1.
Treatment code
BASEAC1
BASEAC12
BASEAC2
BASEAC3
BASEAC4
BASEAC7
BASEAC8
BASEAC9
DIFFAC1
DIFFAC12
DIFFAC2
DIFFAC3
DIFFAC4
DIFFAC7
DIFFAC8
DIFFAC9
INTAC1
INTAC12
INTAC2
INTAC3
INTAC4
INTAC7
INTAC8
INTAC9
Average
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Percent error (%)
-29.0
-31.8
2.8
-15.1
-19.8
-39.1
-45.0
-36.1
-3.4
-5.3
151.3
4.9
-35.9
-41.8
-54.8
-35.5
-27.3
-7.7
71.7
-6.2
-24.5
-47.5
-39.1
-32.9
Absolute : 33.7;
Average : -14.5

CV

RMSE
8.85
15.85
19.57
24.03
13.57
9.01
11.40
12.99
51.73
49.65
131.34
51.36
14.96
9.37
16.84
10.74
18.88
28.02
41.84
38.89
32.35
12.00
26.10
11.56
27.54

0.44
0.63
0.20
0.40
0.32
0.67
0.85
0.60
0.51
0.47
0.77
0.41
0.97
0.74
1.28
0.61
0.43
0.36
0.63
0.52
0.57
0.93
0.74
0.50
0.61

Supplement

3.S4.8 – The Shannon’s information prediction of equation Shan-IAM (Equation 3.6b) plotted
against the measured values of Shannon’s information. The plot is separated by the three
different population sizes used in Flydata.

page 199

Supplement

Supplement 3.S5 – The equations with poor performance.
There were three other equations studied, but due to poor performance and lack of
theoretical backing, they were not included in the main text. Two of these equations came
from curve fitting software and the other came from an unpublished paper by Frank Jabot.
Supplement 3.S5.1 – Jabot’s equation
Jabot’s equation was derived by modifying one that had been used to fit limited
simulation data in an unpublished report:

1

𝐻𝐻𝑡𝑡 = 1𝐻𝐻0 −

(𝑆𝑆̅ − 1)𝑡𝑡
4𝑁𝑁𝑒𝑒

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆6.1]

where 𝑆𝑆̅ is the mean of the number of alleles over all generations. However, the mean

number of alleles across all generations is usually not known, so we modified the equation
to use only the initial number of alleles, 𝑆𝑆0 , thus producing equation ‘Jabot-modified’:
1

(𝑆𝑆0 − 1)𝑡𝑡
𝐻𝐻𝑡𝑡 = 𝐻𝐻0 −
4𝑁𝑁𝑒𝑒
1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆6.2]

Jabot’s equation was not used due to its poor performance and lack of good theoretical
backing.
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3.S5.2 – Error measurements for Jabot-modified on Simdata (Equation 3.6.2).
Treatment
2E50
2P50
2U50
2E100
2P100
2U100
2E1000
2P1000
2U1000
5E50
5P50
5U50
5E100
5P100
5U100
5E1000
5P1000
5U1000
10E50
10P50
10U50
10E100
10P100
10U100
10E1000
10P1000
10U1000
Average
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Percent error
CV of
CV of
(%)
measurement predictions
11.4
68.42
33.44
1.6
75.92
42.71
-30.4
178.24
212.86
-2.5
30.68
12.94
-3.1
44.60
16.25
2.1
98.50
38.29
-110.0
1.86
1.07
17.5
14.81
1.89
-24.0
41.06
4.51
-115.4
55.79
100.46
1.1
73.63
-1123.77
-0.4
134.97
-108.05
-248.6
35.33
26.54
-1.2
55.56
72.32
-98.9
96.30
-743.23
-715.3
2.29
1.87
2.0
13.09
4.04
-31.2
29.66
8.84
-316.7
47.34
10293.63
-0.8
90.69
-151.15
-0.9
133.50
-87.32
-19.3
34.39
56.81
-106.2
42.76
-1541.27
-309.5
110.28
-116.26
1.1
4.80
3.00
-4.7
18.63
8.54
-18.9
40.59
18.63
Absolute : 81.3;
58.29
262.50
Average : -78.6

∆CV
34.98
33.21
34.62
17.74
28.35
60.21
0.79
12.92
36.55
44.67
1197.40
243.02
8.79
16.76
839.53
0.42
9.05
20.82
10246.29
241.84
220.82
22.42
1584.03
226.54
1.80
10.09
21.96
204.21

RMSE
0.51
0.69
2.38
0.29
0.45
0.94
0.02
0.14
0.38
0.81
-14.72
-1.83
0.23
0.78
-11.06
0.02
0.13
0.29
112.03
-2.14
-1.43
0.38
-22.41
-1.86
0.03
0.20
0.35
2.43

Supplement

3.S5.3 – Error measurements for Jabot-modified on Flydata (Equation 3.6.2).
Treatment
BASEAC1
BASEAC12
BASEAC2
BASEAC3
BASEAC4
BASEAC7
BASEAC8
BASEAC9
DIFFAC1
DIFFAC12
DIFFAC2
DIFFAC3
DIFFAC4
DIFFAC7
DIFFAC8
DIFFAC9
INTAC1
INTAC12
INTAC2
INTAC3
INTAC4
INTAC7
INTAC8
INTAC9
Average
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Percent error (%)
-9.9
-22.3
33.9
4.3
19.5
-19.3
-42.5
-8.7
-1.6
-23.6
-16.9
-64.5
-64.3
-42.4
-17.5
-19.4
-41.9
126.5
75.3
-15.2
-17.4
-58.6
-47.4
-29.5
Absolute : 34.3;
Average : -12.6

