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Abstract

The measurement of diversity reflects the variation of types (any categorical unit)
across one or multiple populations and the distribution of individuals among
those types. Clearly useful, a plethora of measures have been developed across
widely varying fields ranging from ecology to information theory, economics, and
physics. Alarmingly, however, a review of biological literature reveals considerable
confusion and disagreement, made worse by the misuse and misinterpretation
of measures, conflicting results, and semantic ambiguity. In order to devise a
measure of diversity that can be understood across multiple research fields, it
must be theoretically well-grounded, powerful, flexible, and robust. Recently, a
new framework of diversity measures was developed by Reeve et al. (2016) that
satisfies these criteria. This framework of measures is novel in that alpha, beta,
and gamma diversity can be assessed at not only the metacommunity level but also
the underlying subcommunity level. In addition to this, information on similarity
between species can be tailored to suit a particular problem without changing the
measures being used. This thesis examines this framework of diversity measures
and explores its utility and robustness to many aspects of diversity measurement,

in particular beta diversity, the measurement of variation across communities

First, the ‘rdiversity’ software package was developed in R to calculate these
measures (Chapter 2). These measures are then examined in detail, in Chapter
3, by comparing results obtained from these measures to known features in three
distinct case studies. The first case study showcases how each measure can be
used to extract different signals from a population, by investigating the spatial and
temporal biodiversity of the Barro Colorado Island (BCI) Forest dynamics plot.
The next two case studies demonstrate the flexibility and utility of these measures
by applying diversity-based solutions to more unusual applications, investigating:
the demographic diversity of the 2001 population census of England and Wales;
and the transmission of antimicrobial resistance between sympatric human and

animal host populations.

Chapter 4 extends on the framework to develop new methods to analyse phy-
logenetic beta diversity. These methods are compared to traditional measures
of phylogenetic beta diversity using detailed simulations. Experiments were de-

signed to explore how well each measure was able to detect phylogenetic signals
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in community structure (varying the number of tips in the phylogeny, the num-
ber of subcommunities, evolutionary rate, whether a phylogeny is ultrametric or
non-ultrametric, whether data is incidence-based or abundance-based, nestedness
vs. turnover, and so on). Results showed that these measures, particularly the
exponentially transformed phylogenetic distance-based beta diversity measures are
the most robust across all measures tested, having the greatest power to detect
community structure in almost all cases across all measures tested. Following this,
a case study highlights the utility of these measures, using phylogenetic data to
assess transmission of antimicrobial resistance between human- and animal-origin
isolates of Salmonella DT104.

In the final results chapter (Chapter 5), I consider the issue of inaccuracies arising
from incomplete sampling, which are ubiquitous in diversity measurement. The
robustness of the diversity framework is tested comprehensively under two distinct
sampling strategies, reducing the sampling effort per unit area and reducing the
area sampled. This is explored using the fully sampled 50 ha BCI Forest dynamics
plot dataset, where results show that subcommunity measures are particularly

robust to subsampling by subcommunity (reducing the area sampled).

The aim of this thesis is to demonstrate that whilst the concept of diversity
continues to be shrouded in ambiguity — where a review of literature reveals as
many measures of diversity as possible research questions — there now exists a
single framework of flexible and robust measures capable of detailed analyses

across different data types, resolutions, and applications.
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Key concepts

Several key terms and concepts are used throughout this text. They are defined here for ease

of reference.

Standard mathematical notation is used for any symbolic representation used in mathe-

matical expressions (Table 1).

Symbol Description
Scalars (numbers) are denoted in lowercase, italic, regular
x
font.
Vectors are denoted in lowercase, bold, italic font. Ele-
x=(zr1,21,...,%n) ments of a vector are denoted as scalars and enclosed in
round brackets.
Elements of a set are denoted as scalars and enclosed in
2 € {@1,39, ..., }
curly brackets.
Ti1 T2 ... TIN ] )
Matrices are denoted in uppercase, bold, regular font.
21 T22 ... I2N . .
X=1 . . Elements of a matrix are denoted as scalars, with row-
column subscripts.
rsy g2 ... XSN

Table 1: Standard mathematical notation

Weighted power means (also referred to as weighted generalised means) are used to calculate

many well-known diversity metrics. The r* power mean of v = (vy,...,v,), weighted by
u = (u1,...,u,) is defined as:
. 1/r
M (u,v) = | > wof if 7 # 0, %00 (1)
i:v; >0

where 7 is the order of the power mean, and ), u; = 1. Approaching the limits, special cases
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are defined as:

M_(u,v) = lim M, = min (v;) (minimum) (2)
r——00 2:v; >0
n
Moy(u,v) = ll_rf(l) M, = H ;" (geometric mean) (3)
1:v; >0
Moo (u,v) = lim M, = max (v;) (maximum) (4)
r—00 :0; >0

Standard diversity notation (defined below) is used for consistency and ease of under-
standing. Throughout this thesis formulae and nomenclature are adapted from the original
notation in the literature into a standard form. Following Jost (2007), H is used to represent

raw diversity indices that are functions of the basic sum prpo py,

such as species richness,
Shannon entropy, Simpson concentration, the Gini-Simpson index, the Berger-Parker index,
and Rényi entropies (Table 2). Any measure of diversity defined in terms of effective numbers

of species are represented by the symbol D (Table 3).

The relative abundance of S species in a single community is given by the vector p =
(p1,...,ps), where p; is the relative abundance of the i*" species. By definition, relative
abundances are non-negative (p; > 0) and are normalised within a population, such that
> ;i = L.The relative abundance of S species in N subcommunities is given by the S x N
matrix, P, where P;; is the relative abundance of species i in subcommunity j and w; = ). P;;
is the relative size of subcommunity j. Relative abundances are normalised within the meta-
community, such that >, >, Pj; = 1.

Symbol Equation Equivalent to Section
HRichness(P) M; (p, 1/p) Species richness’ 1.2.1
Hshannon(P) log My (p, 1/p) Shannon entropy 1.2.3
Hgimpson(P) (M_l (p, 1/p))_1 Simpson concentration 1.24
HginiSimpson(P) - <M—1 (p,/p) o Gini-Simpson index 1.24
HpergerParker(P) (M_Oo (p, 1/p)> - Berger-Parker dominance 1.3
7H (p) log M1_4 (p, 1/p) Rényi entropy 1.3

L Although H pichness and species richness have the same numerical value, the former is calculated

from proportional abundance data, whereas the latter is not.

Table 2: Standard notation - entropy
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Name Symbol Equation Section
Hill numbers 7D(p) M4 (p, 1/p) 1.4
1/1—
Routledge’s alpha 9Dy r(P) (Z;VZI w; Zlepgj> /o Section
s 1/(1-q)
Jost’s alpha 9Dqy,.;(P) <Z§V1 % 1.6.2
j

Jost’s gamma D, (P) S5, (pg)l/(lfq) 1.6.2
Jost’s beta iDg j(P) “Dy/aD, 1.6.2
Leinster & Cobbold’s

1pDZ Mi_, (Zp, Yz 1.5.2
similarity-sensitive diversity () ! Q( p.!/ p)
Leinster & Cobbold’s

1DY(p) Mi—q (Ip, /1p) = 1D(p) 1.5.2

naive-type diversity

Table 3: Standard notation - diversity

Reeve et al.’s (2016) similarity-sensitive diversity framework is written using sepa-
rate notation to avoid confusion. The measures are defined at the species-, subcommunity-,
and metacommunity-levels (Species, SC, and MC, respectively). See Table 4 for specific

notation and Chapter 2 for explanation.

At the metacommunity level, the general expression for similarity-sensitive diversity of type T'

is written:
qTZ(P) = Ml—q (w, quZ|je{1_”N}> (5)

which is simply the 1 — g weighted power mean of the N subcommunity-level diversity

values (quZ), weighted by the relative size (w;) of each subcommunity. Similarly, the general

expression for subcommunity-level similarity-sensitive diversity is written:

I = My, <P.jvtz'zj‘i€{1...5}> (6)
Name Symbol Section
Species SC MC

Raw alpha a; qajz 1A% 2.2.4.2

Normalised alpha a; qo_zjz 1A% 2.24.1

Raw beta bi qﬁjz 1BZ 2.2.6

Normalised beta bij 167 1B% 2.2.6.3

Raw rho Tij 907 IRZ  226.2

Normalised rho Tij qﬁjz 1Rz 2.2.6.1

Gamma Gij q,.ij 1G2 2.2.5

Table 4: Standard notation - Reeve et al.’s (2016) framework
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where tizj is the species-level component of the i*" species in subcommunity j, and P, j is the

which is the 1 — ¢ weighted power mean of the species-level components, t?j = (
normalised relative abundance of subcommunity j (where P; = P.j/u;).
Throughout this thesis, notation follows that used by Reeve et al. (2016). In some limited

special cases, however, some of the measures in Table 4 correspond to existing measures from
Table 3:
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Chapter 1

Introduction to diversity

‘The term ‘species diversity’ has been defined in such various and disparate ways
that it now conveys no information other than “something to do with community
structure”; species diversity has become a nonconcept.’

— Hurlbert (1971)

1.1 The problem with diversity

Diversity is a ubiquitous feature of the world around us, with applications ranging from the
prioritisation of functional and phenotypic biodiversity in conservation management (Vane-
Wright et al., 1991; Forest et al., 2007; Cadotte et al., 2011) to the regulation of genetic diversity
in livestock and agricultural ecosystems (Heal et al., 2004; Hajjar et al., 2008; Groeneveld
et al., 2010), and the study of antigenic diversity in viral systems (Lipsitch & O’Hagan,
2007; Mumford, 2007; Rambaut et al., 2008). Although the measurement of diversity is often
clearly desirable, this somewhat abstract concept has often been difficult to define in practice.
Deeply rooted in fields as diverse as ecology, economics, and information theory, diversity
can be measured in almost any system!, requiring only that a community be apportioned
categorically. The cross-pollination of measures across such varied fields has resulted in
terminological ambiguity, to the extent that even a brief review of literature reveals ‘much
confusion and pointless argument’ (Adams et al., 1997). This is demonstrated by conflicting
results, misuse and misinterpretation of measures, and a general disagreement surrounding the
most basic diversity-related concepts (see Jurasinski et al., 2009, and associated commentary).

Despite (or because of) these acknowledged problems, a solution has yet to be agreed upon.

In recent years, there have been many attempts to unify these measures within a common
framework, culminating with the motivation of this thesis, “How to partition diversity” (Reeve
et al., 2016), which introduces a new framework of similarity-sensitive diversity measures.
The purpose of this thesis is to analyse the properties of these measures and investigate their
utility, extend these measures for phylogenetic analysis, and develop novel applications in
the study of taxonomic diversity, antimicrobial resistance, and viral transmission. To this
end, Chapter 1 begins by describing the fundamental concepts underlying the measurement

of diversity.

Le.g. pharmacology (Martin et al., 1995), genetics (Lewontin, 1972), psychology (Junge, 1994),
sociology (Lieberson, 1969), archaeology (Leonard & Jones, George, 1989), and so on
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1.2 Basic measures of diversity

‘Expression by means of mathematical symbols frees us from the dangers of the
rhetorical inertia of our verbal reasoning and allows us to advance more surely
and rapidly in the development of our science.’

— Margalef (1958)

1.2.1 Species richness

At the most basic level, the diversity of an ecological community may be defined as the number
of distinct species present, or species richness (Mclntosh, 1967; Peet, 1974). Simply put,
species richness is a count of diversity units — generically denoted here as types — be it species
or higher taxonomic classifications, functional groups, trait states, lengths of evolutionary
history, or any biologically meaningful unit (for simplicity and readability, Chapters 1 & 2
instead refer to species). This index of diversity disregards the relative abundance of each

species, such that common species are given just as much importance as rarities (and transient

species). Species richness is defined, for a community p = (p1,...,ps), as:
S
HRichness = ZI ;>0 (11)
i=1

where p; denotes the relative abundance of species i, and the indicator variable:

1 ifp;, >0
Ipi>0 = Z (1.2)
0 otherwise

which ensures that only species that are present are counted. To illustrate this, consider the

following communities, A and B:

A & 4
B: & &% vy v

Assuming each distinct symbol represents a distinct species, then a simple count reveals a
species richness of 5 in each community. Although the frequency of each species is different,
species richness remains the same. The relative abundance of each of these species is not
important. Species richness is easy to quantify and interpret, but fails to take into account
the relative abundance of species, and therefore considers each of these communities to be

equally diverse.
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1.2.2 Species evenness

According to Lloyd & Ghelardi (1964), diversity consists of two components, depending not
only on species richness, but also on ‘equitability’ — more commonly referred to as evenness.
Evenness describes the quantitative equilibrium of the distributional abundance between
species, and is typically measured as the ratio of observed diversity to maximum diversity;
though many other indices have been proposed (Margalef, 1958; Lloyd & Ghelardi, 1964; Pielou,
1967; Mclntosh, 1967; Hill, 1973; Heip, 1974; Peet, 1974, 1975; Alatalo, 1981; Routledge, 1983;
Smith & Wilson, 1996; Help et al., 1998; Mouillot & Wilson, 2002; Ricotta, 2004; Tuomisto,
2012). In this context, evenness is low when there is high variation in relative abundance
among the species, reaching a maximum in a heterogeneous community when species are

uniformly distributed.

1.2.3 Shannon entropy

Abundance weighted indices take into account both richness and the evenness of species. One
such example, common in the ecological literature, is Shannon entropy'. Shannon entropy was
originally proposed by information theorist Claude Shannon (1948). It measures the average
entropy associated with the outcome of an experiment prior to carrying it out, and can be
described as a measure of information content, uncertainty, or ‘surprise’. In other words, the
uncertainty in predicting the outcome of an experiment is equivalent to the average amount

of information gained in observing its result.

In ecological terms, Shannon entropy is the average uncertainty associated with
predicting the species-identity of a single individual in a sampling process, and is

expressed as,

S
HShannon = - Zpi Ingi (13)
=1

where p; is the relative abundance of the " species in a community comprising S species.
In this case, entropy reaches a maximum of log S when all species are equally abundant
(all possibilities are equally probable) and a minimum of 0 as the community approaches
saturation by a single species (tending towards a single possibility). In other words, the
greater the species richness and the more even their distribution (as common species reduce in
frequency) the greater the uncertainty in knowing the identity of an individual and the greater
the entropy of the system as a whole. Conversely, the lower the species richness and the less
even their distribution (as a community becomes dominated by few species) the greater the

probability of predicting an observed species and the lower the value of entropy.

! Also known as Shannon information, the Shannon- Wiener index, or in physics, as the Boltzmann-
Gibbs entropy when k = 1 (Boltzmann, 1866)
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1.2.4 Simpson indices

Another widely used definition of diversity is the Simpson concentration index', which is ‘a
measure of the concentration of the classification [of individuals within a community]” (Simp-
son, 1949). More specifically, it describes the probability with which two individuals,
selected at random and with replacement, will belong to the same species. Like
Shannon entropy, Simpson’s index is sensitive to both species number and evenness, and is
expressed:
S
Hsimpson = Y1} (1.4)
i=1
where p; is the relative abundance of the i*" species. Counter-intuitively, Simpson’s index
reaches a minimum of 1/s when species are evenly distributed (though as Simpson’s index
tends to 0, the diversity of a community tends to infinity), whereas an index of one denotes
no diversity at all — i.e. only one species present (Figure 1.1a). As a consequence of this,
various transforms are regularly used in the literature, most common being the Gini-Simpson

index and the inverse Simpson index.

The Gini-Simpson index?, 1 — H, Simpson, describes the probability with which two indi-
viduals, selected at random and with replacement, will belong to different species;
where intuitively, zero represents an absence of diversity and 1 represents infinite diversity
(Figure 1.1b). The inverse Simpson index?, 1/ Hgimpson ON the other hand, reaches a minimum
of one where only one species is present and with a maximum equal to the number of species

present, attaining it only when all species are equally abundant (Figure 1.1c).

a HSlmpson b 1_HS|mpson c 1/HSimpson

1.00 1.00 100
0.754 0.75 754

g 3 2

< 0.50 = 0.50 T 501

> > >
0.254 0.254 254
O OO T T T T T OOO T T T T T O T T T T T

0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
S S S

Figure 1.1: Simpson indices measured against species richness: where the x-axis denotes the species
richness of evenly distributed communities and the y-axis is the measured value of (a) Simpson concentration

index, (b) the Gini-Simpson index, and (c¢) Simpson diversity.

! Also known in economic contexts as the Herfindahl-Hirschman index (Hirschman, 1964)
2Equivalent to, but independently derived from the Gini-coefficient (Gini, 1912)
3 Also referred to as Simpson diversity, or in physics as the inverse participation ratio
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1.3 Diversity as ‘effective numbers’

‘.. the notion of diversity is little more that the notion of the effective number of
species present.’
— Hill (1973)

The effective number of species' is the equivalent number of equally-abundant,
virtual species necessary to provide the same diversity as the measured commu-
nity?. This is nicely described by Jost (2006) in that if one were to consider all communities,
differing in species richness and evenness, that are equivalent to one another in terms of their
diversity index (e.g. Simpson’s concentration or Shannon entropy), then it is reasonable to
suppose that there exists a single community within this set comprising equally-common
species, i.e. with species of relative abundance p; = 1/s for all i = (1,...,S). The number
of equally-common species in this hypothetical community can be regarded as the effective

number of species for any community in this set3.

The idea of diversity as an effective number of species has been around for some time. Robert
MacArthur (1965), citing Shannon entropy as an information-theoretic approach to species
diversity, highlights its conversion — for ease of interpretation — to a species richness scale,
or an ‘equivalent number of equally common species’. Some years later, Mark Hill (1973)
derived a class of measures now known as Hill numbers, which quantify the effective number
of species, whilst varying sensitivity to species rarity. Regrettably, Hill numbers languished
in relative obscurity until Lou Jost (2006) reaffirmed their importance, stressing that they
‘share a common set of intuitive mathematical properties and behave as one would expect
of a diversity, while raw indices do not’. These properties can be illustrated by comparing
traditional diversity indices to their effective number equivalents. For example, it is reasonable
to expect that a community comprising species of equal abundance should return a value of
diversity equivalent to its species richness, and though many traditional indices fail in this

regard, their effective number equivalents do not. Consider, the following community:

A: & & vy v

Shannon entropy highlights the uncertainty in predicting the species-identity of a sample and
therefore, the information content of a sampled individual (H = 1.609), whilst Simpson’s index
of concentration calculates the probability of sampling two individuals belonging to the same

species (H = 0.2). Converting these indices into their effective number equivalents, reveals

1 Also known in economic contexts as the numbers equivalent (Adelman, 1969; Patil & Taillie, 1982)

and in physics as the number of states
2Equivalent to the number of equally-abundant species needed to get the same mean species

abundance as observed for the actual (non-equally abundant) species (Tuomisto, 2010a,b, 2011)
3When the effective number of species is not an integer, this hypothetical community can never

truly exist, since the number of species in a real community must always be an integer
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that this community contains effectively 5 species (since species richness, the exponential of

Shannon entropy, and the inverse of Simpson’s index all equal 5). See Table 1.1 for conversions.

The consequences of this are plain when comparing multiple communities. Consider for
example, a set of communities of equally-common species, each with a higher species richness
than the last. If the diversity of each community were assessed with Shannon entropy, then
at higher levels of species richness it becomes increasingly difficult to distinguish between
communities (Figure 1.2a). This problem is exaggerated with the Gini-Simpson index, where at
much lower values of species richness, communities become almost indistinguishable (flattening
in Figure 1.2b). However, when these indices are transformed into their effective number
equivalents, the resultant values are directly proportional to the number of species existing
within each community (Figures 1.2c & 1.2d). Intuitively, this means that if the number of
equally abundant species in a community were to double, its diversity should double too,
and vice versa (enabling meaningful comparisons to be made between communities). This

fundamental mathematical property is commonly known as Hill’s doubling property! (Hill,

1973).

Table 1.1: Conversion of traditional indices to effective numbers: where p; is the relative abundance
of the i*? species in a community, ¢ is the order of diversity, and S is the number of species; adapted from Jost
(2006).

Raw Index, H . .
Diversity, D

Measure Formula
Species richness S5 H
P i=1D;
S H
Shannon entropy —> 7 pilogp; e
. . S 2 1
Simpson concentration )7 ;| p; 4
e Qe . S 2 1
Gini-Simpson index 1=>"1p; T—F
i 1 S .q
Rényi entropy s logd 7 ,p] e
1
Berger-Parker max p; T
1:p; >0
a b c d
Shannon entropy Gini-Simpson index Shannon diversity Simpson diversity
1.00- 100- 1004
4_
0.751 751 751
2] g g S
= = 0.50- = 50+ = 504
T o (] © (]
> 2 > > >
14 0.25+ 254 25 4
O L T T T T T OOO L T T T T T O L 0 L
0 25 50 75 100 0 25 50 75 100 0 25 50 75 100 0 25 50 75 100
S S S S

Figure 1.2: Comparing traditional diversity indices on communities of increasing size and species

richness: (a) Shannon entropy and (b) Gini-Simpson index versus (¢) Shannon diversity and (d) Simpson diversity.

L Also referred to as the replication principle (Ricotta, 2008), replication invariance (economics),
and as Dalton’s Principle of Population (in the context of income inequality, Dalton, 1920)
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1.4 Hill numbers

‘Diversity is not meaningless but has been confounded with the indices used to
measure it.’
— Jost (2006)

In 1973, Mark Hill defined a family of diversity measures commonly known as Hill numbers'.
These were developed in response to growing confusion surrounding measures of biodiversity,
most notably Hulbert’s description of diversity as a ‘nonconcept’ (Hurlbert, 1971), which
arose from a general agreement that whilst many plausible indices were available, none could

be proven superior to the rest.