CV

RMSE
8.85
15.85
19.57
24.03
13.57
9.01
11.40
12.99
51.73
49.65
131.34
51.36
14.96
9.37
16.84
10.74
18.88
28.02
41.84
38.89
32.35
12.00
26.10
11.56
27.54

0.17
0.47
0.29
0.29
0.21
0.28
0.78
0.17
0.50
0.65
0.77
0.55
1.21
1.84
1.87
0.79
0.30
0.45
0.63
0.60
0.48
1.45
0.99
0.43
0.67
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Supplement 3.S5.4 – EUREQA equations
We created equations with the program EUREQA to fit curves to a training data set.
The training data were generated via the same method, parameters and parameter values
as the Simdata, but these training data were kept separate to all the other data sets.
EUREQA’s algorithm examines many permuted equations, and determines fit based on a
modified version of an Akaike information criterion (AIC) (Akaike, 2011), however this
modification is not disclosed to the user. EUREQA then takes the best fitting permutation
and repeats the process, until it outputs a selection of equations that have the best fit to the
input data.
We set EUREQA to search for equations that can predict Shannon’s information
using the following values: starting number of alleles (𝑆𝑆0 ), number of generations (𝑡𝑡),

effective population size (𝑁𝑁𝑒𝑒 ), starting heterozygosity (both Hardy-Weinberg expected, 2𝐻𝐻0 ;

and observed at generation zero, 2𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 ), starting Shannon’s information (1𝐻𝐻0 ) and effective
number of alleles at generation zero (𝑆𝑆𝑒𝑒 ). All these values were obtained via analysis of the
training data with GENALEX. EUREQA also contains a setting for what it calls “Formula

building-blocks”, which are the mathematical symbols it incorporates into the equations.
We used the following Formula building-blocks: Input variable, Addition, Subtraction,
Multiplication, Division, Exponential, Natural Logarithm, Power and Square root. EUREQA
also allows for data-smoothing within the program, but we did not use this option. From all
the equations output by EUREQA, we selected two: Eureqa-long (Equation 3.S6.4), which
was the one with the best fit according to EUREQA, and another, Eureqa-short (Equation
3.S6.5), which had comparable fit and also showed a more intuitive relationship to the
biology, and the lowest number of terms. It should be noted that there was not a
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prerequisite criterion for fit of Eureqa-Short (Equation 3.S6.5 below), and its selection was
primarily subjective.
The following two equations are the result of the EUREQA curve fitting. The first one
(Eureqa-long) is the equation that was ranked first in EUREQA:

𝑁𝑁𝑒𝑒 + 𝑡𝑡× 1𝐻𝐻0 +𝐸𝐸𝐸𝐸𝐸𝐸� 2𝐻𝐻𝑜𝑜𝑜𝑜𝑜𝑜 ×

1𝐻𝐻
0

1

𝐻𝐻𝑡𝑡 = 𝑁𝑁𝑒𝑒 ×

1𝐻𝐻2
2𝐻𝐻
0
𝑜𝑜𝑜𝑜𝑜𝑜
�−𝑡𝑡×𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆( 2𝐻𝐻0 )
+ 𝑡𝑡×
2𝐻𝐻
2
0
2𝐻𝐻
2𝐻𝐻 ×1𝐻𝐻2
2𝐻𝐻
2𝐻𝐻 2 − 1𝐻𝐻3 −2𝐻𝐻 𝐻𝐻0
−
+
𝑁𝑁×𝑆𝑆
×
0
0
0
0
0
𝑜𝑜𝑜𝑜𝑜𝑜
0
0

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑛𝑛 3. 𝑆𝑆6.4]

Where Hobs is observed heterozygosity at generation zero, 1𝐻𝐻0 is Shannon information at
generation zero, 𝑁𝑁𝑒𝑒 is effective population size, 𝑡𝑡 is number of generations, and 2𝐻𝐻0 is

Hardy Weinberg expected heterozygosity at generation zero. The other equation (Eureqashort) was:
1

𝐻𝐻𝑡𝑡 =

𝑁𝑁𝑒𝑒 × 1𝐻𝐻0 +(𝑆𝑆𝑒𝑒 − 𝑆𝑆0 )
𝑡𝑡 + 𝑁𝑁𝑒𝑒

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆6.5]

Where 𝑁𝑁𝑒𝑒 is effective population size, 𝑡𝑡 is number of generations, 𝑆𝑆𝑒𝑒 is number of effective
alleles at generation zero and 𝑆𝑆0 is the starting number of alleles at generation zero.

Eureqa-long preformed so badly, that any further investigation into it was not warranted.
Not only was its performance poor, the equation itself made little to no biological sense.
Eureqa-short showed good results on Simdata (Supplement 3.S6.5) however it was not
included in the main text because the relationship to Ne was not intuitively obvious, there
was high error in Flydata, and because EUREQA is a black box software, making it hard to
judge exactly how it generates its equations.
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3.S5.5 – Error measurements for Eureqa-short on Simdata (Equation 3.S6.5)
Treatment
2E50
2P50
2U50
2E100
2P100
2U100
2E1000
2P1000
2U1000
5E50
5P50
5U50
5E100
5P100
5U100
5E1000
5P1000
5U1000
10E50
10P50
10U50
10E100
10P100
10U100
10E1000
10P1000
10U1000
Average
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Percent error
(%)
30.0
33.7
217.5
3.0
5.2
62.6
0.5
3.2
42.8
-14.7
-0.9
42.0
-19.3
4.4
33.3
-27.4
-22.3
-7.4
-27.2
19.0
95.9
-28.9
-10.5
43.4
-34.6
-28.9
-21.6
Absolute : 32.6;
Average : 14.5

CV of
CV of
measurement predictions
68.42
17.48
75.92
16.46
178.24
10.85
30.68
10.08
44.60
9.80
98.50
7.85
1.86
1.18
14.81
1.73
41.06
2.07
55.79
25.43
73.63
17.81
134.97
15.24
35.33
15.68
55.56
10.65
96.30
8.96
2.29
2.23
13.09
1.74
29.66
2.05
47.34
30.14
90.69
17.83
133.50
10.77
34.39
19.58
42.76
11.19
110.28
7.17
4.80
3.44
18.63
2.63
40.59
2.79
58.29
10.48

∆CV
50.94
59.46
167.39
20.60
34.80
90.65
0.68
13.08
38.99
30.36
55.82
119.73
19.65
44.91
87.34
0.06
11.35
27.61
17.20
72.86
122.73
14.81
31.57
103.11
1.36
16.00
37.80
47.81

RMSE
0.50
0.59
0.85
0.28
0.41
0.69
0.02
0.14
0.42
0.52
0.67
0.94
0.41
0.48
0.74
0.38
0.33
0.33
0.55
0.68
0.81
0.52
0.46
0.80
0.53
0.48
0.36
0.51
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3.S5.6 – Error measurements for Eureqa-short on Flydata (Equation 3.S6.5)
Treatment
BASEAC1
BASEAC12
BASEAC2
BASEAC3
BASEAC4
BASEAC7
BASEAC8
BASEAC9
DIFFAC1
DIFFAC12
DIFFAC2
DIFFAC3
DIFFAC4
DIFFAC7
DIFFAC8
DIFFAC9
INTAC1
INTAC12
INTAC2
INTAC3
INTAC4
INTAC7
INTAC8
INTAC9
Average
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Percent error (%)
-12.7
-24.3
32.2
20.7
-17.6
-8.6
0.4
-17.6
1.6
-10.7
-63.0
-68.6
-105.4
-19.7
-44.2
3.1
-122.3
-71.1
-138.2
171.6
-90.3
-34.6
-89.1
-103.3
Absolute : 53.0;
Average : -33.8

CV

RMSE
8.85
15.85
19.57
24.03
13.57
9.01
11.40
12.99
51.73
49.65
131.34
51.36
14.96
9.37
16.84
10.74
18.88
28.02
41.84
38.89
32.35
12.00
26.10
11.56
27.54

0.20
0.50
0.29
0.29
0.22
0.26
0.83
0.17
0.49
0.57
0.77
0.42
0.71
0.55
1.77
0.32
2.24
-20.60
12.48
-5.89
2.76
-3.63
8.40
-31.11
3.98
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Supplement 3.S6 – Sampling analysis
3.S6.1 - Method
To address sampling issues that commonly arise when dealing with real populations
(Chao & Jost, 2014). We investigated the percentage error of predictions when only
sampling 50 individuals out of the 1000 in each of two treatments from Simdata, 10U1000
and 10E1000. These treatments were chosen because they highlight many of the sampling
issues researchers may face: The large population size mimics the difficulty in sampling a
large proportion of individuals in a population; with many alleles in the population, it is
more likely some will be missed when doing field work; and the range of an even
distribution and an uneven distribution should give us insight into some of the limitations
predictive equations have when a total population sample is not possible. With complete
sampling, one of these equations performed well, the other did not perform as well, for
both 2H and Shannon 1H, as detailed further below.
Another aspect of sampling is that the use of either the well-known equation 3.3
(het-het) or the new equation 3.4 (Shan-het) in wild populations requires information on the
effective population size. To make a fair comparison between the full sample of all
individuals, and the sample of only 50 individuals, we will simply make our predictions using
the same actual effective size (1000 in our simulations) for both the full sample and the
sample of only 50 individuals. We note that there are at least two methods for estimation
of effective size that could be used in a wildlife situation, without needing a time-series of
genetic samples: one based on linkage disequilibrium in a single sample, and the other
based on demographic information (Engen et al, 2005 ; Waples, 2006 )
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Another aspect of sampling is that one needs to correct for sampling bias. For this
we used the SpadeR R package (Chao et al, 2015; Gaggiotti et al, 2018) to calculate both
Heterozygosity and Shannon’s Information, because SpadeR includes calculations for these
measures using the sampling correction found in Chao & Jost, 2015. It should be noted that
Chao & Jost, 2015 outputs these values as effective number of alleles (or D values) which we
then converted back to H values based on the conversions shown below (found in Sherwin
et al, 2017).
1
2

𝐻𝐻 = log 𝑒𝑒 1𝐷𝐷

𝐻𝐻 =

2𝐷𝐷 −1
2𝐷𝐷

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆6.1]

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 3. 𝑆𝑆6.2]

3.S6.2a – Results
Shan-Het and Het-het both performed similarly with sampling of 50 individuals, in
comparison to analysis of the entire population. Both Shan-het and Het-het had large
amounts of error on the 10U1000 treatment, whether the entire population was sampled,
or only a sample of 50. For Het-het in 10U1000, the percentage error was 72.67% when 50
individuals were sampled, not much greater than 71.44% error when all individuals were
sampled (Table 3.S6.2b), a slight (1.23%) worsening of percentage error. For Shan-het in
10U1000, the percentage error was actually lower (60.66%) when 50 individuals were
sampled, than the error of 73.52% when all individuals were sampled – an improvement of
12.86%.
As expected from the main results, both Shan-het and Het-het had low amounts of
error on the 10E1000 treatment, whether the entire population was sampled, or only a
sample of 50. For Het-het in 10E1000, the percentage error was 2.01% when 50 individuals
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were sampled, and 2.09% when all individuals were sampled (Table 3.S6.2b) – a difference
of only 0.08%. For Shan-het in 10U1000, the percentage error was 6.86% when 50
individuals were sampled, and 7.37% when all individuals were sampled - a difference of
only 0.51%.