999

Hill (1973) observed that ‘a diversity index is not necessarily itself “diversity”’, in that many of
the most commonly used diversity indices are special cases of a generalised family of entropies

developed by Alfréd Rényi (1961). The Rényi entropy of order ¢ is defined as,

log ((E p")l/l_q> itq#1
‘H(p) = ipi>0 i w5
- Zi:pi>0 pilog p; ifg=1

where p = (p1,...,ps) is the relative abundance of S species in a community and ¢ varies
the degree of significance attributed to common species relative to those of increasing rarity
(described in more detail below). These measures are a generalisation of Shannon entropy,
which is L H (p). Hill proposed that these indices could be converted into an ‘equivalent number
of species’, to ‘enable us to speak naturally’ whilst satisfying the mathematical properties
intuitively expected from a measure of diversity. Following (Rényi, 1961), he transformed

these expressions such that H (p) = log 1D(p):

l/lfq .
(Zipsopt) " ifa ¢ {100}
“D(P) =\ TLispopi ¥ ifg=1 (1.6)

. -1 .
ming.p, >0 p; if ¢ =00

which can also be written as a generalised power mean, 9D (p) = M;_4(p, I/p), where different
means are equivalent to commonly used measures of diversity (described in Key Concepts).
When we consider the simple case where all species are evenly distributed (so p; = 1/s for
all i), then ¢D(p) = S for all ¢g. This is the maximum value diversity can take for S species.
As the distribution becomes less uniform the diversity of the community drops and 4D(p)
decreases as ¢ increases. Analogous to Rényi entropy, these measures — Hill numbers — are a

generalisation of Shannon diversity, which is ! D (p), the exponential of Shannon entropy.

!Chao et al. (2014) provide Hill numbers for incidence data based on the Bernoulli product model
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According to Hill (1973), the ‘diversity number is figuratively a measure of how many species
are present if we examine the sample down to a certain depth among its rarities’. This is
varied by the parameter ¢, the order of diversity', which determines the relative importance
attributed to species of differing rarity (for 0 < g < o0). At g = 1, each species is weighted
exactly by its own abundance. As ¢ decreases, rare species are weighted more strongly and a
smaller fraction of the ‘effective number of species’ is contributed by common species. For
example, at ¢ = 0, species richness describes precisely the number of distinct species in a

community by weighting rare and common species equally:

0 0
Dp)= > (1.7)
2:p; >0
As ¢ increases, common species are weighted much more strongly and rare species contribute
a much smaller fraction of the ‘effective number of species’. For example, at ¢ = 2, the inverse
of Simpson’s index is weighted more strongly by species of greater abundance and is therefore

less sensitive to rare species:
1

2
Zi:pi>0 p;

In the most extreme case, when g = oo, diversity depends only on the most abundant species

*D(p) = (1.8)

and disregards rare species completely. This is simply the inverse Berger-Parker index (Berger
& Parker, 1970), which is written as,

1
= min p; ! (1.9)
max p; 1:p; >0
i:p; >0

“D(p) =

where 52_2;}% p; is the relative abundance of the most common species.

In contrast to their associated entropies, Hill numbers are expressed as effective numbers
(Section 1.3). This is important as it enables different communities to be easily compared at
each value of ¢g. Additionally, a single community may be observed across multiple values of ¢,
combining many well-known indices along a continuum of values known as a diversity profile
(as in Hill, 1973; Téthmérész, 1995; Leinster & Cobbold, 2012). This allows an observer to
discern a richer and more comprehensive measure of diversity. An example of such a profile is

given in Figure 1.3, which is illustrated subsequently. Consider the following communities:

A & 4
B: & % vy v

Any individual diversity measure is a single value that represents a single perspective. For
example, species richness tells us that these communities have the same number of species.
Clearly, these communities have quite different distributions that species richness fails to

capture. The differences in community structure are revealed by comparing diversity profiles

LAlso termed the sensitivity parameter (Leinster & Cobbold, 2012) or the viewpoint parameter
(Reeve et al., 2016)
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(Figure 1.3). The slope of each diversity profile reflects the evenness of the distribution of
species across each community from a range of different perspectives (different values of q).
Specifically, we find that community A (blue) is dominated by a single species, reflected by
the steep initial drop in diversity with increasing q. Whereas, the species in community B
(yellow) are evenly distributed, reflected in the constant value of diversity for all values of q.

If a third community is introduced:
C: & € 4+ 9 & b 4

The distribution of species in community C (red) is more evenly distributed than those in
community A (blue), reflected in the slower decline in diversity at lower values of q. At ¢ = 0o
the effective number of species in communities C and B is equal, since only the most dominant

species is considered.

Are Hill numbers a good measure of diversity? Provided that all species are completely
distinct from one another, then yes. They are able to account for the number of species as
well as their relative abundances, they satisfy a number of reasonable properties, and can
be compared easily and intuitively between different communities (Routledge, 1979; Jost,
2006). In reality however, there are often instances where it is important to consider one
species to be similar to another, and in these instances it may be useful to consider indices of

similarity-sensitive diversity.

1 | | |
10 | | | |
- ! Partition !

.1 1 1

| ] |

84 1 1 1 mmar (A 1

| | | |

1 1 1 B 1

| | | |

1 I mm © I

é‘ 69 | | |
0 | | | |
[} [ I B |
= 1o | |
O 7241 0 | |
[ | |

| ) | |

| | I |

| | ) |

21 1 1 .|

| | | |

| | | |

| | | |

o4 1 | | |

i i v i

0 1 2 10 100 ®

q

Figure 1.3: Diversity profiles: Contrasting the diversity of three simple communities.
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1.5 Similarity-sensitive diversity

‘Realistic measures of biodiversity should reflect not only the relative abundance
of species, but also the differences between them.’
— Leinster & Cobbold (2012)

By the early 1980s, measures of diversity were everywhere, with applications ranging from
anthropology (Greenberg, 1956), to genetics (Nei, 1973; Duvick, 1984), economics (Gini, 1912;
Hart, 1971), sociology (Horowitz, 1970; Sen, 1973), and ecology (Pielou, 1967; Wilson &
Shmida, 1984). At this time, most of these indices considered species (or any meaningful
categorical unit) to be completely distinct. The problem with this becomes clear in the

following example.

Consider a community comprising two ducks, a cat, a horse, and a donkey. Most traditional
measures of diversity regard each species as being identical to itself but completely dissimilar to
all other species (A). In reality however, species might share multiple similarities — functional,
phenotypic, genetic, etc. In this case we might consider that horses and donkeys are 90%
similar (A’). If one were to calculate the diversity of this community using traditional
measures, then we might consider that to give an overestimation of the true diversity (Figure
1.4), since the degree of differentiation between horses and donkeys in A’ (when similarity is
included) is much lower than in A (when similarity is ignored). Capturing this information
and accurately quantifying the biodiversity of this community necessitates incorporating some

index of similarity into the measurement of diversity.
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Figure 1.4: Similarity-sensitive diversity profiles: where community A (blue) considers species to be
distinct (Hill numbers, Section 1.4); and community A’ (red) incorporates species similarity (Leinster & Cobbold’s
similarity-sensitive diversity, Section 1.5.2).
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1.5.1 Rao’s quadratic entropy

The most well-known index of similarity-sensitive diversity was developed by statistician,
Calyampudi R. Rao (1982) and is commonly known as Rao’s quadratic entropy!. This metric
describes the expected dissimilarity between two individuals sampled at random

and with replacement from the same community, and is written,

s s
Qp) =>_> Awpipi (1.10)

i=1 =1
where A;; is the distance between species 7 and 7’. In this way, Rao’s quadratic entropy
combines both the relative abundance of species and the pairwise distance between them.
Inter-species distance is zero when both individuals originate from the same species (A;; = 0
for all ) and unity when two completely distinct species are sampled (A; =1 for all i # i').
In the special case, when species are completely distinct, Rao’s quadratic entropy is essentially

a generalisation of Simpson’s index of concentration (Simpson, 1949).

1.5.2 Leinster & Cobbold’s similarity-sensitive diversity

Approaching this problem from the field of mathematics, Leinster & Cobbold (2012) proposed
a similarity-sensitive measure of diversity. This framework generalises many of the most
popular measures of diversity: species richness, Shannon (1948) entropy, the Gini-Simpson
index (Gini, 1912; Simpson, 1949), the Berger-Parker index (Berger & Parker, 1970), Hill
(1973) numbers, the Patil-Taille-Tsallis entropies (Patil & Taillie, 1982), and the indices of
Hurlbert (1971), and Smith & Grassle (1977). Many similarity-based measures are also closely
connected, including: Rao’s (1982) quadratic entropy, the entropies of Ricotta & Szeidl (2006),
and the phylogenetic indices of Faith (1992), Allen et al. (2009), and Chao et al. (2010), the

latter being based on Hill numbers.

Consider a community of S species with relative abundance p = (p1,...,ps), where inter-
species similarity is encoded in an .S x S similarity matriz, Z, which is equivalent to Rao’s
dissimilarity such that Z = 1 — A. The elements of this matrix (Z;;/) reflect the similarity
between species ¢ and ¢/ on a scale of 0 to 1, such that species are identical when Z;;; = 1 and
completely dissimilar when Z;;; = 0. It follows then, that (Zp); = )., Z;ipy describes the
relative abundance of species similar to species 4, defined as the ordinariness of the i*" species,
where similarity can be defined ally, phenotypically, phylogenetically, or in some specific
manner determined by the research question under study. If distances (d;;) are available,
they must first be translated into similarities such that 0 < Z;;; <1 and Z;; = 1. This can be

done in a number of ways, for example: by defining Z;;; =1 — ( ki"i;x) when d;;; < kdmax and

Ziir = 0 when djy > kdpax; or defining Z;; = e *%i (Nei, 1972) where k is a scaling factor.

'Known in interdisciplinary studies as the Rao-Stirling index (Stirling, 2007), and independently
rediscovered by Ganeshaiah et al. (1997) as the Avalanche index

11
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Leinster & Cobbold (2012) derived a general expression for similarity-sensitive diversity, which
like Hill (1973) numbers, is based on Rényi’s (1961) generalised entropies, and expressed as
effective numbers of species. This framework reveals a coherent family of diversity measures,

derived as the reciprocal of the “average” ordinariness of a community:

(Sipore o) 0 ¢ (100}

“D?(p) = Hi:pi>o(zp)2pi1 if ¢ =1 (1.11)
(5:2?2%( p)z> if ¢ = oo

As with Hill numbers, this can be expressed as a weighted power mean,
1D%(p) = My_4(p, /2p) (1.12)

where ¢ defines the type of average being applied. And from here, it is a simple matter
to derive Hill numbers, where similarity between species is ignored. To do this, similarity
coefficients are defined, Z;; = 1 for all ¢, and Z;;; = 0 for all ¢ # ¢’. In other words, Z =1,
where I is the identity matrix. A simple substitution reveals that (Zp); = (Ip); = p; and
therefore, DY (p) = 2D(p), where 9D(p) is the Hill number of order ¢q. This can be written as,

(Sipors )7 ) " it ¢ {1,00)

“D'(p) = Hizpi>o(1p){pi_1 ifg=1 (1.13)
Ip), if g =
(i{gg%(p)z) if ¢ = o0

which, because Ip = p and so (Ip); = p;, is equal to

A\
<Zi:pi>0pi) if ¢ ¢ {1,00}
1D(p) = Hi:pi>0pi_pi ifg=1 (1.14)
(maxi:pi>0 pi)il if g =00

This can be written in its general form as,

D (p) = Mi4(p, Y1p) = M1_4(p, /p) = "D(p) (1.15)

which clearly shows how closely related these measures are.

As Leinster & Cobbold (2012) explain, the parameter ¢ allows greater control of the relative
emphasis placed on species of differing ordinariness (where 0 < ¢ < 00). Specifically, as ¢
increases, diversity is increasingly weighted by species of high ordinariness, that is, species
of high abundance and/or high similarity to other species. For example, similarity-sensitive
species richness (¢ = 0), just like its counterpart, equals the species richness of a community
irrespective of its relative abundance. However, unlike Hill’s formulation, it takes into account

the similarity of each species-pair within a community, and so, avoids the inflation in species

12
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richness caused by species of high similarity. Conversely, at ¢ = oo exists a similarity-sensitive
version of the reciprocal of the Berger-Parker index. Whereas Hill’s version of ¢ = co reflects
the dominance of a community with respect to the species of greatest relative abundance,
the similarity-sensitive measure takes into account the abundance of similar species, and
therefore describes a measure of dominance that considers the most ordinary species within a
community. Thus, it is possible that the ordinariness (Zp); may be largest for species i, even

though the species itself is relatively rare, because it is similar to highly abundant species.

In a single community, when the similarity between species can be quantified, Leinster &
Cobbold’s (2012) similarity-sensitive diversity measures retain more information than Hill
(1973) numbers (that consider species to be completely distinct). However, these measures
focus on the underlying variability within a single community. The next section looks at beta
diversity, which attempts to address the issues of looking at multiple subcommunities, where

the way in which diversity is partitioned must be carefully considered.

1.6 Beta diversity

‘The original definition of “beta diversity” by Whittaker (1960) was already very
broad, and since the coining of the concept, it has been tremendously stretched to
cover the most varied phenomena’

— Tuomisto (2010b)

In his seminal paper, Robert Whittaker (1960) proposed a new approach for describing the
relationship between the heterogeneity of subcommunities and the diversity of species across a
broader community. Whittaker developed new terminologies — alpha, beta and gamma — with

which to distinguish between these differing aspects of diversity.

(1) Alpha diversity, inspired by Fishers alpha is described as ‘the [average] richness in

species of a particular stand or community!.

(2) Beta diversity is somewhat ambiguously described as beta = gamma/aipha, or ‘the extent
of change of community composition, or degree of community differentiation, in relation
to a complex gradient of environment, or a pattern of environments’, which might be
measured using indices of compositional similarity such as the Jaccard, Sgrensen, and

Bray-Curtis indices? (Whittaker, 1960, 1972).

(3) Gamma diversity is described as the species diversity across all samples in a community,
where ‘diversity value is a resultant of both [the] alpha and beta diversities of these

samples’, commonly referred to as Whittaker’s multiplicative law (Section 1.6.2).

LA log series index used to model species diversity at the local scale (Fisher et al., 1943)
2Jaccard (1901, 1912); Sgrensen (1948); Bray & Curtis (1957)
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1.6 BETA DIVERSITY

Though ecologically useful, the general confusion surrounding the concept of beta diversity has
resulted in a fundamental disagreement regarding its usefulness. Commonly used metrics are
often described as ‘beta diversities’, but are actually measures of compositional heterogeneity,
differentiation between subcommunities, relative change in species composition between
communities, rate of compositional turnover, distinctness, or nestedness (reviewed in Vellend,
2001; Jurasinski et al., 2009; Anderson et al., 2011). In this chapter, no attempt is made
to clarify the conceptual and semantic ambiguity of ‘beta diversity’. The reader is instead
referred to an extensive two-part review by Hanna Tuomisto, which highlights the range of
methods used to develop definitions of beta diversity, and examines the properties of these
measures whilst structuring these concepts within a common framework (Tuomisto, 2010a,b).
With this in mind and to support further discussion, the following section identifies some of

the most commonly used beta-related concepts.

1.6.1 Indices of compositional similarity

Measures of compositional similarity, differentiation, or species overlap, between two samples
are numerous in literature (Legendre et al., 2005). Necessarily, studies have been directed
at examining the performance of these indices; Wilson & Shmida (1984) and Koleff et al.
(2003) review incidence-based measures, whilst Barwell et al. (2015) conducts a similar review
of abundance-based measures. Two of the most well-known incidence-based measures are
the closely related Jaccard and Sgrensen indices, which can be used to quantify variation
between communities from presence/absence data. Consider, for example, two communities
represented by sets j = {S1,...,S,} and k= {S7,...,5,,}, where S; and S} are the species

present in communities 5 and k, respectively.

The Jaccard index' measures the similarity between two samples and is calculated by measuring
the ratio between the intersection and the union of both communities (Jaccard, 1901, 1912).

In the language of Jaccard:
4Nk
ﬁ‘ac = 1
T UK

(1.16)

That is, the ratio of the number of species shared by communities j and k relative to the total
number of species in the two communities combined. This measure reaches a maximum of
1 when all species are shared, and a minimum of zero when the species in each community

2

are distinct. Conversely, the Jaccard distance® can be used to determine compositional

dissimilarity between two samples, such that:

G 1. _ lOKL_jUk = linK
e T UK lj UK

(1.17)

L Also referred to as coefficient of commaunity, or coefficient de communauté
2 Also referred to as the Marczewski-Steinhaus distance (Marczewski & Steinhaus, 1958), Tanimoto

distance, or biotope distance
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1.6 BETA DIVERSITY

Likewise, the Sgrensen-Dice coefficient!, independently derived by Thorvald Sgrensen (1948)
and Lee Dice (1945), is written:

20k 25Nk|
g+ k[ |G UE[+ 3Nkl

5sor = (1.18)

which is related to the Jaccard index by Bsor = 13_65‘?6
jac

distribution of species between two communities, but differ in their perspective. The Jaccard

. Each of these indices compares the

index compares the number of shared species to the cumulative number of species across
both communities, whereas the Sgrensen index places more importance on species shared by
each community, and consequentially compares the number of shared species to the mean
number of species within a single assemblage. Both the Jaccard and Sgrensen coefficients are
commonly used throughout literature, but are limited by their inability to cope with species

abundance data.

The Bray-Curtis similarity coefficient? — a quantitative analogue of Sgrensen’s index — is an
abundance-based measure used to quantify the dissimilarity between communities 7 and k
(Bray & Curtis, 1957). It is written:

. 2 Zf;?sk min(Ni, Mz)

Yoy Ni+ >0k M

(1.19)

where IV; and M; denote the total number of individuals of species 4 in communities j and k,

respectively.

1.6.2 Defining the relationship between alpha, beta, and gamma

Multiplicative beta, also known as Whittaker’s multiplicative law, assumes that the relationship

between alpha, beta and gamma diversities is written as:
gamma = alpha X beta. (1.20)

Originally defined in terms of Fisher’s alpha (Whittaker, 1960), the multiplicative partitioning

of diversity was later applied to Shannon diversity (MacArthur, 1965), species richness

! Also referred to as Sgrensen binary, the Sgrensen similarity index, the coincidence index, the Dice

coefficient, or binary Serensen-Dice
2 Also referred to as the Bray-Curtis distance, the quantitative Sorensen-Dice index, the Sprensen

abundance indez, the proportional similarity indez, or the Odum coefficient, and sometimes incorrectly
referred to as Czekanowski’s distance (Legendre et al., 2005)
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1.6 BETA DIVERSITY

(Whittaker, 1972)!, and then generalised for all Hill numbers (Routledge, 1979), such that:

_ .\ Y12
N g '
qDOz,R — (Zl~p1>§]vz:]_1 I+ ij i ) q 7£ (121)
P (Zj:l —Wj 3 >0 Fig log Pz‘j) ifg=1
1/1—q .
(Zi:ppopg) if ¢ ¢ {1,00}
P Mpar ™ ifg=1 (1.22)
mini:pi>0 pi_l if ¢ = o0

9D

Dgp = qD(JR (1.23)

where N is the number of subcommunities and w; = Zle pij is the relative size of subcom-
munity 7. If one were to think of a metacommunity as comprising a number of subcommunities
linked by dispersal (Leibold et al., 2004), then diversity can be partitioned in terms of:
Routledge’s alpha, 9D, g, the average effective number of species per subcommunity weighted
by the size of the subcommunity; 9D, the effective number of species in metacommunity
as a whole (which is equal to 9D); and YDg g, the amount of species turnover between

subcommunities.

A similar framework, proposed by Jost (2007), uses a different alpha (and therefore beta)

component:

N w? (1-q)
"Dy = (S0 Sl ety ) 01 (1.24)
exp <Z;V:1 —Wwy Zi;pi>0 Pij log P”> if g=1
9D
“Ds.; = 1 vJ (1.25)
a7

Jost calls these expressions true alpha diversity, true gamma diversity, and true beta diversity,
respectively. That is: Jost’s alpha, 9D, j, the average effective number of species per
subcommunity weighted by the ¢** power of the size of the subcommunity; and 1Dg j, the
number of subcommunities that have no species in common, or the equivalent effective
number of compositional units in a community. Routledge’s (1979) alpha (advocated by
Tuomisto, 2010a) is equivalent to Jost’s (2007) alpha (advocated by Chao et al., 2012) when
subcommunity weights are equal or at ¢ = 1. Since, Routledge and Jost use a multiplicative
beta with the same gamma diversity measure, their beta diversity measures are the same

under the same conditions (when subcommunity weights are equal or at ¢ = 1).

An alternative approach, additive beta, demonstrates that traditional indices of ‘diversity’

(Section 1.3) such as species richness, the Gini-Simpson index, and Shannon entropy, can be

In the 1972 paper, Whittaker also commented on MacArthur’s use of the exponential of the
Shannon entropy and noted that the raw entropies should not be used.
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1.6 BETA DIVERSITY

partitioned additively (MacArthur, 1965; Levins, 1968; Lewontin, 1972; Nei, 1973; Allan, 1975;
Patil & Taillie, 1982; Veech et al., 2002; Veech & Crist, 2010; Marcon et al., 2014)!. This
additive partitioning of ‘diversity’ was not well known or utilised until its rediscovery by Lande
(1996)2, who redefined the approach using Whittaker’s alpha-, beta-, and gamma-notation,
such that:

gamma = alpha + beta (1.26)

where beta diversity is now redefined as ‘the average amount of diversity that is not found in
a single, randomly chosen sample’ (Jurasinski et al., 2009). The benefits of each approach
have since been debated extensively (Ricotta, 2005; Jost, 2006, 2007; De Bello et al., 2010;
Ricotta, 2010; Tuomisto, 2010a; Veech & Crist, 2010; Chao et al., 2012; Marcon et al., 2014).