Equation

Het-het
Shan-het

Treatment

percentage error
of predictions
with 50
individuals
sampled

percentage error
of predictions
with all
individuals
sampled

Difference in
error

10U1000

72.67

71.44

1.23

10E1000

2.01

2.09

0.08

10U1000

60.66

73.52

12.86

10E1000
6.86
7.37
0.51
Table 3.S6.2b: Absolute Percentage error (averaged over 16 replicates) of two treatments
when only a sub-set of a population (50 individuals) are sampled at the starting generation
and when all individuals are sampled. The last row is a comparison of the two measures.
Looking at both Het-het (Equation 3.3) and Shan-het (Equation 3.4).

3.S6.3 – Discussion
As in the main investigation, the errors for Shan-Het and Het-Het were similar. It is
worth noting that one of the scenarios we chose to investigate was assumed to be the
worst-performing treatment (10U1000) for both Het-het and Shan-het, due to the uneven
allele distribution, with only a small portion of the full population being sampled. Both Hethet and Shan-het had large percentage error when dealing with treatment 10U1000. This
was expected, since even with corrections from sampling, in a population with many rare
alleles you are likely going to miss some when sampling only a small proportion of the
individuals. In our dataset, it was common for replicates within the 10U1000 to have certain
alleles not present in our sample, despite them being present in the total population. Within
the 10U1000 treatment with all individuals sampled, there was a single large outlier in the
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simulations, which added a substantial amount of percentage error. However. The presence
of this outlier does not change the comparison between Shan-het and Het-het. Treatment
10E1000 worked much better than 10U1000, as the even allele distribution allowed most
alleles to be represented within our sample.
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Supplement for Chapter 4: Methods for detection of recent
population subdivisions

Supplement 4.S1: predicting 𝑭𝑭𝑺𝑺𝑺𝑺 and its reciprocal over time

We have applied Equation 4.5 (in the main text) to a scenario where 𝑁𝑁𝑒𝑒 =200, over ten
generations. We have plotted both the 𝐹𝐹𝑆𝑆𝑆𝑆 value given by Equation 4.5 as well as the
1

1

reciprocal of that value (𝐹𝐹 ). Figure 4.S1.1 shows that the change in 𝐹𝐹
𝑆𝑆𝑆𝑆

𝑆𝑆𝑇𝑇

is much more rapid

than that of 𝐹𝐹𝑆𝑆𝑆𝑆 . We can also expect this rapid change to apply to 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 (Equation 4.9b, in the
main text).

Figure 4.S1.1: Equation 4.5 and its reciprocal applied to a population of 𝑁𝑁𝑒𝑒 =200, over 10
generations. The red line predicts how 𝐹𝐹𝑆𝑆𝑆𝑆 changes over time (Red line) and the blue line
predicts how 1/𝐹𝐹𝑆𝑆𝑆𝑆 changes over time.
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Supplement 4.S2: Additional “Ratio-Methods” for assessment of potential subdivision
Two forms of diversity that can be calculated are α diversity and β diversity. α
diversity is diversity of a single population, such as expected heterozygosity ( 𝐻𝐻 = 1 −

2
𝑡𝑡ℎ
∑𝐾𝐾
𝑘𝑘=1 𝑝𝑝𝑘𝑘 , where K is the number of alleles, and 𝑝𝑝 is the proportion of the 𝑘𝑘 allele). β

diversity is the diversity shared between two population, such as 𝐹𝐹𝑆𝑆𝑆𝑆 (Equation 4.2 in main

document). There are many different types of α diversity and β diversity measures, each
with differing sensitivities to variant proportions. For α diversity, it is common for these
different diversity values to be calculated using Hill numbers (or their transformations),
from Chao et al (2014):

𝑞𝑞

𝑆𝑆

𝐷𝐷 =

�� 𝑝𝑝𝑖𝑖𝑞𝑞 �
𝑖𝑖=1

𝑆𝑆

1
1−𝑞𝑞

,

exp �− � 𝑝𝑝𝑖𝑖 log 𝑝𝑝𝑖𝑖 � ,
𝑖𝑖=1

𝑞𝑞 ≠ 1
𝑞𝑞 = 1

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4. 𝑆𝑆2.1]

where 𝑞𝑞𝐷𝐷 is the diversity of a given value of 𝑞𝑞, 𝑆𝑆 is the number of groups (allelic variants,

species, etc), and 𝑝𝑝𝑖𝑖 is the proportion of the 𝑖𝑖th group in the total system. The symbol 𝑞𝑞 is a

value that can be chosen to determine the sensitivity of 𝑞𝑞𝐷𝐷 to rare variants. Common

values of 𝑞𝑞 are 0, 1 and 2, where 𝑞𝑞 = 0 represents the greatest sensitivity to rare variants,
and 𝑞𝑞 = 2 represents the least sensitivity to rare variants. Similarly, β diversity can fit into

the same system. β diversity measures can be in the form of, from Sherwin et al (2017):
𝑞𝑞

𝐵𝐵 =

𝑞𝑞

𝐷𝐷𝛾𝛾
𝑞𝑞 �
𝐷𝐷𝛼𝛼

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4. 𝑆𝑆2.2]