Additive and multiplicative beta diversities are able to measure the variability across sub-
communities, or compare many subcommunities simultaneously. But they are not able to
identify specific subcommunities as being different or typical. As discussed in the following
chapter, Reeve et al.’s (2016) framework of measures addresses these issues by developing
a new formulation for beta diversity with stronger mathematical foundations, but which
is neither additive nor multiplicative. This approach also satisfies a list of properties of
beta diversity measures proposed by previous authors, which aren’t satisfied by any existing

measure.

!Though MacArthur (1965) was first to partition diversity data additively, using Shannon entropy,

he transformed them into their numbers equivalents before interpreting them.
2Lande’s (1996) additive partitioning of Shannon entropy is related to its multiplicative counterpart

through a simple logarithmic transformation

17



1.7 THESIS OUTLINE

1.7 Thesis outline

The aim of this thesis is to investigate the properties of Reeve et al.’s (2016) framework, to
apply these measures to practical applications, and to determine whether different or typical
subcommunities can be identified from real data. The framework incorporates a measure
of similarity, which can be utilised in the study of phylogenies, for which many customised
measures of diversity have already been created. I extend the scope of the framework to handle
phylogenetic similarity, and benchmark the resultant measures against existing measures of
phylogenetic diversity. Finally, the framework assumes a completely censused metacommunity,
which is rarely the case in real systems, so I also investigate how these measures perform with

more realistic, incomplete information.
This is done in the following manner:

Chapter 2: Methodological development - the framework of diversity measures proposed
in Reeve et al. (2016) is described. Simple examples are used to demonstrate the properties of
alpha-, beta-, and gamma-diversity at both the metacommunity and the subcommunity levels.
An R package — rdiversity — is developed to calculate these measures. The functionality
of this package is demonstrated here, whilst also simulating simple community structures to

highlight the properties of the diversity framework.

Chapter 3: Validation study - three distinct case studies are highlighted. These are used
to validate the framework, demonstrating how these methods can be used to detect signals
in real datasets. Diversity-based methods are used to recreate known quantities: (1) the
demographic diversity of the human population of England and Wales; (2) the spatial and
temporal biodiversity of a well-known forest plot; and (3) the flow of antimicrobial resistance of
the Salmonella bacterium between human and animal communities using phenotypic, genetic,

and phylogenetic datasets.

Chapter 4: Phylogenetic diversity - Phylogenetic diversity measures provide a means of
understanding how evolutionary factors influence patterns of diversity on a temporal scale.
In this chapter, traditional measures of phylogenetic diversity are described alongside those
derived from the framework. All methods are statistically compared. The chapter concludes
with a case study describing the flow of antimicrobial resistance of DT104 using phylogenetic
data.

Chapter 5: Subsampling properties - In this chapter, I investigate how well the measures
perform under a range of sampling pressures, using data from the Barro Colorado Island

(BCI) Forest dynamics plot.

Chapter 6: Discussion.
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Chapter 2

Methodological development

‘The lack of a common framework means that diversity measures from different
fields have conflicting fundamental properties, allowing conclusions reached to

depend on the measure chosen.’
— Reeve et al. (2016)

2.1 Abstract

The underlying structure of a community is both complex and dynamic, comprising as many
measurable variables as sensible avenues of research. Although attempts have been made to
explain this complexity in a meaningful way, a single coherent framework for its measurement,

analysis, and partitioning has been conspicuously lacking.

In response to this, Reeve et al. (2016) devise an intuitive family of diversity measures, derived
from Rényi’s (1961) generalisations of Shannon (1948) entropy and Leinster & Cobbold’s (2012)
expression of similarity-sensitive diversity. These measures expose compositional variability
(in terms of taxonomic, phylogenetic, phenotypic, genetic, or functional interest) as alpha,

beta and gamma diversities, of both the whole community and its lower, underlying levels.

This chapter considers the following questions:

1. What are these measures and how do they work? The properties of each measure are

described, alongside a number of worked examples to illustrate their utility.

2. How are these measures calculated? A software package — rdiversity — was developed
in R and published on CRAN to calculate these measures. The functionality of this

package is demonstrated with simple examples.
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2.2 HOW TO PARTITION DIVERSITY

2.2 How to partition diversity

This section follows Reeve et al. (2016), beginning with a description of the notation used in
this (and subsequent) chapters. The diversity framework is introduced, after which, simple

examples are used to illustrate the utility of each measure.

2.2.1 Introduction

In 1960, Whittaker recognised that local variation in species composition and diversity often
exists within a community (Whittaker, 1960). He quantified this by partitioning diversity or
multiplicatively in terms of alpha, beta, and gamma diversity. Though useful, there was no
consensus on how to measure diversity, as the term gamma diversity was only introduced in
Whittaker’s paper. Over a decade later, Hill devised an effective number formulation (see
Section 1.4), which combines many of these commonly used measures of diversity (Hill, 1973).
However, this family of measures languished in obscurity for several decades, before it was
championed by Jost (2006), and is now widely accepted as the basis for measurements of

gamma diversity.

In his seminal paper, Jost (2007) argued that for a measure of diversity to satisfy required
mathematical properties, the partitioning of diversity must be based on Whittaker’s mul-
tiplicative law (Equations 1.24-1.25). However, he acknowledged that this only works at
q € {0,1} for unequally weighted subcommunities!, and that there was perhaps no way of
partitioning diversity for any other value of g. In addition to this, his methods did not address
the similarity between species. Meanwhile Rao (1982) addressed the issue of similarity between
species, but only at ¢ = 2. In response to this, Leinster & Cobbold (2012) formulated a
similarity-sensitive measure of diversity to generalise Rao’s approach for all values of ¢, based

on Rényi’s (1961) generalised entropies. But three problems remained:

e Could Jost’s (2007) partitioning of diversity be extended beyond ¢ € {0,1}?

e Could Leinster & Cobbold’s (2012) similarity sensitive diversity be extended to cover

the partitioning of gamma diversity into alpha and beta components?

e Could important subcommunities be identified within the community as a whole? (as

well as quantifying the variability across them?)

Given the power and generality of Rényi’s (1961) entropy-based approach, Reeve et al. (2016)
use Rényi’s notion of generalised relative entropy (the Rényi divergence of order ¢) to derive

measures of the diversity of a subcommunity relative to the metacommunity as a whole (see

1For equally weighted subcommunities these measures work for all values of ¢
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2.2 HOW TO PARTITION DIVERSITY

Appendix A for an example of this derivation). Rényi’s relative entropy (which had previously
been ignored in favour of simpler mathematical formulations) is a measure of divergence!, or
a kind of ‘distance’ between two probability distributions. In terms of diversity, this is the
same as asking how close two species distributions are to one another, and in this context
compares the distribution of a subcommunity to the distribution of the metacommunity as a
whole. This naturally defines subcommunity values (of beta diversity) that provide insight
into how different or typical subcommunities are in the context of the metacommunity. As
explained in Reeve et al. (2016), these subcommunity measures can be used to construct
more traditional metacommunity measures such as gamma and beta diversity. Of these, one
resultant beta diversity measure is identical to Jost’s beta diversity measures for distinct
species at ¢ € {0, 1}, but has the advantage of satisfying all of Jost’s properties for all values
of ¢q. Furthermore, it generalises Leinster and Cobbold’s measure of gamma diversity, to give
a new similarity-sensitive beta diversity measure. As such, it addresses all three problems
introduced above, and in addition to this, it satisfies three new properties (as described in
Reeve et al., 2016), which state that:

e Normalised metacommunity (alpha, beta, and gamma) diversities should be invariant

under shattering of their constituent subcommunities?;

e All subcommunity (alpha, beta, and gamma) diversities are conditionally independent
and therefore invariant to differences in partitioning of the rest of the metacommunity;

and

e All subcommunity (alpha, beta, and gamma) diversities should therefore be directly
compared within a metacommunity to determine the relative merits of different subcom-

munities

As already discussed, Reeve’s framework breaks down metacommunity-level measures of
diversity into subcommunity-level components, which are broken down further into species-
level components within each subcommunity. Subcommunity-level diversities are calculated
as some form of average (a weighted power mean) of the species-level components that they
contain, and metacommunity-level diversities are in turn calculated as an average of their
constituent subcommunities. Throughout this chapter I will refer to weighted power mean
measures informally as averages for simplicity — so generally, averages are weighted power

means not conventional averages, which are specifically referred to as arithmetic means.

In this chapter, I describe each diversity measure in the context of a simple caricature

metacommunity (described in the next section). In total there are seven diversity measures:

LA generalisation of Kullback-Leibler divergence (Kullback & Leibler, 1951) when ¢ = 1
2Invariance under shattering refers to the fact that the normalised metacommunity diversity of N

subcommunities should not be affected by the incorrect, continued shattering of subcommunities, where
each subcommunity is assumed to be well-mixed and the breaking subcommunities into subdivisions

results in the a relative abundance of species identical to that of the parent subcommunity

21



2.2 HOW TO PARTITION DIVERSITY

two alpha diversity measures, one of which corresponds to traditional notions of alpha diversity;
four beta diversity measures, one of which — at the metacommunity level and when ¢ € {0, 1}
— corresponds to Jost’s beta; and a measure of gamma diversity. Kach of these can be
measured at the metacommunity level, and broken down into subcommunity and species-level
components. One reason for the multiplicity of measures relates to the option to control for
(or not control for) the potentially differing sizes of the subcommunities in half of the alpha

and beta diversity measures (described as normalised and raw diversities, respectively, below).

2.2.2 (General notation

Consider a metacommunity comprising S species of relative abundance p = (p1,...,ps),
partitioned into N distinct subcommunities (e.g. Figure 2.1, middle image). Then P is an
S x N matrix, where element P;; denotes the relative abundance of species ¢ in subcommunity
j. We can highlight a particular subcommunity, P; = (Pij,..., Ps;), where each element
describes the relative abundance of each species in subcommunity j. We assume that the
metacommunity is complete, so 3, >, P;j = 1, we can say that ), P;; = w; describes the
weight of subcommunity j relative to the metacommunity as a whole and jw; = 1. In other
words, w; is the proportion of the metacommunity that is contained within subcommunity
j. Also, P j = Pij/w; is the normalised relative abundance of species in subcommunity j in
isolation. Collapsing P across all subcommunities yields p = ) j P;, the relative abundance
of species in the metacommunity as a whole. The matrix Z is an S x S matrix, where element
Z;i» defines the pairwise similarity between species i and i’, where Z;;; = 1 denotes complete
similarity and Z;7 = 0 when species are completely distinct (as in Section 1.5.2). Therefore,
(Zp); is the ‘relative abundance of species similar to the it > termed the ordinariness of
species ¢ (Leinster & Cobbold, 2012). We then define (Zp); as metacommunity ordinariness
of species 1, (ij)l as the ordinariness of species i in subcommunity j, and (Z2P;),/(zp), as

relative ordinariness of species 7 in subcommunity j relative to the metacommunity.

Reeve et al. (2016) also introduce new terminology to represent the simplest or most extreme
cases of community diversity. The first is the naive-type case, wherein different species
have zero similarity (Z = I). The second is the naive-community case, wherein there are
no shared species between subcommunities and species from different subcommunities have
zero similarity (although similarities within a subcommunity may be non-zero). Finally,
new notation is defined for each of the diversity measures: Metacommunity diversities are
written in romanised upper-case (e.g. Tz ); subcommunity diversities are written in Greek
lower-case (e.g. quZ ); and species-level components are written in romanised lower-case (e.g.
tg ). Metacommunity level diversities are calculated as weighted power means (described
in Key Concepts) of their subcommunity-level components, which are in turn calculated as

weighted power means of their species-level subcomponents.
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2.2.3 Methods

The example used throughout this chapter is a simple metacommunity, comprising three
distinct subcommunities with different species distributions (shown in Figure 2.1). As a naive
observer, it is clear that each subcommunity contains a different distribution: subcommunity A
(pink) contains an even distribution of species, subcommunity B (blue) contains only one species,
and subcommunity C' (green) has the same distribution of species as the metacommunity as a

whole, but only half the total abundance of each species.

The aim here is to identify which of Reeve et al.’s (2016) measures are best able to pick
out the patterns that visually distinguish these subcommunities. For simplicity, diversity is
calculated in the naive-type case, such that each species is considered completely distinct
(Z =T1). I will also show the explicit mathematical calculation at ¢ = 0, whilst nevertheless
plotting the diversities for all values of ¢q. In each case, I give a general overview of the
measure — where text is taken and adapted from Reeve et al. (2016). After which, I examine
the variation in species composition within subcommunities, across subcommunities, and at
the metacommunity level. Species-level components are used to inform the way in which
subcommunity-level measures are constructed, but are are not discussed in any great detail,
beyond a simple mathematical description. I start with the alpha and gamma diversities, since

they are closely related and easier to understand, before moving on to the beta diversities.

cows sheep

A B C P=(6/s, 2/s)
7P — P — [1/8 2/8 3/8] cows
/8 0 1/8] sheep A B C
w= (s, Y1, 1p2)
A B C
p—[YV2 12 32] cows cows sheep
[1/2 0 1/4] sheep 7| 1 0 cows
[ 0 1 ] sheep

Figure 2.1: Illustrative example of a simple metacommunity: comprising subcommunities A (pink),
B (blue), and C (green). This metacommunity is represented numerically by a matrix of relative abundances,
P = [P;;]; a matrix of normalised relative abundances, P= [Pi;]; a vector of relative abundances collapsed across
subcommunities, p = (p1,...,ps); a vector of subcommunity weights, w = (w1,...,wy); a matrix of pairwise
species similarities, Z = [Z;;/]; and a matrix of the ordinariness of species, ZP = [(ZP);;] (in the metacommunity).
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2.2.4 Alpha diversities (‘a?, %%, 1A%, and 1A%)

Two kinds of alpha diversity are included in this framework. These are normalised and raw

alpha diversities. All of the alpha diversity measures are listed in Table 2.1.

Table 2.1: Alpha diversities: Unified mathematical framework describing measures of similarity-
sensitive subcommunity- and metacommnuity-level diversities, alongside their species-level components. Each
subcommunity-level measure is calculated as a weighted power mean (described in Key Concepts) of the species-
level components and is quantified relative to the metacommunity as a whole. Each metacommunity-level measure

is calculated as a weighted power mean of the subcommunity-level values.

Formula Description

Species-level

al.zd. = (ZI? J): Raw alpha: species-level component of anZ
‘_%'Z,j = (zZP J)z_ Normalised alpha: species-level component of q5zjz

Subcommunity-level

_ _ Raw alpha: estimate of nalve-community metacommu-
f =M, (B, (zPy); ) OV PR '
J ¢ nity diversity
_ _ Normalised alpha: similarity-sensitive diversity of sub-
af =M (P.j’ (ZP;), 1) " ' '

community j in isolation

Metacommunity-level

1A% = Mi_q <w, qajz> Raw alpha: naive-community metacommunity diversity
A = M, ('w, q&z) Normalised alpha: average similarity-sensitive diver-
1 J sity of subcommunities

2.2.4.1 Normalised alpha diversity (qajz and 9A4%)

Normalised subcommunity alpha diversity is the similarity-sensitive diversity of subcommunity
J in isolation (qézjz, Table 2.1), and is equivalent to Leinster & Cobbold’s (2012) similarity-
sensitive diversity of a single community (Equation 1.11). As with all of the subcommunity
measures that follow, it does not depend on how the rest of the metacommunity is partitioned
into subcommunities. Normalised metacommunity alpha diversity is the average' similarity-
sensitive diversity of subcommunities in the metacommunity (1A%, Table 2.1) and is simply
the average of the normalised subcommunity alpha diversities. So both subcommunity and
metacommunity alpha are effective numbers and take values between 1 and S, where S' is the

total number of species.

'Recalling that throughout this chapter I refer to weighted power mean measures informally as

averages, for simplicity
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Example

Figure 2.2a shows the metacommunity broken down into subcommunities, alongside the
species-level (Figure 2.2b), subcommunity-level (Figure 2.2c¢), and metacommunity-level
(Figure 2.2d) measures of diversity. Figures 2.2b-d can be read across to see how the lower
level components combine to form their higher level averages. This format is repeated across

all of the examples in this chapter.

The species-level components of the effective number of species in subcommunity A are calcu-
lated as the inverse of the ordinariness (or “specialness”) of the species in that subcommunity
(Figure 2.2b)!. In the naive-type case, this is simply the inverse of the relative abundance of

each species in the subcommunity:
—1
5 1 > \—1 —_ P, A
cows (IPA)cows = (PA)cows = Pcmlvs,A = < S )
1 —1 —1
(Y (Y
1/4 2
1 Py, A !
>— sheep,
SheepA (IPA)sheep (PA)sheep Psheep,A = < >
! -1
1/4 2

which tells us that the cows and sheep in subcommunity A each have a specialness of 2, which

is a component of diversity.

Population ajj %, axZ

w

w
f
w

Diversity
- N
— N
. ~
: — L
| ‘
/
1
'
1
1
|
|
1
1
|
i
|
b

o

o
v

o

T T T rT——T ; T T
cows sheep 0 12 10 100 ® 0 12 10 100 ©
Species q q

Figure 2.2: Partitioning normalised alpha diversity at hierarchical levels of community structure:
(a) metacommunity composition, and alpha diversity calculated at the (b) species, (c) subcommunity, and (d) meta-
community levels. As in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The
dashed line highlights the minimum level of diversity.

IFollowing Leinster & Cobbold (2012), the average ordinariness (Zle p:(Zp);) is a measure of
concentration. That is, when the average ordinariness of a subcommunity is high, the subcommunity
is concentrated into a small number of similar species. Since Zle pi(Zp); is simply the similarity-
sensitive equivalent of Simpson’s index of concentration, then the diversity of a subcommunity (at
g = 2) can be calculated as the inverse of the weighted average ordinariness. This can be extended to
all values of q.
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. . ,I ,I . . . .
The arithmetic mean of a,,,, 5.4 and ag,, ep,A BVES the effective number of species in subcom-

munity A at ¢ = 0, which is the species richness':

0-T 5 I
ay =Mi—q (P7 ai,A)

= <Pcows,A X diows,A) + (Psheep,A X aiheep,A)
_ (1 1 _
= (4x2)+(3x2) =2

For subcommunity A, ‘Iaﬁ remains constant for all values of ¢, since species are evenly
distributed (Figure 2.2¢). Likewise, subcommunity B has an effective number of species

equal to 1 for all values of ¢, so all power means are the same, though here this is trivial as
I
J
becomes more conservative, in the sense that calculated diversity drops (in this case towards

it comprises only a single species. In subcommunity C, however, as ¢ increases — and Y&

the specialness of the least special species in the subcommunity) — the effective number of

species decreases until at ¢ = oo only the least special species (in this case cows) is considered,
-1

; S U | _ (s _ 11

1.€. OoOéC = acows,C = (m) = 1§

Metacommunity values are calculated as a power mean of the subcommunity values. So at

q = 0, the arithmetic mean of species richness across all subcommunities is calculated as:
04T = J\Y (w,oo’&l)
_ (pA x 0@5) + (pB x OdIB> + (pc x OdIC)
= (4x2)+ (bx1)+ (3x2) =13

which tells us that the subcommunities in the metacommunity have on average 1% species.
This is simply Whittaker’s alpha diversity of the metacommunity. Similarly, > Al is calculated
as the minimum of the set {Oodz, 0007}5, OO&IC} which is the effective number of species (just

the cows!) in the least diverse subcommunity B, so ®Al = *al, = aiowS’B =1 (Figure 2.2d).

2.2.4.2 Raw alpha (qa]Z and 9A%)

The raw subcommunity alpha diversity is a subcommunity-level estimate of naive-community
metacommunity diversity (qozjz, Table 2.1), which is related to the normalised subcommunity
alpha diversity via a rescaling by the size of the subcommunity (“6%/w; = qa]Z)_ In the absence
of other information, qa]Z can be used to estimate the metacommunity (gamma) diversity, 1GZ.
This estimate will be exact in the naive-community case if every other subcommunity takes
the same value of qajz, but in general will tend to be an overestimate due to commonalities

between species in different subcommunities. Raw metacommunity alpha diversity is the

1For other values of ¢, other means are used — a weighted geometric mean at ¢ = 1, a harmonic

mean at ¢ = 2, and so on.
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2.2 HOW TO PARTITION DIVERSITY

average of the raw subcommunity alpha diversities (qAZ, Table 2.1), and is an upper bound
on the metacommunity gamma diversity ¢GZ%. This allows ¢G% to be constrained without any

knowledge of the relationships between species across the subcommunities.