�𝛼𝛼 is the average α diversity of all
where 𝑞𝑞𝐷𝐷𝛾𝛾 is the α diversity of the total population, and 𝑞𝑞 𝐷𝐷

subpopulations. Other β diversity measures, such as 𝐹𝐹𝑆𝑆𝑆𝑆 or Mutual information (MI, 𝑀𝑀𝑀𝑀 =
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�𝛼𝛼 ) ), or the Jaccard Index (Jaccard, 1912) are also common, each of
ln ( 1𝐷𝐷𝛾𝛾 ) − ln ( 1𝐷𝐷

which have different sensitivities to variant proportions. Lloyd (2013) investigated the ways
different α and β measures changed due to subdivision.
We hypothesized that early subdivision events could be identified by comparing
different α diversity and/or β diversity measures, with different sensitivities to variant
proportions and different rates of change. It was thought that because of the different
sensitivities to rare alleles and different rates of change of the component diversity
measures, these ratios might detect an early subdivision event more readily than just using
a β diversity on its own, such as 𝐹𝐹𝑆𝑆𝑆𝑆 . Our initial investigations of Chapter 4 were based on

this hypothesis; however, these methods were not able to detect early subdivisions better
than 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , nevertheless we present them here in this supplement 4.S2. Forty-two different
𝑋𝑋

Ratio-Methods are presented below. Each measure takes the form of 𝑌𝑌 , where 𝑋𝑋 and 𝑌𝑌 are
different α diversity and/or β diversity measures from the following methods: 1𝐷𝐷 , 2𝐷𝐷, 1𝐵𝐵
(Equation 4.S2.2, where q=1), 2𝐵𝐵 (Equation 4.S2.2, where q=2), Jaccard Index, 𝐹𝐹𝑆𝑆𝑆𝑆 , and MI.
0

𝐷𝐷 and 0𝐵𝐵 were not used because their values did not vary over time. This is because 𝑞𝑞 =

0 measures only measure the allelic richness (a count of how many alleles are present); the

simulations used SNP-like data where there can only be one or two different alleles present
at any loci. Therefore, 0𝐷𝐷 = 2 at all loci in the simulation until that loci became fixed, and
0

𝐵𝐵 = 1 at all loci, unless each subpopulation fixed to a different allele. Both of these

situations were not common and did not provide any diagnostic power, so these measures
( 0𝐷𝐷 and 0𝐵𝐵 ) were not used to develop any of the additional methods presented in this
supplement.
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We had hypothesized that the different rate of change of the two measures would
result in a spike of high or low value just after the subdivision, when one had changed from
its equilibrium value, but the other had not. This spike never occurred and of the 42 RatioMethods investigated, twenty six did not show any drastic change of behaviour after the
split, such as the change in 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 (Figure 4.S2.1 to 4.S2.7). However sixteen methods in Figure

4.S2.1 to Figure 4.S2.4 showed interesting results, whose trajectory mimicked or mirrored
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 . In fact, it was the investigation for these methods that lead to the development of

𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 . While many of these values do tend to show the same trends as 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , the scales of

these values are very variable, and seem to have some correlation to 𝑁𝑁𝑒𝑒 , but without the
strong theoretical backing to identify that relationship that 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 has. However, these

methods did not have more diagnostic power than 𝐹𝐹𝑆𝑆𝑆𝑆 , and these methods also lacked

much theoretical backing. The only ratio method for which there is suitable theory for both
𝐹𝐹

𝑆𝑆𝑆𝑆
components of the ratio ( 𝑀𝑀𝑀𝑀
) unfortunately showed relatively uninformative behaviour

post-split (Figure 4.S2.6 and Figure 4.S2.7) but is discussed further in the main document.
It is not clear if these methods can be useful for detection of subdivisions, however
we present them in case other researchers wish to pursue further investigation.
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Figure 4.S2.1: Simulated results of measures where 1𝐷𝐷 is the numerator with bars
representative of +/- Standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.2: Simulated results of measures where 2𝐷𝐷 is the numerator with bars
representative of +/- Standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.3: Simulated results of measures where 1𝐵𝐵 is the numerator with bars
representative of +/- standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.4: Simulated results of measures where 2𝐵𝐵 is the numerator with bars
representative of +/- Standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.5: Simulated results of measures where the Jaccard index is the numerator with
bars representative of +/- Standard error of the mean. Dispersal is set to 1 from generation 10 to 0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.6: Simulated results of measures where 𝐹𝐹𝑆𝑆𝑆𝑆 is the numerator with bars
representative of +/- Standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then post-split dispersal is set to 0 from generation +1 to +10.
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Figure 4.S2.7: Simulated results of measures where 𝑀𝑀𝑀𝑀 is the numerator with bars
representative of +/- Standard error of the mean. Dispersal is set to 1 from generation -10 to
0, then dispersal is set to 0 from generation +1 to +10.
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Supplement 4.S3: Koala Effective population size
To calculate 𝑁𝑁𝑒𝑒 of the koala populations, we used two methods sequentially. The

first method was 𝑁𝑁𝑒𝑒 based on linkage disequilibrium, using the program NeEstimator V2.1

(Do et al. 2014; Waples & Do, 2008) using all loci in the dataset. NeEstimator offers multiple
ways to calculate 𝑁𝑁𝑒𝑒 (Zhdanova & Pudovkin, 2008; Nomura 2008; Waples, 1989), however

we only applied the linkage disequilibrium method (Waples & Do, 2008) from the program

with the ‘Lowest Allele Frequency Used’ being 0+. The second method was only applied to
the post-railroad koalas. The second method adjusted the 𝑁𝑁𝑒𝑒 values given by NeEstimator,

to account for the population size reduction in post-railroad populations using the following
equation from Hedrick (1985, page 266):
𝑁𝑁𝑒𝑒 =

𝑡𝑡

1
∑𝑡𝑡𝑖𝑖=1
𝑁𝑁𝑖𝑖

[𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸 4. 𝑆𝑆3.1]

where t is the number of generations being considered, and 𝑁𝑁𝑖𝑖 is the effective number of
individuals in the population at generation “𝑖𝑖”, in our case 𝑁𝑁𝑖𝑖 values were the 𝑁𝑁𝑒𝑒 values
from NeEstimator V2.1 for pre-railroad and post-railroad populations.