Ezxample
The species-level components of qai are calculated as the scaled specialness of the species in
subcommunity A, which in the naive-type case is the relative abundance of each species in

the subcommunity as a fraction of the metacommunity:
I —1 —1 1\ !
Acows,A = (IPA)cows = Teows, A — \ 8 =38
-1
I _ -1 _ p-1 _ (1 _
Asheep,A — (IP-A)sheep - Psheep,A - <g> =38

At ¢ = 0, subcommunity qai‘ is calculated as the weighted mean of a(I;ow 5,4 and a!,he ep Al

0.1 p I
'y :M]_fq (P7a’i,A)

= (Pcow&A X a‘cow&A) + (PSh@@va X a8h€€p7A>

_ (1 1 _
= (3x8)+(sx8) =8
which remains constant as ¢ increases, since the species in subcommunity A are evenly

gows,A and aiheep’A are equal in value (see Figure 2.3b-c), as for

distributed, and therefore a
90ij. Raw subcommunity alpha is a novel measure of diversity, whose value is high when a
subcommunity contains an even distribution of many species and when the subcommunity is
small relative to the metacommunity. At g = 0, OaIB is lower than 004}4 because subcommunity
B is missing sheep, though both subcommunities are the same weight. Conversely, Oaé is
lower than Oozi1 because subcommunity C is larger in size than A, though it contains the same

number of species. At ¢ = oo, subcommunity C considers only the most conservative estimate

-1
of anC, that of the highly abundant cows (i.e. ooa}] = a({owsc = (%) = 2%)

The arithmetic mean of {Oaﬂ,oaIB,oaIC} gives VAL, the naive-community metacommunity

Population ajj “a

v N U T T T ML R T T
cows sheep 0 12 10 100 ® 0 12 10 100 *
Species q q

Diversity
T <

N
N

Figure 2.3: Partitioning raw alpha diversity at hierarchical levels of community structure: (a) meta-
community composition, and raw alpha diversity calculated at the (b) species, (¢) subcommunity, and (d) meta-
community levels. As in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The
dashed line highlights the minimum level of diversity.
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diversity at ¢ = 0:
oAt =M, (w,oo&l)
= (pA X 004;4) + (pB X OaIB> + <pc X OaIC)

:(ix8>+<%x4)+<%x4):5

which tells us that metacommunity °G! is less than 5. This value decreases as ¢ increases
until the most conservative value is reached at ¢ = oo, such that ©A! = OoaIC = azow sC = 2%

(Figure 2.3d).

2.2.5 Gamma diversity (77 and ‘G?)

Metacommunity gamma diversity is the similarity-sensitive diversity of the unpartitioned
metacommunity (G%, Table 2.2). This is calculated as an average of the new ‘subcommunity
gamma diversities’, which measure the contribution per individual in the subcommunity to
the diversity of the metacommunity as a whole (q'yjz, Table 2.2). It is a new kind of diversity
measure, which is able to identify new patterns that are harder to observe using traditional

alpha and beta diversity measures.

Since q’yjz measures the contribution to diversity per individual, an increase in qo_zjz does not
necessarily cause a change in qyjz. Consider, for example, a naive-type case with all species
equally abundant in the metacommunity. If two subcommunities have evenly distributed
species, but the first subcommunity contains k times as many species as the second, then
@1 = kag; but 41 = 9, because all the individuals in both subcommunities are members of
equally ‘valuable’ species and so contribute equally to metacommunity diversity, being of

species that are equally abundant in the metacommunity. For example:

First subcommunity: * 4 X & + &
Second subcommunity: &* 4

Remaining metacommunity: < 4 & X

then @1 = 8 and as = 4, but 734 = v = 8. On the other hand, if two equally sized
subcommunities have different constituent species, but with the same relative abundances,
in such a way that all of the species in the first subcommunity are k£ times rarer in the
metacommunity than the species in second, then &; = as but 41 = k7. This reflects the
higher contribution of subcommunity A to metacommunity diversity, through its rarer and

therefore more special species. For example:

First subcommunity:

o e €

*®
Second subcommunity: & <+
e +

X X

Remaining metacommunity:

then &y = ap =4, but v; = 12 and v, = 6.
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Table 2.2: Gamma diversities: Unified mathematical framework describing measures of similarity-
sensitive subcommunity- and metacommnuity-level diversities, alongside their species-level components. Each
subcommunity-level measure is calculated as a weighted power mean (described in Key Concepts) of the species-
level components and is quantified relative to the metacommunity as a whole. Each metacommunity-level measure
is calculated as a weighted power mean of the subcommunity-level values.

Formula Description

Species-level

giZJ = Zp31 Gamma: species-level component of q’yjz

Subcommunity-level

q’YjZ — My, < P, (Zp)_1> Garr'lmai con.tribution per individual toward metacom-
munity diversity

Metacommunity-level

qG]Z =M;i_4 (’w, q’yjz> Gamma: metacommunity similarity-sensitive diversity

Example
The species-level components of the contribution per individual toward metacommunity
diversity are calculated (in the naive-type case) as the inverse of the metacommunity-abundance

of each species in subcommunity j, which for subcommunity A is written:

1
I —1 —1 1
Yeows, A = (Ip)cows = Pcows = % - 1§

1
1 -1 -1
gsheep,A = (Ip)sheep - psheep = % =4

The arithmetic mean of ggow& 4 and g!heen 4 yields the contribution per individual toward

metacommunity diversity,
" = Miy (Pl a)
= (Pcows,A X ggows,A) + (Psheep,A X ggheep,A)
- (%xl%)+<%x4>:2§

which is the highest of all the subcommunity values because subcommunity A contains a

higher proportion of rare species (in this case sheep). As ¢ increases, qﬂl decreases, until
at ¢ = oo, only the most conservative estimate of the contribution per individual toward

. . . . . . o0 I _ I _ 1
metacommunity diversity is considered, i.e. vy = Gp5 4 = 13-

Naive-type metacommunity 9GZ at ¢ = 0 is equivalent to Whittaker’s total diversity (gamma

diversity), calculated as the arithmetic mean across all subcommunities:
leq (’UJ, 07}4)
= (pa % ") + (v x "7h) + (po x %)

(3x23)+ (Ax13)+ (s x2) =2

OGI
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2.2 HOW TO PARTITION DIVERSITY

which is the number of species present in the metacommunity, as expected. This value

decreases with increasing ¢, until *GT = OO'Y%A,B,C} = giow&{A’B’C}.

1.04

a b c d
Population 9ij oy G*

4.04 44 4
3.54 | |
3.04 || 34 3

29.54 | | hil

4 ||

©2.04 [ | 2 e 2

= | |

0154 || \___

Lo —_— e --T= 1

co;/vs she.ep o t 1 2 o 10 100 @ O o 1 2” 10 100 B
Species q q

Figure 2.4: Partitioning gamma diversity at hierarchical levels of community structure: (a) metacom-
munity composition, and gamma diversity calculated at the (b) species, (¢) subcommunity, and (d) metacommunity
levels. As in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The dashed line
highlights the minimum level of diversity.

2.2.6 Beta diversities (5%, 9p%, 15%, 16%, 1R%, 1R%, 1B%, and 1B%)

Four kinds of beta diversity naturally emerge from this framework, reflecting different aspects
of the relationship between the metacommunity and its constituent subcommunities. These are
representativeness, redundancy, the effective number of subcommunities, and distinctiveness.
Representativeness and the effective number of subcommunities are normalised measures,
whilst redundancy and distinctiveness are raw. All beta diversity measures are listed in Table
2.3.

2.2.6.1 Representativeness (qﬁjz and 7R?%)

The subcommunity ¢ ﬁjz diversity measures how representative, or typical, the subcommunity
is of the metacommunity (Table 2.3). In the naive-type case, the maximum value of qﬁ% is
1, which is attained when all the species in the metacommunity are present in the subcom-
munity (¢ = 0), or more consequentially at higher ¢, when the distribution of species in the
subcommunity is identical to that of the metacommunity, meaning that the subcommunity
represents the metacommunity faithfully. Subcommunity representativeness, ¢ ,6%, is minimised
(with value w;) when the species present in subcommunity j are not present anywhere else in
the metacommunity: that is, if we lost the subcommunity then no individual in the remaining
metacommunity would have any similarity to what was lost. Consequently, a subcommunity is
also generally more representative when it constitutes more of the metacommunity. Metacom-
munity 9RZ is simply the average representativeness of subcommunities in the metacommunity
(Table 2.3), which is calculated as the weighted power mean of the subcommunity-level

measures.
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Table 2.3: Beta diversities:

Unified mathematical framework describing measures of similarity-

sensitive subcommunity- and metacommnuity-level diversities, alongside their species-level components. Each

subcommunity-level measure is calculated as a weighted power mean (described in Key Concepts) of the species-

level components and is quantified relative to the metacommunity as a whole. Each metacommunity-level measure

is calculated as a weighted power mean of the subcommunity-level values.

Formula

Description

Species-level

ffj = (Zp)
[3%_7' = (ZPj)i/(Zp)i
bfj = (ij)i/(zl’)i

Subcommunity-level

ZPj;),
P)i/(ZP}).

(3

0E =My (P00 (2, )

172 = Miy (P, 0 (2p,),)

Z _
Qﬁj = 1/quZ

Metacommunity-level
IRZ — M, (,w’ quZ)

RE =My (w,15%)

qBZ = leq (wqujZ

Raw rho: species-level component of qp]Z
Normalised rho: species-level component of qﬁJZ
Raw beta: species-level component of qﬂjz

Normalised beta: species-level component of qsz

Raw rho: redundancy of subcommunity j
Normalised rho: representativeness of subcommu-
nity j

Raw beta: distinctiveness of subcommunity j
Normalised beta: estimate of effective number of dis-

tinct subcommunities

Raw rho: average redundancy of subcommunities

Normalised rho: average representativeness of sub-

communities
Raw beta: average distinctiveness of subcommunities

Normalised beta: effective number of distinct subcom-

munities

For general Z, a low value of qﬁJZ indicates a subcommunity that has little in common with the

metacommunity as a whole, and is in this sense not very representative of the metacommunity.

It is often the case that similarities between individuals in the same subcommunity are, on

average, greater than similarities between individuals in different subcommunities, and in this

scenario qﬁjz is less than 1. As an example, consider a naive-type case with all species equally

abundant in each subcommunity in which they are present, and all species equally abundant

in the metacommunity as a whole. If every subcommunity contains only a proportion, r, of

the total number of species then qﬁjz = 9R% = r, reflecting the fact that each subcommunity

represents a fraction r of the total metacommunity. At ¢ =0, when Z =1,

A=, (P

p
I 5
P,

= Z Pijx%: Z Di
P J i:P;;>0

i:Pij >0
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2.2 HOW TO PARTITION DIVERSITY

which is the relative abundance in the metacommunity of all of the species that are present in
subcommunity j. So representativeness in this special case is just the proportion of individuals

in the metacommunity that have any representation in the subcommunity.

Example
Species-level estimates of the representativeness of subcommunity A are calculated for each
species as the inverse of the relative ordinariness of species ¢ in subcommunity j relative to

the metacommunity. For subcommunity A, these are calculated as:

771 4= (I?)cows — _pcows — 6/78 — 11
o (IPA) cows PCOWS:A 1/2 2
FIh = (I}))sheep _ _psheep _ 2/78 _1
e (IPA)sheep Psheep,A 1/2 2
At the subcommunity level, the arithmetic mean of F(I:ow s.A and th cep A gives the representa-

tiveness of subcommunity A at ¢ = 0:
0/%4 = M4 (Pa F%,A)
= (pcows,A X 'Fcows,A) =+ (psheep,A X Fsheep,A)
_ (1 1 1 1)

Since all species (and hence all individuals) have at least 1 species representative in subcom-
munities A and C, the representativeness of these subcommunities is 1 at ¢ = 0 (Figure 2.5¢).

However, only the cows (which constitute % of the individuals) reside in subcommunity B,

and so its representativeness is %.
a Population b Uity c qﬁlz d P
1.5+ 1.59
054+ -========-== —
0.0 0.04
cows ShéEP o 12 10 100 © 0 12 10 100 ®
Species q q

Figure 2.5: Partitioning representativeness at hierarchical levels of community structure: (a) meta-
community composition, and representativeness calculated at the (b) species, (c) subcommunity, and (d) meta-
community levels. As in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The
dashed line highlights the minimum level of diversity.
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As ¢ increases, ¢ ﬁz places more importance on species of low representativeness (species with a
high subcommunity-ordinariness, but low ordinariness across the metacommunity as a whole),
in this case sheep. Since the distribution of species within subcommunity C is identical to
that of the metacommunity, the species in subcommunity C are equally representative of
the metacommunity (Fgow sC = fﬁh . enc) for all values of ¢q. Likewise, subcommunity B is %
representative of the metacommunity for all values of ¢, since the representativeness of species

in this subcommunity relates to the only species present (cows).

Subcommunity A on the other hand, has different values of representativeness for its two

constituent species, and so at ¢ = 0o, where only the lower representativeness (that of sheep)

is considered, *°pY takes its most conservative value, i.e. ©pY = theep, A= %
At ¢ = 0, metacommunity °RT is calculated as the arithmetic mean of Oﬁz, OﬁIB, and OﬁIC

(Figure 2.5d),

ORI —_ Ml—q (w70p}4>
= <pA X OﬁIA) + (PB X OﬁIB> + (PC X OﬁIc)

1 1 3 1 15
() () -

which tells us that on average, subcommunities are % representative of the metacommunity.
At ¢ = oo, metacommunity ¢R! is equal to the most conservative species-level component of

representativeness (the sheep in subcommunity A), such that ©R — ooﬁz = theep, A= %

When a fourth subcommunity is added, comprising a new species (a single pig) that is unique
in the metacommunity (Figure 2.6a), this subcommunity becomes the least representative
subcommunity (Figure 2.6¢) since it represents none of the species present elsewhere, and

therefore qﬁID =wp = % for all ¢, and RT drops to qﬁ}j = % as q — 00.

Population Tij Py 9R?

Py L
ﬂ 1.04 1.0 1.0
':;__“)0-8 1 0.8+ i
FriiTeg .‘%)0.6- 05l %
. 0.41 0.4 1
: 2 ’ 0.2 H 0.2+
0.04 I_I 0.0-‘ ] T

co:/vs shéep piz_;s 0 T 1 2” 10 100 )
Species q

1.44 1.4+ 1.4

1.24 1.2 1.2

Figure 2.6: Partitioning representativeness at hierarchical levels of community structure, with an ad-
ditional subcommunity: (a) metacommunity composition, and representativeness calculated at the (b) species,
(¢) subcommunity, and (d) metacommunity levels. As in (a), subcommunities A, B, C, and D are coloured pink,

blue, green, and ochre respectively.
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2.2.6.2 Redundancy (quZ and 7R%)

Subcommunity quz diversity represents the redundancy of the subcommunity within the
metacommunity (Table 2.3), calculated as the weighted power mean of the redundancy of
each individual in the subcommunity. Like o and &, it is a rescaling of q[)JZ by the size of the
subcommunity, w;, and therefore behaves similarly. In particular, it measures the extent to
which the diversity of the metacommunity would be preserved if the subcommunity were to be
destroyed. Redundancy is minimised (with value 1) when the species present in subcommunity
j are not redundant in the metacommunity: that is, if we lost the subcommunity then no

individual in the remaining metacommunity would have any similarity to what was lost.

Metacommunity 9R% is the average redundancy of subcommunities in the metacommunity
(Table 2.3), which is calculated as the weighted power mean of the qp]Zs across subcommunities.
This measure takes a minimum value of 1 in the naive-community case (when there is no
redundancy), and increases as the subcommunities become more alike in their composition —
again, be that through shared species or increased similarity between species. When all N
subcommunities in a metacommunity are identical in size and composition, then its redundancy,

naturally, is V. This is the maximum value of ¢RZ.

Example
Species-level components of the redundancy of subcommunity A (Figure 2.7b) can be simply
calculated, in the naive-type case, as the abundance of species s in the metacommunity

divided by the abundance of species 7 in the subcommunity. More formally, in terms of relative

abundances:
I . (Ip)cows . pCO’LUS _ 6/8 _
Tcows,A * - =1.=0
’ (IPA)cows Pcows,A 1/8
1 (Ip)sheep o pshe€p _ 2/78 _

T : = = =
sheep,A (IPA)sheep Pineep.a 1/8

This means there are 6 times more cows in the metacommunity as a whole, than there are in

Population fij pj R

o
o
o

Diversity
w

|
2 e
T 1
4 0

co;/vs she.ep 0 o 1 2” 10 100 @ O T 1 2” 10 100 )
Species q q

Figure 2.7: Partitioning redundancy at hierarchical levels of community structure: (a) metacommunity
composition, and redundancy calculated at the (b) species, (¢) subcommunity, and (d) metacommunity levels. As
in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The dashed line highlights
the minimum level of diversity.
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subcommunity A. Therefore, if the subcommunity were destroyed, the metacommunity would

still contain 5/6 of the current cow population.

At the subcommunity level (Figure 2.7c), qp§ describes how redundant subcommunity A is of

the metacommunity, which at ¢ = 0 is the arithmetic mean of riow s.A and rghe ep Al

OP}4 =M (P,T},A)

_ I 5 I
= (Pcows,A X rcows,A) + (Psheep,A X Tsheep,A)

= (3x6)+ (3 x2) =4

This value is high when species that have a low ordinariness in subcommunity j have a high
ordinariness across the metacommunity as a whole, and the subcommunity is small. As ¢

increases, q,o§ becomes increasingly more conservative, until a minimum is reached at g = oo,

oo I

where only the least redundant species is considered (i.e. *p = riheep 4 =2).

Since all species in subcommunity C are equally redundant, each comprising half of their

total abundance in the metacommunity, the average redundancy of species in subcommunity

I

C remains constant for all values of ¢ (i.e. %pL, = T cows,C

= Tgheep,c’ = 2). Likewise for
subcommunity B, since qp§ is calculated only with respect to the species present in each
subcommunity, all species are equally redundant (there is only one), and therefore qp]Z is

constant for all values of ¢ (with value 3).

At the metacommunity level (Figure 2.7d), the average redundancy across subcommunities at

q = 0 is calculated as the arithmetic mean of Opa, Op}B, and 0pIC:
'R' = M (“%%il)
= (pA X Opi) + (pB X OPIB> + (pc X OpIc)
= (3xa)+ (4x3)+ (3x2) =2

As g increases, 1R! decreases, until at ¢ = oo only the of the least redundant species, in the

PN

least redundant subcommunity is observed (i.e. Rl = Oopix = rihem 4 =2).

2.2.6.3 Effective number of distinct subcommunities (qBjZ and 9B%)

Subcommunity qBjZ = 1/ap% is an estimate of the effective number of subcommunities in the
metacommunity. To understand this, it is useful to consider 4B%, the average of the ¢ szs, which
is the effective number of completely distinct subcommunities in the metacommunity. Just as
the effective number of distinct species is greatest when distinct species are equally abundant,
the effective number of distinct subcommunities is greatest when distinct subcommunities are

of equal size. Generally, BJZ is an estimate of 9B% based on subcommunity 7, and is high when
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that subcommunity is both distinctive and small. For example, when the subcommunities are
completely distinct (in the naive-community case), 9B% is equal to the Hill number ¢D(w),

and if all of the subcommunities are of equal size then 9B% takes its maximum value of N.

Example
Species-level components of ° BL (Figure 2.8b) — the estimate of the effective number of distinct
subcommunities — are calculated in the naive sense as a ratio of the abundance of species in

the subcommunity to the abundance of species in the metacommunity:

71 _ (IP-A)COWS _ -Pcows,A _ 1/72 _2
cows,A (Ip) ows Deows 6/8 3

BI _ (IPA)sheep _ Psheep,A _ 1/72 _
sheep.A (Ip) sheep psheep 2/8

The subcommunity estimate of the effective number of distinct subcommunities in the

metacommunity (Figure 2.8¢c) is calculated as the inverse of Oﬁﬂ, or:

OB.IA = Mq—l (Pv B},A)
—1

= ((Pcows,A X (biou,s’A)il) + (Psheep,A X (biheep,A)l))

S CEDRICE)ISE

In this case, this is simply due to the way the species-level components are averaged (¢ =0
calculates the arithmetic mean). Since the species-level components are not equal, qB]I reaches
its least conservative value at ¢ = oo (since qB]I- is the inverse of qﬁ%, which is most conservative
at ¢ = 00), i.e. 006}4 = maxl;}j = Biheep,A = 2). On the other hand, subcommunity C
estimates that the metacommunity holds exactly one subcommunity because the relative
abundance of species in subcommunity C exactly equals the relative abundance of species

in the metacommunity (the subcommunity is fully representative of both species in the

metacommunity). This value remains constant for all values of ¢, since Biow sC = theep c=1
a b = c - d

Population by B B*

1.59 1.5+ 1.59
> .
? "_/\--_
Lo 1.0t~ — 10F - -m=== === == .
=
[a]
0.54 0.5+ 0.54
0.04 0.04 0.04
T T T T T ps
cows sheep 0 12 10 100 ® 0 12 10 100
Species q q

Figure 2.8: Partitioning the effective number of subcommunities at hierarchical levels of community
structure: (a) metacommunity composition, and the effective number of subcommunities calculated at the
(b) species, (c) subcommunity, and (d) metacommunity levels. As in (a), subcommunities A, B, and C are
coloured pink, blue, and green, respectively. The dashed line highlights the minimum level of diversity.
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Subcommunity B, on the other hand, has a higher estimate of 06}3 because the sheep are
missing and therefore more subcommunities are needed to create the metacommunity as a
whole. This value remains constant for all values of ¢, as there is only one species present, so

all averages are the same.

At the metacommunity level (Figure 2.8d), the average estimate of the effective number of

subcommunities at ¢ = 0 is calculated as the arithmetic mean of OBJI:

°B'= M4 ('w, OBL)
= (pA X OBL) + (pB X 0@19) + (pc X OBé)
= (3x1)+ (Ix1d)+ (3x1) =14

Both 9B% and 9B?% are different from other measures within the framework in that they
are not monotonic, not necessarily consistently increasing or decreasing with ¢ (e.g. see
Figure 2.8d). At ¢ = oo, B! is calculated as the most conservative value of OOBJI That is,

copl _ i c0gl _oopl _ I N | _
B =min; *f; = BC—maXZbLC—bsheep’C—l

2.2.6.4 Distinctiveness (q,BjZ and 9B%)

Subcommunity qﬁjz diversity measures the overall distinctiveness of a given subcommunity —
or as the reciprocal of quz, the concentration of species within it — or equivalently the average
distinctiveness of each individual within a given subcommunity relative to the metacommunity
(Table 2.3). It takes its maximum value of 1 when quz is minimised. This occurs when
every individual in the subcommunity is completely dissimilar to every individual outside the
subcommunity, so the subcommunity is completely distinct. It is small when the subcommunity
has much in common with the rest of the metacommunity, be that through shared species or
high similarity between species. It can also be understood as a kind of turnover: not in the
traditional sense between adjacent subcommunities, but between subcommunity j and the

rest of the metacommunity.

The average of the subcommunity qﬁjz diversities, ¢BZ%, is a measure of the average distinc-
tiveness of subcommunities in the metacommunity (and lies between 0 and 1). To see the
connection with turnover, consider a naive-type case with each subcommunity containing the
same number of species in equal abundance, and each species present in k subcommunities,
with a fraction !/k changing from one subcommunity to the next ordered along a spatial
gradient. Thus we have a turnover of 1/k along the gradient: and indeed, qﬂjz = 1/k (apart

from at the ends), and B% — 1/k as the number of subcommunities becomes large.
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2.2 HOW TO PARTITION DIVERSITY

Example
The distinctiveness of cows in subcommunity A, in the naive sense, is calculated as the number
of cows in the subcommunity divided by the number of cows in the metacommunity. Which

is written more formally, in terms of relative abundances:

bI . (IPA)cows —_ Pcows,A — 1/_8 1
cows,A (Ip) ows Deows 6/8 6
bI . (IPA)sheep o Psheep,A _ 1/8 _ 1
sheep,A * BY S 2

(Ip)sheep B psheep B 2/8 o2

At the subcommunity level, the distinctiveness of species in subcommunity A at ¢ = 0 is
calculated as the inverse of Opi, or:

06114 = Mq—l (Pv bz{A)

= (<P00w57A X (biows’A)ﬂ) " (Psheep,A y (biheep,A)_l))_l

(B0 + (1x2)) =1

which means that subcommunity A has a distinctiveness of 25%. The distinctiveness of a
subcommunity is greatest when species have a high subcommunity ordinariness, but low
metacommunity ordinariness, and when the subcommunity itself is small. Since ‘16]1- is the
inverse of qp?, which is most conservative at ¢ = oo, the distinctness of subcommunity A is

; _ . copl _ A | _1
least conservative at ¢ = oo (i.e. *°f, = max; bij = bsheep,A =3).

Population by ag?

0.54

0.24

0.1+ 0.14

0.04 0.01
cows sheep 0 12 10 100 ® 0 12 10 100 ®
Species q q

Figure 2.9: Partitioning distinctiveness at hierarchical levels of community structure: (a) metacom-
munity composition, and distinctiveness calculated at the (b) species, (¢) subcommunity, and (d) metacommunity
levels. As in (a), subcommunities A, B, and C are coloured pink, blue, and green, respectively. The dashed line
highlights the minimum level of diversity.
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The arithmetic mean across subcommunities, gives the average distinctiveness of subcommu-

nities at ¢ = 0:
opl _ M, (w’oﬁ—}q)
=M, <w, Oﬂ}4>
= (pa x°8%) + (ps x 85 + (pc x °8L)

_ (1 1 1 1 1 1) _ 19
—<1X1)+(1X§>+<§X§>—@

which tells us that, on average, subcommunities are approximately 40% distinct. As with
4B 9B is not monotonic, not consistently increasing or decreasing with ¢. At ¢ = oo, 1B' is
calculated as the most conservative value of *° ,8]1 (i.e. opl — min; OOBJI- = OO,BJIB = max; bZIB =
b b,

cows,B — 3

2.3 The rdiversity package v1.3.0

All work contained within this thesis was done in R. For this purpose, I developed software —
rdiversity — to provide the necessary functionality and intuitive access to the framework.
This package is published on CRAN. In the following section, a simple example is used to

demonstrate the functionality of this software.

First the package must be installed. This is done in the standard way:

install.packages ("rdiversity")

The package can then be loaded into an instance of R and for this example, a simple meta-
community is generated. To calculate the diversity of this metacommunity, a metacommunity

object must be created. This object contains all the information needed to calculate diversity.

library (rdiversity)

# Generate relative abundances from abundance in Chapter 2 examples
dat <- cbind(c(1,1), c(2,0), c(3,1))

dat <- dat/sum(dat)

colnames (dat) <- LETTERS [1: 3]

row.names (dat) <- c("cows", "sheep")

# Create metacommunity object

mc <- metacommunity (partition=dat)

The metacommunity () function takes two arguments, partition and similarity (assuming
naive-type if similarity is missing), and creates an S4 object of class metacommunity with the

following slots:
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O@type_abundance

@subcommunity _weights

Qtype_weights

@dat_ID

@similarity

Qordinariness

The relative abundance of species within each subcommunities
relative to the metacommunity as a whole; a matrix, P = [P;j]
The relative weights of subcommunities in the metacommu-
nity as a whole; a vector, w = (w1, ..., wy)

The relative weights of species in the metacommunity as a
whole, a vector p = (p1,...,ps)

The type of diversity being calculated

The pair-wise similarity of species within a metacommunity;
a matrix, Z = [Z;y]

The (cached) ordinariness of species within each of the sub-

communities; a matrix, ZP = [Z Pj;]

If the dataset is small enough, the similarity and ordinariness matrices are pre-computed and

stored in the following slots:

@similarity_components

@similarity_parameters

@similarity_parameters

The components necessary to calculate similarity (empty
when precompute_dist = TRUE )

List of parameters associated with converting pairwise dis-
tances to similarities

List of parameters associated with converting pairwise dis-

tances to similarities

If the dataset is too large, then similarity (and ordinariness) are calculated during the diversity

calculation, on the fly, with associated data stored in this slot:

@similarity_components

The components necessary to calculate similarity (empty
when precompute_dist = TRUE )

A metacommunity originating from a phylogeny (see Chapter 4) may contain three additional

slots:

Q@raw_abundance

Q@raw_structure

@parameters

The relative abundance of present-day species (where
@type_abundance is then considered to be ‘historical species’,
see Leinster & Cobbold, 2012); a matrix, P’ = [F/;].

The length of evolutionary history of each ‘historical species’;
a matrix.

Parameters associating the ‘historical species’ to present-day

species.

The inddiv(), subdiv(), and metadiv() functions calculate species-level components, and

subcommunity- and metacommunity-levels diversities, respectively. Each of these functions

take the same arguments:
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data This can be input as a metacommunity object (to calculate
all measures) or as an individual diversity component (to
calculate a single measure).

gs A vector of g-values.

The inddiv() function is used to calculate species-level components. Interestingly, in the plot
below, the species-level gamma component of each species is the same for each subcommunity.
This is because the gamma component of sheep in subcommunity A is calculated as the
inverse of the ordinariness of sheep in the metacommunity as a whole, likewise for sheep in

subcommunities B and C.

library (ggplot2)

# Calculate and plot species-level components at q = O

sp_res <- rdiversity::inddiv(data=mc, qs=0)

# Plot species-level components

ggplot (sp_res, aes(x=type_name, y=diversity, fill=type_name)) +
theme_bw () + geom_bar(stat="identity") +
facet_grid(facets=partition_name~measure) +

labs (x="Species", y="Diversity", fill="Species")

gamma normalised alpha normalised beta normalised rho raw alpha raw beta raw rho

8
64

|l

0-- -- _- -— —— -

.
O_lllIII - ] —

)

Species

@ . cows

. .sheep
_

8

6l

| wl

cows sheep cows  sheep cows sheep cows  sheep cows sheep cows  sheep cows  sheep
Species

Diversity
S

The subdiv() function is used to calculate subcommunity-level diversity. The inddiv(),

subdiv (), and metadiv() functions all produce outputs in the same format as below.

# Calculate subcommunity-level diversity from q = 0 to g = 10
sres <- subdiv (data=mc, qs=0:10)

# Print subcommunity-level results

sres
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# A tibble: 231 x 7

measure q type_level type_name partition_level partition_name diversity
<chr> <int> <chr> <chr> <chr> <fct> <dbl>
1 raw alpha 0 types " subcommunity A 8.00
2 raw alpha 0 types " subcommunity B 4.00
3 raw alpha 0 types " subcommunity C 4.00
4 raw alpha 1 types " subcommunity A 8.00
5 raw alpha 1 types " subcommunity B 4.00
6 raw alpha 1 types " subcommunity C 3.51
7 raw alpha 2 types " subcommunity A 8.00
8 raw alpha 2 types " subcommunity B 4.00
9 raw alpha 2 types " subcommunity C 3.20
10 raw alpha 3 types " subcommunity A 8.00
# ... with 221 more rows

The metadiv () function is used to calculate metacommunity-level diversity.

# Calculate metacommunity-level diversity from q = 0O to q = 10

mres <- metadiv (data=mc, gqs=0:10)

# Plot subcommunity and metacommunity diversities together
ggplot () + theme_bw() + facet_wrap(facets=~measure, scales="free_y") +
geom_line (aes(x=q, y=diversity, colour=partition_name), sres) +
geom_line (aes(x=q, y=diversity), mres,
linetype="dashed", colour="black") +

labs(x="q", y="Diversity", colour="Subcommunity")
gamma normalised alpha normalised beta
2.00 184
2.4
1.754
s 1.64
N
2.01 1.50 4 AN 1.4
~ ~
N R e e
1.004 1.0 -
normalised rho raw alpha raw beta
1.0 8 0.50 A
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2091 ~o 7 0.45
‘P 0.8 S 61 040 = === > === o __ — A
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0.64 il == 0.301 ¢
i IE———— A
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For advanced functionality and detailed examples, see https://github.com/boydorr/rdiversity.
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2.4 CONCLUSION

2.4 Conclusion

Reeve et al.’s (2016) framework of similarity-sensitive diversity measures is able to quantify the
compositional variation present in a community from multiple perspectives and sensitivities.
Using a simple caricature metacommunity, each of these measures were able to pick out
distinguishing features for each subcommunity. In the simplest case, subcommunity Oo’%
correctly identified the presence of a single species in subcommunity B. Whereas the diversity
profile plot from qdﬁ showed an evenly distributed subcommunity comprising two species.
Subcommunity C comprised exactly half of each species in the metacommunity, which was

identified from the redundancy profile, qu.

More generally, the subcommunity measures allow subcommunities with high inherent diversity
to be identified, per individual or overall (qajz and qo_zjz), with high distinctiveness or that
are very redundant in the metacommunity (qﬁjz or quz ), ones that are representative of large
or only small, distinct parts of the metacommunity (qBjZ and qﬁjz), and ones with strong

per-individual influence on metacommunity diversity (q"yjz). Metacommunity gamma diversity
Z
J
of diversity for an undivided group, while the other metacommunity and subcommunity

(G%) and normalised subcommunity alpha diversity (a%) are equivalent to the usual notions

diversity measures in Tables 2.1, 2.3, and 2.2 are novel.

These measures all depend on the parameter ¢ and the simple examples presented in this
chapter highlight the benefits of calculating a diversity profile. Rather than having to select
a single measure of diversity (e.g. Shannon diversity) and justify that choice, we can look
at the whole profile of measures simultaneously and determine the result more generally
than would be possible from a single diversity measure (see Hill, 1973; T6thmérész, 1995;
Leinster & Cobbold, 2012). Reeve et al.’s (2016) framework incorporates this concept for
all measures of alpha, beta, and gamma. In particular, the exact interpretation of quz as
the redundancy of subcommunity j varies with ¢ (and similarly for qﬁjz, qBjZ and qﬁJZ. For
instance, it may be useful to ask what it means for the redundancy of a subcommunity to
achieve the minimal possible value, 1. When ¢ = 0, anti-conservatively, this means that no
species present in the subcommunity can be found anywhere else in the metacommunity,
whereas at ¢ = 0o, conservatively, it is sufficient for the subcommunity to have just one species

not found anywhere else.

In the next chapter, I will investigate the diversity measures in a series of real-world examples,
examining what diversity signals can be extracted from a set of previously studied datasets to

understand their power to extract meaningful signals from data.

Acknowledgements: Derivation of similarity-sensitive diversity framework and some of
the explanatory text for individual diversity measures have been taken from joint work with

my supervisors (Reeve et al., 2016).
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Chapter 3

Case studies

‘[The] key question we should ask of a diversity metric is: does it measure the
thing we are biologically interested in?’
— Ricotta (2010)

3.1 Abstract

In this chapter, three empirical case studies comprising several distinct problems were selected
to examine the power and versatility of the family of similarity-sensitive diversity measures
described in Chapter 2. These case studies were chosen to showcase disparate problems in
distinct fields that can benefit from diversity analysis, each requiring very different signals to
be detected. The overarching challenge was to determine whether the framework could be
usefully applied to these very different datasets. And to this end, the framework is validated
by identifying recognisable features of the populations being studied and comparing them to
known results. The first case study illustrates the utility of these measures in a familiar setting,
that of tree diversity in Barro Colorado Island, whilst each of the subsequent case studies
applies new measures of beta diversity to less typical problems, to investigate population

demographics and antimicrobial resistance.

Diversity measures are commonly used in ecological analyses of biodiversity. The first case
study uses Reeve et al.’s (2016) framework to evaluate the compositional structure of the
Barro Colorado Island (BCI) Forest dynamics plot. The framework enables us to detect
areas of forest disturbance and a swamp, which has unique plant types. The second case
study examines the population demographics of England and Wales from 2001 census data,
where subcommunity representativeness (qﬁjz) is used to identify towns with unusual age
distributions such as the university town Keele. Finally, the third case study investigates
the transmission of antimicrobial resistance (AMR) in sympatric human and animal host
populations, where measures of subcommunity redundancy (1p%) and distinctiveness, (qﬁjz)

J
are used to detect emerging resistance in host populations.

44
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3.2 Case study: Investigating the spatial and temporal bio-
diversity of the Barro Colorado Island Forest dynamics

plot

3.2.1 Introduction

The Barro Colorado Island (BCI) Forest dynamics plot is a permanent 50 ha plot (1000 m X
500m) of moist seasonal old-growth forest, established in 1980 by Steve Hubbell and Robin
Foster at the Smithsonian Tropical Research Institute’s field station on Barro Colorado Island,
central Panama (Condit, 1998; Hubbell et al., 1999). The island itself' has been a biological
reserve and laboratory since 1923, providing 95 years of historical data on the biotia, climate,
and geology of the island. Consequentially, many scientific papers have been published on
these data?, with topics ranging from the maintenance of tree diversity (Hubbell et al., 1990;
Condit et al., 2012a) to the impact of climate change (Condit et al., 1996; Feeley et al., 2011;
Condit et al., 2017b).

The BCI dataset is well suited to investigate diversity measures. Over the last 37 years, 8
complete inventories of the BCI Forest dynamics plot have been recorded at approximately
5-year intervals (in 1981-83, 1985, 1990, 1995, 2000, 2005, 2010, and 2015). Data comprises
all free-standing woody individuals (hereafter referred to as trees, although palms and shrubs
are also included in the dataset) within the 50 ha site, having at least one stem > 1cm in
diameter at least 1.3 m from ground level. Over 350,000 individual trees have been censused.
The species’ identity and spatial x-y coordinates of individual trees were originally collected
with the support of the Center for Tropical Forest Science (CTFS) of the Smithsonian Tropical
Research Institute (Condit et al., 2012b, 2017a). The BCI study site is relatively uniform,
consisting almost entirely of well-drained upland soil. However, variation does exist: Harms
et al. (2001) identifies six unique habitats from the 1990 census (see also Condit, 1998). The
most distinct habitat is a seasonally inundated 1.5 ha swamp (recorded at the end of the wet

season in 1992), which is surrounded by low-lying plateau (Figure 3.1).

The aim of this case study is to illustrate the properties of Reeve et al.’s (2016) framework of
measures, by extracting signals in the data corresponding to regions of interest within the
BCI study site. Variation in biodiversity is examined across space and time, first discounting
similarity between species (to highlight the utility of each measure), and then by incorporating
Shimatani’s (2001) measure of taxonomic similarity (hereafter referred to as ‘taxonomic

diversity’).

LA former hilltop, the Barro Colorado Island became an island when the Chagres River was dammed

in the creation of the main reservoir for the Panama Canal, Gutan Lake (Hubbell & Foster, 1992).
2Hubbell & Foster (1992) report that 1500 were published as of 1992
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Figure 3.1: Distribution of habitats in the Barro Colorado Island Forest dynamics plot: adapted from
Fig.1, Kanagaraj et al. (2011). Map shows the 50 ha plot (1000 mx500m) divided into 20 mx20m quadrats. Six
distinct habitats were identified from the 1990 census. The remaining 66 quadrats that could not be unambiguously

assigned are designated as ‘Mixed’ habitat.
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3.2.2 Methods

Spatial diversity

To assess the spatial diversity, the first census (1981/82) of the BCI Forest dynamics plot was
examined, within which a mean of 188.24 trees (SD = 40.87) and 54.05 species (SD = 9.63)
were recorded per quadrat. All trees contained within the 50 ha plot were considered to form
a single metacommunity, which was partitioned into subcommunities defined as 20m x 20m
quadrats, where N = 1250 (though a range of other grid sizes were also assessed). Figure 3.2

shows the abundance of trees in each quadrat.

In the simplest case, subcommunity-level diversity measures were used to investigate the
biological variation of each quadrat in the study site. These measures calculate: the effective
number of tree-species (q@b, an estimate of naive-community metacommunity diversity (qo%),
the contribution per tree toward metacommunity diversity (q'y]I-), representativeness (qﬁ§),
redundancy (q,o}), an estimate of the effective number of distinct subcommunities (qﬁ_jl), and
distinctiveness (‘15]1-). The spatial diversity of the BCI dataset was calculated in the naive-type
case (Z = 1), treating each species as completely distinct, and therefore allowing the utility of

each measure to be examined with greater clarity. In order to fully discern the variation in
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Figure 3.2: Tree abundance of the Barro Colorado Island Forest plot 1981/82 census: Coloured

according to the number of trees per 20m x 20 m quadrat across the 50 ha site.

community composition, each subcommunity measure was calculated at ¢ € {0, 1,2, 00} and

these results were combined to expose a complete description of the dataset.

Since groups of trees separated by family and genus intrinsically contain more diversity than
those differing only by species, taxonomic spatial diversity was then calculated using taxonomic
distance measures defined by Shimatani (2001). In this way, species and phenotypic diversity
are combined to reveal a more accurate representation of subcommunity structure. Since
species are classified into hierarchical taxonomic groups (based on characteristic similarities)
pairwise taxonomic distance can be easily defined, as d;; = 0 when individuals belong to the
same species, d;z = 1 when they belong to the same genus but different species, d;;y = 2 when
they belong to the same family but different genera, d;; = 3 if they belong to the same order!
but different families, and d;;; = 4 otherwise. These distances were converted into pairwise
similarities, Z;;, and arranged as a similarity matrix Z = [Z;;/] (hereafter denoted Zz,,  to
describe tazonomic similarity). Similarity was transformed such that Z;;; = 1 — (d; /4), so:
Z;i» = 1 for conspecifics (when they belong to the same species), Z;» = 0.75 when they belong
to the same genus, Z;;» = 0.5 when they belong to the same family, Z;;; = 0.25 when they belong
to the same order, and Z;;; = 0 otherwise. Shimatani’s taxonomic diversity can be recovered
from Reeve et al.’s (2016) framework by calculating q'yjzt‘”” when ¢ = 2. However, as shown
previously, higher values of ¢ place more emphasis on their most conservative values (or least
conservative in the case of qB]I- and qB]I-). Therefore here, taxonomic subcommunity diversities
are calculated at ¢ = 1: the effective number of tree-species (q&jzt‘“”), the contribution per
tree toward metacommunity diversity (q’yjz’f”), representativeness (qﬁjzt‘”)

(qﬁjzt‘“"). As a default, ¢ = 1 is used when there is no strong reason for another choice, as

, and distinctiveness

it corresponds to Shannon (1948) entropy and relative entropy Kullback & Leibler (1951),
which are the most studied of the Rényi (1961) entropies.

Temporal diversity
By combining data across multiple time points, the dataset can be re-partitioned in such a
way as to reveal the biological variation of each quadrat from a temporal perspective, and

thus describe how the forest has changed over time. The 50 ha plot was again partitioned

!Shimatani (2001) used ‘subclass’, which is substituted for ‘order’ here, due to the data available
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into 20m x 20m quadrats. In this case, a subcommunity was defined as a single quadrat
at a single point in time, whereas a metacommunity was defined as a single quadrat over 8
time points (subcommunities), each corresponding to a single census (1981-82, 1985, 1990,
1995, 2000, 2005, 2010, and 2015). Metacommunity BT diversity (the average distinctiveness
of subcommunities) is indicative of a high turnover in species composition over time. This
measure was calculated to reveal temporal changes in biological diversity within each quadrat.
Results were plotted as a 2-dimensional heat map to allow each grid location to be compared

across the BCI study site.