For both pre-railroad and post-railroad data, 𝑁𝑁𝑒𝑒 values from NeEstimator were

calculated independently for koalas above and below the railroad, then the harmonic mean
of the values is used to give the average 𝑁𝑁𝑒𝑒 value over subpopulations for that time.

Equation 4.S3.1 was then applied to those averages (Table 4.S3.1). Effective population size
was calculated for: the pre- railroad koala population; the post- railroad koala population;

and the post- railroad koala population with koalas that were present in the pre-railroad
scenario removed.
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Number of Number of
Population

Pre-

individuals individuals Above Below Average
sampled

sampled

Above

Below

𝑵𝑵𝒆𝒆

𝑵𝑵𝒆𝒆

𝑵𝑵𝒆𝒆

74

138

103.2

75.6

87.3

27

76

67.5

55.4

60.9

𝑵𝑵𝒆𝒆 from

Equation 4.S3.1

NA

railroad
Postrailroad

Post-

71.7
=

13

34

311

railroad

123.7

177.0

with Prerailroad

1
1
+
87.3 60.9

116.9
=

2

2

1
1
87.3 + 177.0

individuals
removed
Table 4.S3.1: Number of individuals sampled, 𝑁𝑁𝑒𝑒 values from NeEstimator V2.1, and 𝑁𝑁𝑒𝑒
values from Equation 4.S3.1 (𝑁𝑁𝑒𝑒 = ∑𝑡𝑡 𝑡𝑡 1 ). Values are presented for above and below the
𝑖𝑖=1𝑁𝑁
𝑖𝑖

railroad, for all three datasets analysed.
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Supplement 4.S4: Extended simulation
It is important to investigate how 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 changes over a longer span of time, and how

that change compares to 𝐹𝐹𝑆𝑆𝑆𝑆 . While the utility of 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 is to identify recent subdivision

events, it is helpful to know the long-term trends of 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 , and compare them to the long-

term trends of 𝐹𝐹𝑆𝑆𝑆𝑆 . Therefore, the simulations from the main text were extended to 95+

generations, showing how 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 change over long-time scales. Across all treatments,
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 dropped below the critical value of 0.3 after generation +2 and stayed below for the

rest of the duration of the simulation. 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 was very consistent across treatments (Figure
4.S4.1).

As before, 𝐹𝐹𝑆𝑆𝑆𝑆 showed a steady increase in all treatments, but the slope of that

increase was defined by both dispersal and population size. Treatments with a 𝑁𝑁𝑒𝑒 of 25

showed the greatest change across treatments, averaging an 𝐹𝐹𝑆𝑆𝑆𝑆 of 0.72 at generation +95

with 0 dispersal, and an 𝐹𝐹𝑆𝑆𝑆𝑆 of 0.61 at generation +95 with 0.001 dispersal. Both values are
well above the critical value of 0.05. Treatments with a 𝑁𝑁𝑒𝑒 of 50 averaged an 𝐹𝐹𝑆𝑆𝑆𝑆 of 0.41 at
generation +95 with 0 dispersal, and an 𝐹𝐹𝑆𝑆𝑆𝑆 of 0.35 at generation +95 with 0.001 dispersal.

Both values are well above the critical value of 0.05. Treatments with a 𝑁𝑁𝑒𝑒 of 500 showed

the least change across treatments, averaging an 𝐹𝐹𝑆𝑆𝑆𝑆 of 0.045 at generation +95 with 0

dispersal, and an𝐹𝐹𝑆𝑆𝑆𝑆 of 0.049 at generation +95 with 0.001 dispersal. Both values are just

below the critical value of 0.05. At later generations (generations 25+), in treatments with

𝑁𝑁𝑒𝑒 of 25 and 50 we can observe a large 𝐹𝐹𝑆𝑆𝑆𝑆 values (over 0.1, double the critical value) and

𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 values below the critical value. We can conclude from these high 𝐹𝐹𝑆𝑆𝑆𝑆 and low 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠

values, at any single time point, that there was a subdivision but it was not recent, because
it must have taken many generations for 𝐹𝐹𝑆𝑆𝑆𝑆 to reach double its critical value.
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Figure 4.S4.1: 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 (Black) and 𝐹𝐹𝑆𝑆𝑆𝑆 (Blue) values over time, from generation -10 to
generation +95 with bars representative of +/- Standard error of the mean. Prior to
generation +1 populations mated randomly between the two subpopulations, and after
generation 0 dispersal between subpopulations was restricted to the values shown on the
second line of the heading of each panel. Treatments are: top left) Dispersal rate of 0 after
generation zero, 𝑁𝑁𝑒𝑒 of 25; top right) Dispersal rate of 0.001 𝑁𝑁𝑒𝑒 of 25; middle left) Dispersal
rate of 0, 𝑁𝑁𝑒𝑒 of 50; middle right) Dispersal rate of 0.001, 𝑁𝑁𝑒𝑒 of 50; bottom left) Dispersal rate
of 0, 𝑁𝑁𝑒𝑒 of 500; bottom right) Dispersal rate of 0.001, 𝑁𝑁𝑒𝑒 of 500. All datapoints in Figure
4.S4.1 from generation -10 to +10 are the same as the main text.
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Supplement 4.S5: Location of koala population
The koala population that was studied were on the continent of Australia (Figure
4.S5.1), in southern Gubbi Gubbi country. The average longitude of the tracked koalas was
153.0155, and the average latitude was -27.24841.