3.2.3 Results and discussion
3.2.3.1 Spatial diversity - varying grid size

Subcommunity diversity was examined at a range of grid sizes to determine the optimal
resolution for subsequent analyses. Representativeness is calculated at ¢ = 1 in the naive-type
case (! ﬁﬁ-), and compared at different spatial resolutions by partitioning the study site into
N € {50,200, 1250, 5000, 20000} quadrats. Values are plot with a standardised colour gradient

in Figures 3.3a through 3.3f to show how representativeness changes as grid size is decreased.

From sampling theory, we know that classical measures of alpha diversity approach gamma
diversity as quadrats increase in size and sampling resolution decreases (Tuomisto, 2010b). It
follows then that, subcommunity representativeness (which takes a maximum value of one
when the distribution of tree-species in a subcommunity is the same as the metacommunity
as a whole) should also increase when spatial resolution is low. When quadrats are large
(or few in number), their species distribution more closely matches that of the study site
as a whole (as in Figures 3.3a & 3.3b), converging to complete representativeness when the
metacommunity is undivided. In other words, as spatial resolution decreases, it is more difficult
to delineate regions of interest as they are averaged across the metacommunity. Therefore,
the lower the spatial resolution, the more uniform the metacommunity appears, as regions

(and subcommunities) of interest are diffused.

When examined in greater detail (at higher spatial resolutions), each quadrat is much less
representative of the study site as a whole. This is likely due to each quadrat comprising a
smaller fraction of the total population and higher heterogeneity (at this resolution). The
higher the spatial resolution, the more structural variation in species composition is revealed.
In the most extreme case however, it is increasingly difficult to discern any region of interest,
since each quadrat is equally interesting (Figure 3.3f). At this scale, all of the quadrants are
unrepresentative of the metacommunity, but no single quadrant stands out as being the least
representative. When scaled appropriately, interesting small-scale features can be identified.

For example, 37 quadrats are found to be completely empty (coloured pink Figure 3.3g), 32
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of which are in or near the swamp (Figure 3.3h). For the purposes of this case study, this
kind of detail is unnecessary. Nevertheless, the exceptional resolution of this dataset allows
each measure of diversity to be examined without concern about sampling error. For partially
sampled plots, particular care should be taken when selecting an appropriate spatial resolution

as unusual areas may be due to stochastic sampling effects (see Chapter 5).
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Figure 3.3: Heatmap showing the naive-type spatial representativeness of the Barro Colorado
Island Forest plot 1981/82 census: Figures are coloured according to the representativeness (subcommunity
1 ﬁz) of each quadrat across the 50 ha site, where quadrats are sized: (a) 500m x 500m, (b) 100m x 100m,
(¢) 50m x 50m, (d) 20m x 20m, (e¢) 10m x 10m, and (f) 5m X 5m on a standardised colour scale. Arrows
indicate regions of interest. Colours are rescaled for maximum contrast in figures (g) 5m X 5m and (h) 5m x 5m,
which expands the red box. In figure (h), 32 quadrats within the swamp (37 across the study site as a whole) are
found to be completely devoid of trees (shaded pink).
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In summary then, the BCI Forest dynamics plot is a fully sampled dataset, which allows
the study site to be examined at an exceptionally high resolution. Intrinsically, when grid
sizes are too large, it is difficult to pinpoint the precise location of any regions of interest
(Figures 3.3a & 3.3b). Conversely, when grid sizes are too small, it is difficult to identify clear
features of subcommunity structure amongst the variation (Figures 3.3e & 3.3f). Therefore,
a resolution of 20m x 20m was selected as being useful for further analysis (Figure 3.3d).
At this scale, there are two areas (highlighted with arrows) that have low representativeness,
which suggests that the distribution of the species at these sites differs from what is observed
across the whole plot — a swamp in the centre-left and an area comprising invasive species in
the top-left corner (Rick Condit, personal communication). The significance of these results is

discussed in more detail later in this chapter.

3.2.3.2 Spatial diversity - varying the ¢ parameter

To observe community assembly across the study site, subcommunity diversity measures were
calculated at each 20m x 20m quadrat for ¢ € {0,1,2, 00} with similarity defined in the

naive-type case (where species are considered to be completely distinct, i.e. Z = 1I).

Normalised subcommunity alpha, qo‘z}

The simplest and most commonly used measure of diversity is Whittaker’s alpha diversity,
which is the mean species diversity (effective number of species) per subcommunity, and can
be calculated using metacommunity ?AY. The constituent components of this measure can be
quantified using subcommunity qo‘z}, which measures the effective number of species in each
subcommunity in isolation (qd}, Figure 3.4). This value depends on how many species are
present and their relative abundance, but is highest when a subcommunity contains a large

number of species that are evenly distributed.

Species richness is calculated at ¢ = 0, which reveals that the swamp contains noticeably fewer

species than the surrounding areas (05%, Figure 3.4a). Averaging across subcommunities, that

I
swamp

However, at higher values of ¢, where qo’% is less sensitive to species of low abundance, the

is ‘& = 37.04 in the swamp compared to Odgorest = 54.43 across the surrounding forest.

effective number of species within the swamp is comparable to that of the surrounding area (1o7§

to Ood}, Figure 3.4b - 3.4d), where the effective number of species drops to 1d§wamp = 24.33,
20l amp = 16.39, and *°al . = 6.62 for the swamp, and 'af . = 28.00, 2af, . = 15.78,
and Ood%orest = 6.03 for the surrounding forest. From these results, it is clear that the swamp

has a much more even distribution of species than the surrounding forest, since the drop in
the effective number of species as ¢ increases is much less. In the upper-left corner of the
study site there is another region of interest (see Figure 3.3d). Here, as ¢ increases qa} drops

quite considerably, indicating that this area contains a skewed distribution of species.
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Figure 3.4: Heatmap showing the naive-type spatial q&§ diversity (normalised) of the Barro Col-
orado Island Forest dynamics plot during the 1981/82 census: Figures are coloured according to the the
21
@

inherent biodiversity of each 20m X 20m quadrat across the 50 ha site, showing: (a) Odg., (b) 1&;., (c) “a;, and

(d) >~al.

I
J
Raw subcommunity alpha diversity is high when the subcommunity is diverse (in the & sense),

Raw subcommunity alpha, Y«

but also when it is only a small fraction of the metacommunity. The high values of qa% in the
swamp (qoz§, Figure 3.5) is therefore not surprising, since the swamp contains considerably
fewer trees than anywhere else (tree count, Figure 3.2), yet a comparable number of species
(%7%, Figure 3.4).

Subcommunity gamma, q”yJI.

Subcommunity gamma diversity calculates the average contribution of each individual in a
subcommunity toward the diversity of the metacommunity. This is high when a subcommunity
contains species that are rare across the metacommunity as a whole. At ¢ = 0, four quadrats
are identified as contributing most strongly to the diversity of the metacommunity (O’yJI-,
highlighted in Figure 3.6). To identify which species are responsible for these high values
of Ofyjl-, the weighted species-level components of gamma diversity (Pijgilj) are calculated
for each of these subcommunities (Figure 3.7). These results show that the high values of
0,),]1 found at grid coordinates (350, 270), (270, 290), (450, 290), and (130, 350) are most
strongly influenced by Maclura Tinctoria, Chimarrhis Parviflora, Ficus Mazima, and Pavonia
Dasypetala, respectively. Then unsurprisingly, examining the spatial distribution of each of
these species highlights their rarity across the BCI study site as a whole (Figure 3.8, where

crosses indicate the original subcommunities).
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Figure 3.5: Heatmap showing the naive-type spatial qa§ diversity (raw) of the Barro Colorado
Island Forest dynamics plot during the 1981/82 census: Figures are coloured according to the estimate of
naive-community metacommunity diversity of each 20m x 20m quadrat across the 50 ha site, showing: (a) Oa;-,

(b) 1a§, (c) 2a§-, and (d) °°a§.
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Figure 3.6: Heat map showing the naive-type spatial ‘I”y; of the Barro Colorado Island Forest
dynamics plot during the 1981/82 census: Figures are coloured according to the subcommunity contribution
toward metacommunity diversity of each 20m X 20m quadrat across the 50 ha site, showing: (a) OnyI., (b) lnyI,
(c) 291, and (d) *41.

52



3.2 CASE STUDY: INVESTIGATING THE SPATIAL AND TEMPORAL
BIODIVERSITY OF THE BARRO COLORADO ISLAND FOREST DYNAMICS

PLOT

Species

grid (350, 270)

arid (270, 290)

grid (450, 290)

grid (130, 350)

Alchornea costaricensis -
Alibertia edulis -

Alseis blackiana -
Annona acuminata -|
Apeiba membranacea -
Astrocaryum standleyanum -
Attalea butyracea -
Bactris coloradonis -
Bactris major -

Banara guianensis -
Beilschmiedia pendula -
Capparis frondosa -
Casearia aculeata -
Casearia arborea -
Cassipourea elliptica -
Cecropia longipes -
Cestrum megalophyllum -
Cestrum racemosum -
Chimarrhis parviflora -
Chrysophyllum argenteum -
Chrysophyllum cainito -
Coccoloba coronata -
Coccoloba manzinellensis -
Cordia bicolor -|

Cordia lasiocalyx -
Cupania rufescens -
Cupania seemannii -
Desmopsis panamensis -
Elaeis oleifera -|

Faramea occidentalis -
Ficus citrifolia -

Ficus costaricana -

Ficus maxima -

Ficus pertusa -

Ficus popenoei -
Garcinia intermedia -
Guarea bullata -

Guarea guidonia -
Guatteria dumetorum -|
Guettarda foliacea -|
Gustavia superba -
Hamelia axillaris -
Hamelia patens -
Hampea appendiculata -
Hasseltia floribunda -|
Herrania purpurea -
Hieronyma alchorneoides -
Hirtella triandra -
Hybanthus prunifolius -
Inga cocleensis -

Inga goldmanii -

Inga laurina -

Inga marginata -

Inga nobilis <

Inga thibaudiana -

Inga umbellifera -
Jacaranda copaia -
Jacaratia spinosa -
Lacistema aggregatum -
Lacmellea panamensis -
Lafoensia punicifolia -
Leandra dichotoma -|
Lindackeria laurina -|
Lonchocarpus heptaphyllus -
Luehea seemannii -
Maclura tinctoria -
Malpighia romeroana -
Magquira guianensis -
Miconia affinis -|
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Miconia argentea
Miconia dorsiloba
Miconia hondurensis
Miconia nervosa
Miconia prasina
Mosannona garwoodii
Mouriri myrtilloides
Nectandra cissiflora
Nectandra purpurea
Ocotea cernua

Ocotea whitei
Oenocarpus mapora
Oreopanax capitatus
Ouratea lucens
Palicourea guianensis
Pavonia dasypetala
Pentagonia macrophylla
Perebea xanthochyma
Piper cordulatum

Piper longispicum

Piper reticulatum
Platymiscium pinnatum
Poulsenia armata
Pouteria reticulata
Protium panamense
Psychotria brachiata
Psychotria grandis
Psychotria horizontalis
Psychotria psychotriifolia
Pterocarpus officinalis
Pterocarpus rohrii
Quararibea asterolepis
Quassia amara

Randia armata
Rauvolfia littoralis
Sapium glandulosum
Senna dariensis
Simarouba amara
Siparuna cristata
Siparuna guianensis
Socratea exorrhiza
Solanum asperum
Sorocea affinis
Spondias mombin
Spondias radlkoferi
Sterculia apetala
Stylogyne turbacensis
Swartzia simplex
Swartzia simplex var.grandiflora
Swartzia simplex var.ochnacea
Tabebuia rosea
Tabernaemontana arborea
Tachigali versicolor
Talisia princeps
Terminalia amazonia
Tetragastris panamensis
Tetrathylacium johansenii
Trattinnickia aspera
Trema integerrima
Trema micrantha
Trichilia pallida

Trichilia tuberculata
Triplaris cumingiana
Vasconcellea cauliflora
Verbesina gigantea
Virola sebifera

Vismia baccifera
Vismia billbergiana
Vismia macrophylla
Zanthoxylum ekmanii

grid (350, 270)

grid (270, 290)

grid (450, 290)

grid (130, 350)
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Figure 3.7: Histogram of Pijg}j (the weighted species-level component of gamma diversity) of each

species in the four subcommunities that contribute most to the diversity of the Barro Colorado

Island Forest dynamics plot (highest 0'yjl.): These subcommunities are highlighted (with crosses) in Figure

3.6a.
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500 500
400 400
|
300+ 300
o X
200+ 200
100 100
0 T T T T 0 T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
c Ficus maxima d Pavonia dasypetala
500 - 500
|
400+ ™ 400
X
300+ = 300+
200+ 200
100+ u u u 100
|
|
0 T T " T 0 T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00

Figure 3.8: Heat map showing the distribution of (a) Chimarrhis Parviflora, (b) Lafoensia Punicifolia,
(¢) Maclura Tinctoria, and (d) Pavonia Dasypetala across the Barro Colorado Island Forest dynamics
plot: Figures are coloured according to P,-jg}]- within each 20m X 20 m quadrat across the 50 ha site. The crosses
highlight the location of each of the five subcommunities with the highest U'yJI- values, whilst each species distribution
corresponds to the species within those subcommnuities with the highest P;; ggj values.

At ¢ = 1, when ‘WJI- is weighted exactly by the relative abundance of each species in each
subcommunity, both the swamp and the two quadrats in the top-left corner are identified as
being of interest (17]1-, Figure 3.6b). Though sparsely populated (tree count, Figure 3.2) and
comprising a lower species richness than the surrounding areas (0d§, Figure 3.4a), the swamp
contains a greater proportion of species that don’t exist in the surrounding metacommunity
compared to the rest of the BCI forest plot, and therefore contributes strongly to the diversity
of the study site. Likewise, the top-left corner, whose tree-abundance (tree count, Figures
3.2) and species richness (Odg, Figure 3.4a) is comparable to the surrounding area, contains
species that are rare across the metacommunity as a whole, and therefore contributes strongly
to metacommunity diversity. At ¢ = 2, q*y]I- is the inverse of the encounter rate between
conspecifics in the subcommunity and the metacommunity (see also, Section 1.2.4). Therefore,
higher values of Q’y} in the swamp (and top-left corner) means that when one individual is
sampled from the swamp, it is unlikely to be of the same species than another individual

sampled from elsewhere in the metacommunity (27;, Figure 3.6¢).

As g increases, q’y]I» becomes more conservative, as species that are common to the metacom-
munity (that contribute a much smaller fraction to the diversity of the metacommunity) are
weighted more strongly. At ¢ = oo, the swamp contrasts strongly against the rest of the study
site (OOVJI-, Figure 3.6d). These subcommunities are referred to as swamp subcommunities in

subsequent analyses. Examining the relevant species-level components (arg min; g;;) from each
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subcommunity reveals that Bactris major and Hybanthus prunifolius contribute least to the
diversity of the study site in the swamp and surrounding forest, respectively. Unsurprisingly
then, each species is well distributed across their respective areas (Figure 3.9). Interestingly,
the opposite is true for qa} (Figure 3.4), where as ¢ increases the swamp boundary becomes
more difficult to discern. This is because qd§ is determined from the relative abundance of the
species within each subcommunity in isolation (and therefore Ooo_% considers only the most
common species in subcommunity j), whilst q%l' takes into account the relative abundance of
species across the metacommunity as a whole (such that OOWJI. only considers the species in

subcommunity j that is most common in the metacommunity).

a Bactris major b Hybanthus prunifolius
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Figure 3.9: Heat map showing the distribution of (a) Bactris Major and (b) Hybanthus Prunifolius
across the Barro Colorado Island Forest dynamics plot: Figures are coloured according to the number of
individuals within each 20m x 20 m quadrat across the 50 ha site.

Representativeness (4 ﬁg)

Normalised subcommunity rho diversity is a measure of representativeness, or of how much
the proportional abundance of species within each subcommunity represents the distribution
of those same species across the metacommunity as a whole (Figure 3.10). At ¢ =0, ¢ ﬁ§

is calculated as the arithmetic mean of species representativeness (F}j), which is equal to
the proportion of individuals in the metacommunity that have any representation in the
subcommunity j at all. Figure 3.10a shows that the composition of species within the swamp
is unrepresentative of the composition of species across the wider metacommunity. On average,

= 0.340), whereas 56% is

34% of the metacommunity is represented by the swamp (Oﬁgwamp

represented by the area in the top-left corner (Oﬁ%op loft = 0.561).

At ¢ = 1, representativeness decreases such that on average only 9% of the metacommunity
is represented by the swamp and 2% is represented by the top-left quadrats (Figure 3.10b).
Since qﬁ} is low when species within a subcommunity are rare or absent across the rest of the
metacommunity, it is reasonable to say that the species contained within the swamp (and
the top-left corner) exist in much lower abundances throughout the rest of the study site. At
q = 2, the swamp is even less representative of the surrounding forest and is therefore more
difficult to delineate (Figure 3.10c), and at ¢ = oo it is no longer possible to distinguish the
swamp from the surrounding area (Figure 3.10d); likewise, the area in the top-left corner.

At this value of ¢, the least representative species in the metacommunity is identified at the
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grid cell with centre (510, 190) as Vismia Macrophylla (Figure 3.11a). The usefulness of this
measure decreases in subcommunities with higher representativeness, for example the least
representative species in the most representative subcommunity turns out to be Coccoloba

Manzinellensis in grid (350, 270), which might be of minimal interest (Figure 3.11b).
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Figure 3.10: Heat map showing the naive-type spatial qﬁ} of the Barro Colorado Island Forest
dynamics plot during the 1981/82 census: Figures are coloured according to the representativeness of
species within each 20m x 20 m quadrat across the 50 ha site, showing: (a) Oﬁ§, (b) 1ﬁ§, (c) 2/3}, and (d) °°ﬁ§.

a Vismia macrophylla b Coccoloba manzinellensis
500 500
400 400
300 300
200 200
100 100
0 0
0 200 400 600 800 1000 0 200 400 600 800 1000
| - .
000 025 050 075  1.00 0 2 4 6
Figure 3.11: Heat map showing the distribution of the least representative species at ¢ = oo,

from the least representative and most representative subcommunities across the Barro Colorado
Island Forest dynamics plot: (a) Vismia Macrophylla and (b) Coccoloba Manzinellensis. Crosses highlight
the postition of (a) the most representative subcommunity, at grid coordinates (510, 190), and (b) the least
representative subcommuntiy, at (350, 270). Figures are coloured according to the number of individuals within
each 20m X 20m quadrat across the 50 ha site, which in (a) is either 0 or 1.
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Redundancy (qpi)

Raw subcommunity rho diversity describes the redundancy of species within a subcommunity
(Figure 3.12) — a measure of the capacity of the metacommunity to replicate the distribution
of species within each subcommunity. As ¢ increases, ¢ p§ becomes less conservative as focus

shifts toward species of high distinctiveness (since ¢ p§ = 1/agl).

At ¢ =0, when qp} is calculated as the arithmetic mean of species redundancies (r}j), the most
redundant subcommunities are found near the swamp (Figure 3.12a), indicating that these
subcommunities contain species that are common throughout the rest of the metacommunity.
Given that the swamp is also primarily responsible for the greatest contribution to the diversity
of the study site (Figure 3.6), it may be inferred that the areas of high redundancy in the
swamp must be due to the presence of a low abundance of species that are common to the
surrounding BCI forest plot. This is confirmed at ¢ = 1, where the swamp (and the two
quadrats in the top-left corner of the study site) appears comparatively less redundant than
the surrounding forest (Figure 3.12b). At this value of ¢ less weighting is given to the most
redundant species in each subcommunity (species-level components are weighted exactly by

their subcommunity-abundance). Likewise for ¢ = 2 (Figure 3.12c).

At g = 00, only the least redundant (or most distinct) species in each subcommunity is captured
by the weighting (Figure 3.12d). That is, species that are common within the subcommunity,
but rare across the metacommunity as a whole. To illustrate this, Figure 3.13 maps the
spatial distribution of the least redundant species in the subcommunity with the highest °°p§,

and 1 of the 22 subcommunities with the lowest “p}, which each have a redundancy of one.
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Figure 3.12: Heat map showing the naive-type spatial qp§ of the Barro Colorado Island Forest

dynamics plot during the 1981/82 census: Figures are coloured according to the redundancy of species
within each 20m x 20m quadrat across the 50 ha site, showing: (a) Opg-, (b) lpg-, (c) 2,0}, and (d) °°p§-.
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The largest value of °°p§ is measured in the quadrat located at grid coordinates (510, 190),
corresponding to the species-level redundancy of Coccoloba Manzinellensis (Figure 3.13a).
Given that Coccoloba Manzinellensis is quite well distributed across the study site, grid (510,
190) must not contain any particularly rare species. Conversely, the lowest value of p§ is
measured in grid (990, 290), which equals the species-level redundancy of Annona Hayesii, a

species unique to this subcommunity (Figure 3.13b).

a Coccoloba manzinellensis b Annona hayesii
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Figure 3.13: Heat map showing the distribution of (a) Coccoloba Manzinellensis and (b) Annona
Hayesii across the Barro Colorado Island Forest dynamics plot: Figures are coloured according to the

number of individuals within each 20m x 20m quadrat across the 50 ha site. The crosses highlight the location
I
ij
for Coccoloba manzinellensis in grid coordinates (510, 190) and Annona hayesii in grid (990, 290), respectively.

of the subcommunity with the (a) highest and (b) one of the joint equal lowest values of °°p§, where °°p§. =r

The effective number of subcommunities (‘JBJI)

Subcommunity ‘16]1» — the inverse of qﬁ§ — is an estimate of the effective number of distinct
subcommunities in the metacommunity (Figure 3.14). This value is high when the average
representativeness of species within a subcommunity is low. At ¢ = 0, only the swamp
is identified as having high qB]I- compared to the rest of the study site, with a maximum
effective number of 4.778 distinct subcommunities and an average of 3.095, compared to
1.401 in the surrounding forest (Figure 3.14a). Since the estimate of the effective number of
distinct subcommunities like those in the swamp is relatively high, the species within these
subcommunities must be, on average, quite distinct. At ¢ = 1 and ¢ = 2, the upper-left corner
is also identified as having a high value of qB]I- (Figures 3.14b & 3.14c). Since as ¢ increases,
qB]I weights less representative species more strongly, the area in the top-left corner must

contain a higher abundance of rare species than the swamp.

At g = oo, qB]I- reaches its least conservative value, which for each subcommunity, is calculated
as the highest species-level estimate of the effective number of subcommunities. In other
words, the least representative species in each subcommunity (species with high subcommunity
abundances but low metacommunity abundances). The four subcommunities with the highest
values of *° ,6§ are highlighted in Figure 3.14d and as expected, the spatial distribution of each
species is unrepresentative of the BCI study site as a whole, since they each only exist in a

single quadrat (Figure 3.15).
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Figure 3.14: Heat map showing the naive-type spatial qB]I. of the Barro Colorado Island Forest

dynamics plot during the 1981/82 census: Figures are coloured according to the effective number of sub-
communities in each 20m X 20m quadrat across the 50 ha site, showing: (a) OB]I-, (b) 15]1, (c) 2@, and (d) °°B§
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Figure 3.15: Heat map showing the distribution of (a) Vismia macrophylla, (b) Ficus bullenet,

(c) Bertiera guianensis, and (c) Protium confusum, and across the Barro Colorado Island Forest

dynamics plot: Figures are coloured according to the number of individuals within each 20m x 20 m quadrat

across the 50 ha site. The crosses highlight the locations of the four subcommunities with the highest > BJI values.

59



3.2 CASE STUDY: INVESTIGATING THE SPATIAL AND TEMPORAL
BIODIVERSITY OF THE BARRO COLORADO ISLAND FOREST DYNAMICS
PLOT

Distinctiveness (q,BJI)

Subcommunity qB]I — the inverse of qp} — describes the average distinctiveness of species in
each subcommunity relative to the metacommunity (Figure 3.16), which is high when qp§ is
low. That is, when a subcommunity contains a large number of individuals whose species

have a low metacommunity-abundance.

Overall, qBJI is highest in the top-left corner of the study site, and low in the swamp and
surrounding areas. The distinctiveness of the swamp is low despite the low representativeness
(Figure 3.10) due to the relatively low abundance of trees in this area (Figure 3.2). Whereas
the distinctiveness of the surrounding areas is low because few rare species reside there. As
q increases, focus is increasingly placed on species of high redundancy (species with low
subcommunity-abundance and high metacommunity-abundance). At ¢ = oo, only the most
redundant species in each subcommunity is considered. The darkest quadrats therefore, are

weighted only by their most redundant species.
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3.2.3.3 Taxonomic diversity

In contrast to the naive-type case, where species are considered completely distinct from
one another, taxonomic diversity measures can be used to incorporate information about
the taxonomic relatedness of species. Forest ecosystems are often analysed using taxonomic
diversity measures (Desrochers & Anand, 2003; Moreno et al., 2009; Culmsee & Leuschner,
2013) and so here, spatial diversity is assessed using transformations of Shimatani’s (2001)

parameters of taxonomic distance at ¢ = 1.

Results show that the maximum effective number of species in a subcommunity drops by half,
from 107} = 56.690 in the naive-type case (Figure 3.17a) to 107?““” = 24.926 when taxonomic
similarity is included (Figure 3.17b). In both cases, the quadrats in the top-left corner are
consistently less diverse than the rest of the study site. The maximum contribution of a
subcommunity to overall metacommunity diversity drops by 70% from 17]1- = 441.150 to
17th‘“” = 60.664 (Figures 3.17c & 3.17d). However, in both cases, the swamp is identified as
contributing highly to the diversity of the study site. This is because the swamp contains a
(taxonomically) distinct set of indicator species that are only found in this continuously wet
part of the study site. Conversely, the quadrats in the top-left area identified as distinct in
Figure 3.17g, are dominated by A. panamensis, a species of the same family (Annonaceae) as
many other trees in the plot. This invasive species (Rick Condit, personal communication) is

therefore taxonomically similar to the rest of the BCI Forest plot.

The range in values of representativeness increases from ! ﬁ} = 0.019 — 0.669 to 15?““” =
0.086 —0.915 (Figures 3.17e & 3.17f) across the study site. Both the swamp and the area in the
top-left corner are much less clearly delineated, suggesting the species within these quadrats
are closely related to those in the rest of the study site. The maximum distinctiveness of a
subcommunity drops from 6.1% in the naive-type case (! BJI. = 0.061) to 0.5% when taxonomic
similarity is included (! ﬁjzm = 0.005) (Figures 3.17g & 3.17h). The top-left quadrats continue
to be identified as the most distinct subcommunities. However, the relative difference in
distinctiveness between these quadrats and the rest of the study site is reduced as species are

shown to share taxonomic similarities.
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Figure 3.17: Heat map comparing the naive-type and taxonomic spatial diversity of the Barro

Colorado Island Forest plot 1981/82 census: Figures are coloured according to the subcommunity diversity
of each 20m X 20 m quadrat across the 50 ha site: (a) 1&} and (b) 1&?“” - the effective number of species, (c) lnyI.
and (d) 1'ij“” - the contribution to metacommunity diversity, (e) 1ﬁ§ and (f) ! ﬁ]z“” - representativeness, and
(g! BJ! and (h) ! ﬁjzt‘““ - distinctiveness.
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3.2.3.4 Temporal diversity

The Barro Colorado Island Forest dataset contains 8 tree censuses, taken at approximately
5-year intervals from 1981-2015. The temporal dynamics of this data can be observed with

exactly the same tools that were used to study spatial structure.

The swamp — previously identified in the centre-left of the plot — has a high temporal beta
diversity (4B!, Figure 3.18b), which is indicative of a high turnover in species composition over
time (see Section 2.2.6.4). This can be observed in more detail by comparing the change in
spatial representativeness across the 8 censuses. In 1981/82, the swamp is unrepresentative of
metacommunity diversity (%}, Figure 3.19¢) and is relatively sparsely populated (tree count,
Figure 3.19g), but by 2015, the swamp is much more representative of the metacommunity (¢ ﬁ%,
Figure 3.19d), and the tree density has increased (tree count, Figure 3.19h). However, despite
the gain in representativeness, the swamp area still contributes strongly to metacommunity
diversity (q'yjI., Figure 3.19f) because some of the original species are still present and are not

found elsewhere in the plot.

The area in the top left, on the other hand, has low turnover over the study period (qBI, Fig-
ure 3.18) and is unrepresentative of the BCI plot for the whole time series (qﬁ§, Figures 3.19¢
& 3.19d). This is the result of the colonizing species (from outside the study area) maintaining

its dominance in this small area without spreading further across the plot over the years.
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Figure 3.18: Naive-type temporal beta diversity (metacommunity ' B!) of the Barro Colorado Island
Forest plot: Figures are coloured according to the metacommunity diversity of each 20m x 20 m quadrat across
the 50 ha site between 1981-2015. Values are presented (a) relative to a baseline of 0, and (b) unscaled.
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Figure 3.19: Naive-type spatial diversity of the Barro Colorado Island Forest plot at different time
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and 2015 censuses, respectively.
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3.2.4 Summary

This case study examined the variation in spatial biodiversity within each quadrat using a
range of subcommunity measures. After which, the variation in temporal biodiversity was
investigated by re-partitioning the data and calculating the metacommunity diversity of each
quadrat as a cross section through time. The spatial biodiversity of the BCI Forest dynamics
plot (during the first census, 1981-1982) was first investigated using naive-type diversity
measures. These results are summarised in Figure 3.20, which brings together key images from
earlier in the chapter. The most basic measure of diversity, the effective number of species,
revealed no clear spatial structure (1d§, Figure 3.20b). This remained true at a variety of
quadrat sizes (plots not shown) and values of ¢ (q@§, Figure 3.4). However, when beta and
gamma diversities are examined, strong signals emerged and two sites — a large area in the

centre-left and a small area in the upper-left — were identified as being of particular interest.

Although both areas stand out as being unrepresentative of the BCI forest plot (* ﬁ}, Figure
3.20e), the swamp had a high tree diversity (1o7§, Figure 3.20b) but fewer trees per m? than
the rest of the plot (tree count, Figure 3.20a), resulting in low distinctiveness (! ,BJI, Figure
3.20f) but high contribution to overall metacommunity diversity (I’y;, Figure 3.20d). The
second area in the upper-left had low representativeness (164§, Figure 3.20b) but high tree
abundance per m? (tree count, Figure 3.20a), resulting in high distinctiveness (! BJI-, Figure
3.20f) and also a high overall contribution to metacommunity diversity (17}-, Figure 3.20d).
Some of the difference between the two sites may be observed in terms of contribution to
metacommunity diversity at ¢ = 0 — which discounts relative abundance and looks at per
tree contribution to species richness — which is relatively low in the upper-left quadrats (O’y},
Figure 3.20c). These subcommunity diversity measures therefore help identify two interesting
areas of the plot, which are not identifiable from the quadrats in isolation (154§, Figure 3.20Db),
and could not even in principle be identified from metacommunity-level diversity measures.
These results show that, Reeve et al.’s (2016) subcommunity diversity measures are capable
of providing clear and immediate insight into the differences between the sites through simple

summary statistics before going into a detailed analysis of the underlying data.

Taxonomic diversity was investigated, using transformations of Shimatani’s (2001) parameters
of taxonomic distance at ¢ = 1. It was found that the contribution to metacommunity diversity
remained high in the swamp, but not the area in the top-left (1fyjz““”, Figure 3.17d). An
examination of the metadata and species information revealed that the area in the top-left has
been colonised by a single tree species (Anazagorea Panamensis) from outside the study site
(Rick Condit, personal communication) that has developed a high local density in this single
area. This invasive species is taxonomically similar to the rest of the BCI Forest plot whereas,
the central area is a swamp with a distinct species composition. These results agree with those
obtained by Kembel & Hubbell (2006), who investigate how the phylogentic structure of tree

communities (estimated with phylogenetic distance metrics, MPD and MNND) varies among
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spatial scales and habitats. They observe that tree communities are more distantly related
than expected in swamp and slope habitats'. In this current study, the same results were
obtained using much simpler methods — by incorporating taxonomic similarity into Reeve
et al.’s (2016) framework, however it might be interesting to extend these analyses to examine

the dynamics of phylogenetic diversity across space and time.

Temporal dynamics were examined by rearranging the dataset such that a subcommunity
is a single quadrat (as before), but a metacommunity extends this subcommunity over 8
tree censuses (from 1981-2015). Results identified a low temporal beta diversity in the
top-left quadrats, suggesting a low turnover in species composition over the study period
(1B, Figure 3.18). Furthermore, these quadrats were found to be unrepresentative of the
BCI plot for the whole time series (qﬁﬁ, Figures 3.19¢ & 3.19d), a result of the colonizing
species (from outside the study area) maintaining its dominance in this small area without
spreading further across the plot over the years. On the other hand, the swamp was identified
as having a high temporal beta diversity (B!, Figure 3.18) over the study period, indicative
of a high turnover in species composition over time. This was confirmed by comparing the
spatial diversity at each time point, where an increase in representativeness (qﬁ§, Figures 3.19c
& 3.19d) and tree density (qﬁﬁ, Figures 3.19i & 3.19j) was revealed. Ecologically speaking,
an increase in the representativeness of the swamp suggests that species common to the
surrounding areas are spreading to these quadrats. This change could be explained by the
swamp drying out, but there is no evidence that this is the case (Rick Condit, personal
communication). In fact, Condit et al. (2017b) show that prior to 1992, there were multiple
extreme dry seasons, after which, census intervals have been wetter than the long-term
average. These increased moisture levels coincide with a change in the pattern of recruits
(trees absent from the previous census) observed by Kanagaraj et al. (2011). They used
multivariate regression trees to group quadrats with similar species composition according to
the topographical characteristics of the BCI study site. Interestingly, the swamp was identified
as a distinct habitat type in the 1985 and 1990 censuses, after which it homogenises with the
low plateau habitat type in the surrounding area. Despite this, the swamp still contributed
to metacommunity diversity (qﬁg, Figures 3.19h), because species are present (albeit in low
numbers) that are not found elsewhere in the plot. If the plot represented a larger landscape
that was being considered for management, results such as these would help identify unique
and diverse parts of the plot for conservation. This “hidden” diversity provided by a few trees
of rare species against a background of common species is only demonstrated by Reeve et al.’s

(2016) new subcommunity gamma diversity.

IThey also find that tree communities are more closely related than expected in young forest and
plateau habits, which they hypothesise is due to environmental filtering of phylogenetically conserved

traits (see also Swenson et al., 2012)
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Figure 3.20: Heat map showing the naive-type spatial diversity of the Barro Colorado Island
Forest dynamics plot 1981/82 census: Figures are coloured according to the subcommunity diversity of
each 20m X 20m quadrat across the 50 ha site, showing: (a) tree counts, (b) 1&;~ - the effective number of
species, (c) O'y]I- and (d) 17]1- - contribution to overall metacommunity diversity, (e) 15} - representativeness, and

(f) 1ﬁ§ - distinctiveness.
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3.3 Case study: Identifying communities with the least repre-
sentative demographic profiles in the 2001 census of Eng-
land and Wales

3.3.1 Introduction

In this case study, Reeve et al.’s (2016) framework of diversity measures are used to investigate
the underlying demographic structure and variability of the human population of England
and Wales during the 2001 census. This dataset was selected as a means to validate the
framework, since results could be easily verified. Two different breakdowns of census data are
available, each describing the same population from a different viewpoint, differing in both
spatial resolution and distribution of age classes. Diversity measures were used to identify
which geographical areas were least representative of England and Wales. That is, areas
comprising unusual age class distributions compared to England and Wales as a whole. This
was achieved by incorporating carefully constructed similarity matrices, based on the natural
similarity of age classes. The aim of this work was to identify features of population structure

and show that quantitatively similar results could be obtained despite differences in resolution.

Acknowledgements
The 2001 census of England and Wales was obtained from the Office for National Statistics.

3.3.2 Methods

Dataset

Data were obtained from the Office for National Statistics 2001 census of England and Wales
(Office for National Statistics, 2001). Two datasets were examined, each comprising the total
population of England and Wales, differing only in the way data was partitioned (Table
3.1). These data comprised the age structure of the population in established geographical
areas (10370 parishes and 8850 Census Area Statistics (CAS) wards) at different levels of age

resolution (16 and 81 age classes, respectively, comprising ages from 0-110 years old).

Defining similarity
Each dataset was defined as a separate metacommunity, comprising /N subcommunities, defined
naturally within each dataset as distinct parishes or CAS wards. Diversity was calculated
over types defined as age classes, categorically divided into S classes with individuals ranging
from 0-110 years. Pairwise similarity between age classes was calculated as a transformation
—kdyy (

of distance, Z;y = e a standardised age-related similarity metric), where k is a scaling

factor and d;;s is the age difference between the mean of age classes i and 7’.
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Table 3.1: Tabulated summaries of the parish and CAS ward datasets: showing the total number of
subcommunities, the size of the largest subcommunity, the total number of individuals, and the total number of
age classes (in each dataset).

Subcommunity Metacommunity
Dataset
Total Largest Total Number of
number population population age classes
CAS wards 8850 35102 52042026 81
Parishes 10370 969197 52041915 16

Similarity was calibrated by altering the parameter k and fitting each metacommunity to an
effective number of age classes (G4, Section 2.2.5). This was necessary to standardise the
two datasets in order to sensibly compare results between them, since when Z = I, each age
classes would be considered completely distinct. The problem is made clear in Figure 3.21,
which shows the distribution of individuals in each age class. In the naive-type case, each age
class is considered distinct, such that the parish and CAS ward datasets comprise 16 and 81
distinct age classes, respectively. Subsequently, in the parish dataset (Figure 3.21a), there are
around 3,400,000 individuals aged 25-29 that are 100% similar to each other, and have no
similarity to the 12,000,000 individuals aged 30-44. On the other hand, in the CAS ward
dataset (Figure 3.21b), the 620,000 individuals aged 25 have no similarity to the 650,000
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Figure 3.21: Histogram showing the number of individuals in each age class: for the (a) parish and

(b) CAS ward datasets. Note that the peak at 75-79 in the CAS ward dataset is due to the amalgamation of
individuals aged 75-79 into the same age class.

69



3.3 CASE STUDY: IDENTIFYING COMMUNITIES WITH THE LEAST
REPRESENTATIVE DEMOGRAPHIC PROFILES IN THE 2001 CENSUS OF
ENGLAND AND WALES

individuals aged 26, who are in turn completely dissimilar to the 680,000 individuals aged 27,
and so on. The diversity of age classes in the parish dataset is therefore not comparable to

the diversity of age classes in the CAS ward dataset without some means of standardisation.

To standardise these age classes, metacommunity 'G% was used to calculate the effective
number of age classes in each dataset. Recalling that the actual number of age classes in
the parish and CAS ward datasets is 16 and 81, respectively (in the naive-type case), then
an effective number < 16 should be selected for standardisation. In the first instance, the
parameter k was altered until metacommunity 'G% =~ 8 (which was selected as an adequate
number of age classes for a human lifetime), yielding kpg = 0.194 and kg = 0.163 for the parish
and CAS ward datasets, respectively. However 'GZ ~ 4 was also tested, yielding kps = 0.082
and k.4 = 0.078. Figure 3.22 shows how varying k determines how similar different age classes
are considered to be, at different distances. A lower value of k requires a greater distance for
an age class to be considered completely distinct. In the second part of this study, the high
number of age classes in the CAS ward dataset was used to compare how results were affected
by varying the k parameter. As before, k was calibrated to an effective number of age classes
€ {2,4,8,16, 32}, corresponding to ke = 0.031, keq = 0.078, keg = 0.163, ko6 = 0.330, and
ke3o = 0.728, respectively.

Parish CAS ward
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qGZ
iG? — 2(k=0.031)

0.754 — 2(k=0.031) 0.75 4 (k=0.078)
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2 k =0.194 = 16 (k =
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Figure 3.22: Distance versus similarity at different values of k: where distance is defined between age
classes (or the median of age classes), and similarity is calculated as Z;;; = e~*¢ with a scaling parameter k, for
the (a) parish and (b) CAS ward datasets. Lower values of k require a greater age difference before age classes
are considered completely distinct. The legend includes the effective number of age classes corresponding to each
scaling parameter, as described in the methods section.
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Calculating diversity

To identify which areas were least representative of England and Wales (in 2001), subcommunity
! ﬁJZ was calculated (Section 2.2.6.1). Representativeness is low when a subcommunity contains
a high abundance of species (in this case, age classes) that are rare across the metacommunity
as a whole. The least representative areas were identified by ranking each parish (or CAS ward)
by ! ﬁJZ in descending order. These results were assessed by plotting the relative proportional
abundance of individuals within each age class, thus observing their demographic structure.
The relative proportional abundance was calculated by dividing the proportional abundance
of each age class by its bin length (the number of ages within that age class), which was then
normalised by dividing by the total proportional abundance across England and Wales. In this
way, any subcommunity with a distribution exactly proportional to the average of England
and Wales (e.g. England and Wales itself) would yield a relative proportional abundance
equal to one, across all age classes. Therefore, subcommunities comprising age classes of

relatively low national abundance (such as the elderly) could be clearly identified.

3.3.3 Results and discussion

Aggregate census data were examined by finding the lowest values of ! ﬁ]Z, to expose distinct
features (subcommunities with particularly unusual age distributions) in the underlying
demographic structure of England and Wales (Figure 3.23). Similarity was first calibrated
to 9G% ~ 8. The 10 least representative parishes of England and Wales are shown in Figure
3.24a and listed in Table 3.2. These include parishes dominated by young adult populations
(aged 18-24) such as Keele, Heslington, and Cathays, corresponding to Keele University,
the extended campus of the University of York, and Cardiff University, respectively; also of
interest are parishes inhabited by young families (adults aged 18-29 and their children, aged
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Figure 3.23: The representativeness of each community in the England and Wales 2001 census:
Subcommunity 1ﬁjz was calculated over: (a) 10370 parishes and (b) 8850 CAS wards, where red dots highlight the
10 least representative communities in each assemblage.
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<4) such as West Thorney; parishes containing boarding schools populated by teenagers such
as Bryanston and Acton Burnell; and parishes occupied by the elderly (aged 75+), such as

Tixover and Tabley Inferior.

These analyses were validated with CAS ward data using different age classes but the same
underlying age-based similarity measure. Similar results were obtained (Figure 3.24b) and
listed in Table 3.2. The 10 least representative CAS wards of England and Wales include those
inhabited by young adult populations, such as Holywell, Keele, Elvet, Heslington, Carfax,
Headingley, Menai, St Nicholas, and Highcliffe; and CAS wards populated by the elderly, such
as Cathays. Keele, Heslington, and Cathays were identified in both the 10 least representative
parishes and CAS wards. Of the remaining locations, differences in results are presumed to
be caused by population variations within spatial boundaries. However, both analyses were

able to detect interesting populations comprising particularly unusual demographies.