Figure 4.S5.1: A map showing the relative location of the koala population(Red dot) to the
continent of Australia.
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Supplement 4.S6: Flowcharts for interpreting 𝑭𝑭𝑺𝑺𝑺𝑺 results
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Figure 4.S6.1: Flowcharts to interpret 𝐹𝐹𝑆𝑆𝑆𝑆 values after a split event which is suspected of
having caused subdivision. The questions are in the white thin bordered boxes, conclusions
are in the grey boxes. Thick bordered white boxes show which flow chart to use based on
what data points you have available in your dataset. 𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 analogue in Figure 4.2 (Main text).
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Supplement 4.S7: Tables to interpretation of 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 and 𝑭𝑭𝑺𝑺𝑺𝑺 results
Data
used
0 presplit
values &
1 postsplit
value
1 presplit
values &
0 postsplit
value
1 presplit
values &
1 postsplit
value

𝑵𝑵𝒆𝒆 = 𝟐𝟐𝟐𝟐, and post-split dispersal = 0
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2,
Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent split
event.
event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due to
an older split event.
Conclusion C: There was no
Conclusion C: There was no subdivision
subdivision present before the
present before the suspected split, and
suspected split, and there is no
there is no evidence to evaluate if
evidence to evaluate if there is a
there is a subdivision post-split
subdivision post-split

Conclusion A if a generation before +4
is used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion E if any generations after
+3 is used: A recent split event has
caused subdivision.
0 preConclusion A if a generation before +4
split
is used: There is no effect of a
values &
subdivision caused by a recent split
>1 postevent.
split
Conclusion B if any generations after
value
+3 is used: The population is
subdivided, but this could be due to an
older split event.
1 preConclusion A if a generation before +4
split
is used: There is no effect of a
values &
subdivision caused by a recent split
>1 postevent.
split
Conclusion E if any generations after
value
+3 is used: A recent split event has
caused subdivision.
Table 4.S7.1: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 25, and post-split dispersal = 0 (Figure
4, panel a). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text) and
Figure 4.S6.1 (Supplement 4.S6).
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Conclusion A if generation +1 is
used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion E if any generations
after +1 is used: A recent split event
has caused subdivision.
Conclusion A if generation +1 is
used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due to
an older split event.
Conclusion E: A recent split event
has caused subdivision.

Supplement

𝑵𝑵𝒆𝒆 = 𝟐𝟐𝟐𝟐, and post-split dispersal = 0.001
Data used
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2, Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
0 pre-split
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
values & 1
used: There is no effect of a
subdivision caused by a recent split
post-split
subdivision caused by a recent
event.
value
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
1 pre-split
Conclusion C: There was no
Conclusion C: There was no
values & 0
subdivision present before the
subdivision present before the
post-split
suspected split, and there is no
suspected split, and there is no
value
evidence to evaluate if there is a
evidence to evaluate if there is a
subdivision post-split
subdivision post-split
1 pre-split
Conclusion A if generation +1 is
Conclusion A if a generation before
values & 1
used: There is no effect of a
+4 is used: There is no effect of a
post-split
subdivision caused by a recent
subdivision caused by a recent split
value
split event.
event.
Conclusion E if any generations
Conclusion E if any generations after
after +1 is used: A recent split
+3 is used: A recent split event has
event has caused subdivision.
caused subdivision.
0 pre-split
Conclusion A if generation +1 is
Conclusion A if a generation before
values & >1
used: There is no effect of a
+4 is used: There is no effect of a
post-split
subdivision caused by a recent
subdivision caused by a recent split
value
split event.
event.
Conclusion B if any generations
Conclusion B if any generations after
after +1 is used: The population is +3 is used: The population is
subdivided, but this could be due
subdivided, but this could be due to
to an older split event.
an older split event.
1 pre-split
Conclusion E: A recent split event Conclusion A if a generation before
values & >1
has caused subdivision.
+4 is used: There is no effect of a
post-split
subdivision caused by a recent split
value
event.
Conclusion E if any generations after
+3 is used: A recent split event has
caused subdivision.
Table 4.S7.2: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 25, and post-split dispersal = 0.001
(Figure 4.3, panel b). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text)
and Figure 4.S6.1 (Supplement 4.S6).
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Data used

0 pre-split
values & 1
post-split
value

𝑵𝑵𝒆𝒆 = 𝟓𝟓𝟓𝟓, and post-split dispersal = 0
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2,
Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
Conclusion A if generation +1 is
used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion C: There was no
subdivision present before the
suspected split, and there is no
evidence to evaluate if there is a
subdivision post-split
Conclusion A if generation +1 is
used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion E if any generations
after +1 is used: A recent split
event has caused subdivision.
Conclusion A if generation +1 is
used: There is no effect of a
subdivision caused by a recent split
event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion E: A recent split event
has caused subdivision.

Conclusion A: There is no effect of a
subdivision caused by a recent split
event.

Conclusion C: There was no
subdivision present before the
suspected split, and there is no
evidence to evaluate if there is a
subdivision post-split
1 pre-split
Conclusion A if a generation before
values & 1
+9 is used: There is no effect of a
post-split
subdivision caused by a recent split
value
event.
Conclusion E if any generations after
+8 is used: A recent split event has
caused subdivision.
0 pre-split
Conclusion A if a generation before
values & >1
+9 is used: There is no effect of a
post-split
subdivision caused by a recent split
value
event.
Conclusion B if any generations after
+8 is used: The population is
subdivided, but this could be due to
an older split event.
1 pre-split
Conclusion A if a generation before
values & >1
+9 is used: There is no effect of a
post-split
subdivision caused by a recent split
value
event.
Conclusion E if any generations after
+8 is used: A recent split event has
caused subdivision.
Table 4.S7.3: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 50, and post-split dispersal = 0 (Figure
4.3, panel c). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text) and
Figure 4.S6.1 (Supplement 4.S6).
1 pre-split
values & 0
post-split
value
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𝑵𝑵𝒆𝒆 = 𝟓𝟓𝟓𝟓, and post-split dispersal = 0.001
Data used
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2, Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
0 pre-split
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
values & 1
used: There is no effect of a
subdivision caused by a recent split
post-split
subdivision caused by a recent
event.
value
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
1 pre-split
Conclusion C: There was no
Conclusion C: There was no
values & 0
subdivision present before the
subdivision present before the
post-split
suspected split, and there is no
suspected split, and there is no
value
evidence to evaluate if there is a
evidence to evaluate if there is a
subdivision post-split
subdivision post-split
1 pre-split
Conclusion A if generation +1 is
Conclusion A if a generation before
values & 1
used: There is no effect of a
+9 is used: There is no effect of a
post-split
subdivision caused by a recent
subdivision caused by a recent split
value
split event.
event.
Conclusion E if any generations
Conclusion E if any generations after
after +1 is used: A recent split
+8 is used: A recent split event has
event has caused subdivision.
caused subdivision.
0 pre-split
Conclusion A if generation +1 is
Conclusion A if a generation before
values & >1
used: There is no effect of a
+9 is used: There is no effect of a
post-split
subdivision caused by a recent
subdivision caused by a recent split
value
split event.
event.
Conclusion B if any generations
Conclusion B if any generations after
after +1 is used: The population is +8 is used: The population is
subdivided, but this could be due subdivided, but this could be due to
to an older split event.
an older split event.
1 pre-split
Conclusion E: A recent split event Conclusion A if a generation before
values & >1
has caused subdivision.
+9 is used: There is no effect of a
post-split
subdivision caused by a recent split
value
event.
Conclusion E if any generations after
+8 is used: A recent split event has
caused subdivision.
Table 4.S7.4: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 50, and post-split dispersal = 0.001
(Figure 4.3, panel d). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text)
and Figure 4.S6.1 (Supplement 4.S6).
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Data used
0 pre-split
values & 1
post-split
value

1 pre-split
values & 0
post-split
value
1 pre-split
values & 1
post-split
value

0 pre-split
values & >1
post-split
value

𝑵𝑵𝒆𝒆 = 𝟓𝟓𝟓𝟓𝟓𝟓, and post-split dispersal = 0
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2, Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion C: There was no
Conclusion C: There was no
subdivision present before the
subdivision present before the
suspected split, and there is no
suspected split, and there is no
evidence to evaluate if there is a
evidence to evaluate if there is a
subdivision post-split
subdivision post-split
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion E if any generations
after +1 is used: A recent split
event has caused subdivision.
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion E: A recent split event Conclusion A: There is no effect of a
has caused subdivision.
subdivision caused by a recent split
event.

1 pre-split
values & >1
post-split
value
Table 4.S7.5: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 500, and post-split dispersal = 0
(Figure 4.3, panel e). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text)
and Figure 4.S6.1 (Supplement 4.S6).
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Data used
0 pre-split
values & 1
post-split
value

1 pre-split
values & 0
post-split
value
1 pre-split
values & 1
post-split
value

0 pre-split
values & >1
post-split
value

𝑵𝑵𝒆𝒆 = 𝟓𝟓𝟓𝟓𝟓𝟓, and post-split dispersal = 0.001
Conclusion with 𝑭𝑭𝒔𝒔𝒔𝒔𝒔𝒔 (Figure 4.2, Conclusion with 𝑭𝑭𝑺𝑺𝑺𝑺 (Supplement
main text)
4.S6)
Conclusion A if generation +1 is
Conclusion A:There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion C: There was no
Conclusion C: There was no
subdivision present before the
subdivision present before the
suspected split, and there is no
suspected split, and there is no
evidence to evaluate if there is a
evidence to evaluate if there is a
subdivision post-split
subdivision post-split
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion E if any generations
after +1 is used: A recent split
event has caused subdivision.
Conclusion A if generation +1 is
Conclusion A: There is no effect of a
used: There is no effect of a
subdivision caused by a recent split
subdivision caused by a recent
event.
split event.
Conclusion B if any generations
after +1 is used: The population is
subdivided, but this could be due
to an older split event.
Conclusion E: A recent split event Conclusion A: There is no effect of a
has caused subdivision.
subdivision caused by a recent split
event.

1 pre-split
values & >1
post-split
value
Table 4.S7.6: A table that lists the possible conclusions you could come to when interpreting
𝐹𝐹𝑠𝑠𝑠𝑠𝑠𝑠 and 𝐹𝐹𝑆𝑆𝑆𝑆 results from simulated results with 𝑁𝑁𝑒𝑒 = 500, and post-split dispersal = 0.001
(Figure 4.3, panel f). Full flowcharts for interpretation of results are in Figure 4.2 (Main Text)
and Figure 4.S6.1 (Supplement 4.S6).
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Code

Code
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Code

Code for Chapter 2: Detecting non-random mating or selection in
natural populations using multi-locus gene families

page 238

Code

Code for Chapter 3: Predicting Shannon’s information for genes in
finite populations: New uses for old equations
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Code

Code for Chapter 4: Methods for detection of recent population
subdivisions

page 240