Table 3.2: The 10 least representative areas of England and Wales, where similarity is calibrated
to 'GZ ~ 8 (ks = 0.1785): for parishes (left), and CAS wards (right). Features of each parish and CAS ward
are given below each location in brackets. The age column highlights age classes with unusually high abundance
(i.e. with a relative proportional abundance greater than 2, where 1 denotes the relative proportional abundance
of England and Wales as a whole).

Parish (Feature) Age CAS ward (Feature) Age
Keele /non-parished area Holywell
. 18-24 o 18-24
(Keele University) (Oxford University)
Tixover Keele
. ) 75+ .. 18-23
(Retirement village) (Keele University)
Heslington Elvet
e 18-24 o 18-24
(University of York) (Durham University)
Newton St Loe Heslington
S 18-24 o 18-24
(Bath Spa University) (University of York)
Cathays Carfax
. — 18-24 .. 18-26
(Cardiff University) (Oxford University)
Acton Burnell Headingley
15-19 , 19-25
(Concord College) (Leeds Beckett U., Headingley)
Bryanston Menai, Bangor
10-19 > 18-23
(Bryanston School) (Bangor University, Ffiddoedd)
West Thorney St Nicholas
<4, 18-29 , , 18-22
(Unknown) (Giles Infant & Primary School)
Tabley Inferior Highcliffe
. ) 75+ ) ) 67+
(Retirement village) (Retirement village)
Stowe Cathays
10-19 , . 19-25
(Unknown) (Cardiff University)
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Calibrating similarity to G% ~ 4 produced comparable results, with 4 replacements in the
parish dataset Figure 3.25a and only 1 in the CASward dataset Figure 3.25b. In the parish
dataset, Acton Burnell (15-19), Tabley Inferior (75+), and Stowe (10-19) were replaced with
Tarrant Monkton (16-24), Torksey/Brampton/Hardwick (60-84), and South Tedworth (18-29).
Note that the values in brackets highlight age classes with unusually high abundance (i.e. with
a relative proportional abundance greater than 2, where 1 denotes the relative proportional
abundance of England and Wales as a whole). Whereas in the CAS ward dataset, Cathays
(19-25) was replaced with South Downham (61-94), identifying a new demographic feature.
These results show that the CAS ward dataset, with the higher age-class resolution and lower

spatial resolution, is more robust to changes in the scaling parameter k.

Extending this further, Figure 3.26 shows the distribution of age classes within the 10 least
representative CAS wards, with similarity calibrated to IG% € {2,4,16,32}. As already
mentioned, decreasing G?% from 8 to 4 effective age classes resulted in Cathays (19-25) being
replaced with South Downham (61-94). Decreasing again to 9G% ~ 2 showed no change.
On the other hand, when 9G% was increased from 8 to 16 effective age classes, Highcliffe
(67+) was replaced with Market (18-25), and increasing again to G% ~ 32, results were again
unchanged. Overall, 8 (out 10) CAS wards were identified within the 10 least representative

subcommunities across all values of k.
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Figure 3.24: The 10 least representative areas of England and Wales, where similarity is calibrated
to 'GZ ~ 8: for (a) parishes and (b) CAS wards. The y-axis is normalised within age classes, by dividing the
proportional abundances by the number of ages contained within each class. These values are normalised against
the metacommunity, by dividing by the total proportional abundance across England and Wales. Any community
with a distribution proportional to the average of England and Wales would have a relative proportional abundance
of 1, for all age classes. The vertical dotted lines denote age class cut-offs.
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3.3.4 Summary

The focus of this case study was explicitly chosen to illustrate the flexibility and utility of
Reeve et al.’s (2016) framework of diversity measures. These measures were used to develop
new methods with which to identify communities with the least representative demographic
profiles (i.e. unusual age class distributions) in the 2001 census of England and Wales. To
do this, subcommunity 1,5JZ was calculated over types defined as age classes. Results were
compared between two datasets (metacommunities), each comprising the total population
of England and Wales: (1) the parish dataset had a higher spatial resolution but lower
number of age classes, whereas (2) the CAS ward dataset had a lower spatial resolution but a
much higher number of age classes. To allow a useful comparison to be made, the similarity
between age-classes was standardised between the two datasets. This was done by varying
the parameter k (effectively, scaling the similarity between age classes) until the calculated
effective number of age classes, 1G% ~ 8, which was pre-selected as an adequate number of
age classes for a human lifetime; 1G% ~ 4 was also tested, as well as 2, 16, and 32, for the
CAS ward dataset.

When 9G% ~ 8, Keele, Heslington, and Cathays were identified within the 10 least representa-
tive subcommunities of both the parish and CAS ward datasets Figure 3.24. Amongst the
remaining communities, the same distinct age profiles were observed. That is, young adults in
proximity to universities, and retirement communities dominated by the elderly. When the
effective number of age classes was decreased to = 4, results were mostly stable: 6 (out of 10)
parishes and 9 (out of 10) CAS wards continued to be identified as being unrepresentative
(Figure 3.25). These results identify the CAS ward dataset as being more robust to varying
the scaling parameter k (though a new demographic feature was identified: individuals aged
61-94). The CAS ward dataset was then used to investigate to what extent these results
depend on k, which was calibrated against an effective number of age classes € {2,4, 8,16, 32}.
Within this dataset, 8 (of the 10) CAS wards were consistently identified as being least

representative.
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Figure 3.26: The 10 least representative CAS wards of England and Wales, where similarity is
calibrated to different vaule of 1G%: (a) ke = 0.031 (1G% = 2), (b) kca = 0.078 (1GZ = 4), (c) kc16 = 0.330

(1G?% = 16), and (d) kez2 = 0.728 (!G% ~ 32). The y-axis is normalised within age classes, by dividing the

proportional abundances by the number of ages contained within each class. These values are normalised against

the metacommunity, by dividing by the total proportional abundance across England and Wales. Any community

with a distribution proportional to the average of England and Wales would have a relative proportional abundance

of 1, for all age classes. The vertical dotted lines denote age class cut-offs.
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3.4 Case study: Examining the flow of AMR phenotypes in a

sympatric population of human and animal hosts

‘Without urgent, coordinated action, the world is heading towards a post-antibiotic
era, in which common infections and minor injuries, which have been treatable for
decades, can once again kill.’

— World Health Organization (2015)

3.4.1 Introduction

Antimicrobial resistance (AMR) is the acquired resistance of a microorganism (bacteria, fungi,
viruses and parasites) to drugs that are used to treat or prevent infection caused by that
organism. It is spreading at an alarming rate and is an important global concern due to its
involvement in animal and human disease. This has been blamed, in part, on the use and
misuse of antimicrobials (Levy & Marshall, 2004). Under- or over-exposure to these drugs
and the subsequent evolutionary selective pressure of resistance in host populations causes
susceptible strains to die off, leaving resistant strains to proliferate (Andersson & Hughes,

2010, 2011). Under continued selection, resistance will spread.

The acquisition of resistance by a single population may occur through a number of different
mechanisms (for a review, see Alanis, 2005). Sources of infection, particularly by human
hosts, are numerous. Imported food and foreign travel increase risk of exposure to isolated
(allopatric) populations. Within co-located (sympatric) populations, local environmental
reservoirs and cohabitation by multiple host species lead to the threat of cross-species transfer.
Even within a single host, unique strains from different bacterial species may exchange genetic
resistance via mobile genetic elements. New resistance phenotypes are emerging each year and
in doing so, AMR may be conferred both within and across multiple host species, through
various modes of transmission. These may be vertical (i.e. inheritance of chromosomal genes
across generations, as described in Doss, 1994), or horizontal (e.g. insertion or deletion of
multiple resistance phenotypes via plasmid exchange, as described in Bennett, 2008) with
potential additional spontaneous point mutations in either case. Plasmid-mediated resistance
is known to be associated with linkage, which allows multiple resistances to be acquired
simultaneously. Genetic linkage between multiple AMR sites maintain the persistence of
plasmids so long as at least one antimicrobial, which the bacterium is resistant to, is present
in the environment. The probabilities associated with AMR resistance groupings (genetic
linkages or likelihood of co-resistance) are beyond the scope of this study and are therefore

not described.

Salmonella is a virulent pathogen, and a global health concern, made worse by the antimicrobial

77



3.4 CASE STUDY: EXAMINING THE FLOW OF AMR PHENOTYPES IN A
SYMPATRIC POPULATION OF HUMAN AND ANIMAL HOSTS

resistance of several strains. In 1984, the epidemic strain, Salmonella enterica serovar
Typhimurium definitive phage type 104 — hereafter referred to as Salmonella DT104 — was
isolated in humans (Threlfall et al., 1994). These strains are typically characterised as
being multi-drug resistant to ampicillin, chloramphenicol, streptomycin, sulfonamides, and
tetracyclines (ACSSuT resistance type), however variants have been identified that are also
resistance to fluoroquinolones, trimethoprim, and kanamycin (Boyd et al., 2001). Salmonella
confers resistance through both vertical and horizontal mechanisms, such that phenotypic
precursors may be one or multiple resistances away from the emerging phenotypic group
(Carattoli, 2003; Miriagou et al., 2006; Alcaine et al., 2007). Resistance genes are encoded
in the multidrug-resistant (MDR) region of Salmonella genomic island 1 (SGI1), which is a
43-kb region of the bacterial chromosome (Boyd et al., 2000, 2001; Mulvey et al., 2006). This
is of great concern, since unlike plasmid-mediated resistance, which may be lost (albeit slowly)
in the absence of selective pressure, encoding resistant traits within the bacterial chromosome

allows AMR to be maintained through subsequent generations.

Mather et al. (2012) examined the antimicrobial resistance (AMR) of Salmonella DT104 in
sympatric human and animal populations in Scotland. The directionality of AMR transmission
between the two host populations was assessed by calculating the number of differences in
resistance between resistance profiles. To identify from which host population each resistance
profile was likely to have originated from, the most probable precursor was defined as the
resistance profile with the fewest resistance changes, that was sampled earliest. To identify
whether resistance profiles were mainly circulated within a population or transmitted between
host populations, the most probable precursor was defined as the resistance profile with the
fewest resistance changes, that was sampled closest to the isolate of interest. To assess the
ecological diversity of resistance profiles, species richness, Shannon diversity, Simpson diversity,
and Berger-Parker diversity (see Section 1.4) were calculated, hypothesising that the most
probable precursor should be the population with the most diversity. It was found that the
effective number of resistance profiles was greater in human isolates compared to animal
isolates and that some resistance profiles in animal isolates were distinct from those found
in humans. This showed — somewhat controversially — that in terms of the Scottish dataset,

antibiotic resistance was unlikely to have originated from the sympatric animal population.

In this case study, Mather et al.’s (2012) work is advanced by: (1) using beta diversity
measures rather than alpha diversity measures, and (2) incorporating the similarity between
resistance profiles rather than considering them to be completely distinct. To assess the
transmission of antimicrobial resistance between human and animal populations, Reeve et al.’s
(2016) beta diversity measures are used to calculate phenotypic diversity (a measure of the
diversity of antimicrobial phenotypes). This necessitates the inclusion of tailored similarity
measures to describe potential evolutionary relationships between AMR resistance profiles.
These methods are validated by revisiting the questions asked in Mather et al. (2012) and

comparing each set of results.
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Laboratory (SSSCDRL).

3.4.2 Methods

Dataset

As part of a previous study (Mather et al., 2012), DT104 isolate data from 1990-2004 were
obtained from the Scottish Salmonella, Shigella and Clostridium difficile Reference Laboratory
(SSSCDRL); Salmonella is a reportable human and animal pathogen in the UK and as such,
all veterinary and medical diagnostic laboratories in Scotland are required to forward suspect
isolates to the SSSCDRL. Each sample was tested against 13 antimicrobials to produce a
record of resistances. The antimicrobials and the percentage of human- and animal-origin
isolates resistant to them is listed in Table 3.3. Mather et al.’s (2012) dataset comprised 2439
animal and 2761 human isolates, where animal isolates were collated across a number of host
species (Mather et al., 2012, supplementary materials). For the purpose of this work, data

were categorised as originating from either animal or human hosts.

Isolates in each host population were characterised phenotypically by the presence or absence
of resistance to each antimicrobial. Thus, isolates were attributed a 13-digit binary code
corresponding to a distinct resistance profile, with a theoretical total of 2'3 unique phenotypic

groups (assuming every permutation were possible). For example, a code of:

AP CL CP FZ GM KA NAL NE SP ST SX TE TM

1 0 0 0 0 0 0 0 0 1 1 1 0

represents an isolate with resistance to Ampicillin, Streptomycin, Sulphamethoxazole, and
Tetracycline. In reality, the number of distinct profiles is constrained by gene linkage and
the predominance of certain resistance phenotypes, leaving 65 unique resistance profiles in
total. The animal-origin isolates comprised 35 distinct profiles and human-origin isolates
comprised 52 distinct profiles, with 22 profiles common to both host groups and 13 and
32 unique, respectively. A connectivity diagram, generated by Mather et al. (2012) using
eBURST is shown in Figure 3.27, where 95% of all profiles are connected. Though samples
were collected through passive surveillance, over a period of 15 years, sample coverage appears

comprehensive enough to have encountered most phenotypic combinations.
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Table 3.3: Antimicrobial resistance: List of antimicrobials and the percentage of human- and animal- origin
DT104 isolates that are resistant to them.

Antimicrobial Animal Human
isolates (%) isolates (%)

Ampicillin 16.390 15.957
Chloramphenicol 16.274 15.551
Ciprofloxacin 0.007 0.025
Furazolidone 0.034 0.038
Gentamicin 0.151 0.013
Kanamycin 0.130 0.150
Nalidixic acid 0.370 1.313
Netilmicin 0.116 0.006
Spectinomycin 16.438 16.170
Streptomycin 16.473 16.239
Sulphamethoxazole 16.534 16.595
Tetracycline 16.370 15.626
Trimethoprim 0.713 2.319

Figure 3.27: Connectivity diagram for human and animal phenotypic resistance of Salmonella Ty-
phimurium DT104: Figure taken from (Mather et al., 2012, figure 3). Green squares denote profiles unique to
animal isolates, black triangles denote profiles unique to human isolates, profiles found in both human and animal
isolates are pink circles. Each profile is connected by lines, which represent the loss or acquisition of resistance to
a single antimicrobial.
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Calculating diversity

The aim of this work was to use Reeve et al.’s (2016) beta diversity measures to identify
the directionality of resistance transmission between animal and human populations. This
was done in two parts. The first question sought to determine the most probable phenotypic
precursor of the following year’s resistance, and complementing this, the second question was
posed to identify the emergence of phenotypic novelty. Phenotypic diversity was calculated
over time to investigate the transmission of epidemic strains of Salmonella Typhimurium

DT104 between host populations.

To investigate the antigenic diversity of DT104 on a temporal scale, data were arranged
into overlapping 6-year blocks. The amount of historical data available for each analysis
was standardised to avoid boundary effects and increase the temporal resolution of these
measurements. Each block was defined as a metacommunity, within which emerging resistance
was compared to the preceding 5 years of recorded data (Figure 3.28). The emergent year was
defined iteratively through 1995-2004, which provided 10 sets of data points for the analysis.
It was found that a 6-year time period was both small enough to allow analysis of most of
the outbreak — describing the change in AMR through 6 time points — whilst being large
enough to provide a good sample size for comparison (though 4-year blocks were also tested).

Resistance profiles were considered to constitute types, over which diversity was calculated.

Question 1: from which prior host population are existing phenotypes of antimicrobial
resistance likely to have originated. As mentioned previously, new resistance phenotypes
may arise from various modes of transmission. If resistance traits are transferred through
chromosomal mutation, it is likely that genetic change will occur incrementally. On the
other hand, if strain resistance is plasmid-mediated, then multiple phenotypes may be gained
or lost instantaneously. It is known that DT104 confers resistance through both of these

mechanisms, such that phenotypic precursors may be one or multiple resistances away from

2004 + 2004 A
2003 + 2003
2002 + 2002
2001 + 2001
2000 + 2000
1999 + 1999 4
1998 T / 1998 /
1997 T 1997 4

1996 + 1996 4
1995 + 1995 4

Subcommunities i Subcommunities

animal 4 animal
human 4 human
emergent year ] preceding years

Figure 3.28: Experimental setup to investigate the flow of antimicrobial resistance in human- and
animal-origin DT104 isolates: (a) Question 1 - from which host population does AMR originate? and
(b) Question 2 - in which host population does novelty arise?
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the emerging phenotypic group. Although the possible sources of phenotypic variance are
extensive, the system was simplified by assuming that resistance in DT104 is primarily
conferred via mutation, and that genetic change occurs incrementally. Similarity was defined
as Zjy = e " for k = 1, where k is a scaling factor and d;; is the number of differences
in resistance between isolates ¢ and 4’. In this way, an isolate is completely similar to itself
when Z;;; = 1, strains differing by a single resistance have a similarity of Z;7 = e~!, and no

13 Hence, a strain that differs by one resistance

commonality confers a value of Z;;; = e~
phenotype is more likely to originate from a genotypic precursor than one that differs by
multiple phenotypes. Each metacommunity (6-year block of historical data) was partitioned
into 3 distinct subcommunities: (1) emergent year resistance profiles of human and animal
origin, (2) preceding 5 years of human resistance profiles, and (3) preceding 5 years of animal
resistance profiles (Figure 3.28a). Data were partitioned in such a way as to permit the
comparison of human and animal historic phenotypes. Subcommunity * p§ was calculated!, to
determine which historical population — of human or animal origin — was the most redundant

(i.e. which phenotypic precursor was the most comparable to emerging phenotypic resistance).

Question 2: which host population is the most likely source of phenotypic novelty. New
resistance phenotypes are emerging each year and in doing so, AMR may be conferred both
within and across multiple host species. As mentioned previously, there are a number of
different avenues through which strain diversity may emerge. A new strain may arise, during
a single event, by horizontal or vertical transfer with potential additional point mutations.
To identify the emergence of phenotypic novelty, all sources are considered to be equally
distinct, and all resistance profiles — no matter the number of differences — are considered
equally dissimilar. To do this, similarity was defined in the naive-type case (where species
are considered to be completely distinct, i.e. Z = I). The dataset was rearranged to
focus on emerging resistance, where each metacommunity (6-year block of historical data)
was partitioned into 3 distinct subcommunities: (1) emerging animal resistance profiles;
(2) emerging human resistance profiles; and (3) the collective human and animal resistances
from the preceding 5 years (Figure 3.28b). Subcommunity * ﬁjl- was calculated to determine
which emerging population — human or animal — was the most distinct (i.e. which was the

greater source of emerging phenotypic novelty).

Statistical analysis

Though sample coverage seems good (Figure 3.27). It is unlikely that these data represent
a complete sample of DT104 in Scotland and therefore, to account for differential sampling
effort and to maintain consistency between human and animal populations, for each year,
animal and human data were subsampled down to the smallest number of resistance profiles

across hosts (Table 3.4). The redundancy (* p§) and distinctiveness (! /BJZ) of resistance profiles

!Though, subcommunity representativeness (! ﬁD might equally have been used to compare precur-

sory resistance phenotypes, since animal and human subcommunity weights had been standardised
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were calculated for each host populations (for 1000 subsampled iterations), over which, mean
values and 95% confidence intervals were calculated for each time point. These values were

compared within each metacommunity, contrasting the emergent year with 5 years prior.

Table 3.4: Number of recorded isolates per year: Scottish DT104 isolate data from 1990-2004, taken from
sympatric human- and animal-host populations. For each year of data, human and animal data were subsampled

down to the smallest number of resistance profiles across hosts.

Year Animal Human Subsample

1990 8 10 8

1991 117 90 90
1992 123 144 123
1993 164 234 164
1994 509 265 265
1995 479 397 397
1996 359 ol1 359
1997 278 308 278
1998 143 219 143
1999 117 150 117
2000 o7 145 o7
2001 41 85 41
2002 11 81 11
2003 12 49 12
2004 21 73 21
Total 2436 2761 -

3.4.3 Results and discussion

This case study extended the work of Mather et al. (2012), to investigate the transmission of
antimicrobial resistance of Salmonella DT104 in sympatric human and animal populations
in Scotland. Reeve et al.’s (2016) framework was used to calculate phenotypic diversity by
incorporating the similarity of resistance profiles and two questions were posed: (1) from
which host population was antimicrobial resistance likely to have originated? and (2) from

which host population did novelty first arise?

In order to determine from which host population antimicrobial resistance originated, subcom-
munity ! p} was used to calculate the redundancy of prior human- and animal-origin resistance
profiles against the combined resistance of emerging phenotypes (isolates associated with
emerging phenotypes were used in the calculation, but not included in the plot). Subcom-

munity redundancy (in the naive-type case) is high when species that are rare within the
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subcommunity are common throughout the metacommunity as a whole. Therefore, if all
isolates were evenly mixed across both host populations, no difference in redundancy should
be observed between human and animal populations. Instead, human resistance profiles were
found to be consistently more redundant than their animal counterparts, providing no support
that AMR originated in the sympatric animal population at any point during the outbreak
(1p§, Figure 3.29a).

To determine from which emerging host population novelty first arose, subcommunity ,sz

was used to calculate the distinctiveness of emerging human- and animal-origin resistance
profiles against the combined resistance of the preceding 5 years of phenotypes (omitted from
the plot). This measure takes a maximum value when a subcommunity only contains species
that aren’t present elsewhere in the metacommunity, and therefore the host population with
the highest distinctiveness should contain the most phenotypic novelty. Results show that for
each emergent year, except 1998 and 2003, resistance profiles taken from human-origin isolates
have a higher distinctiveness than those taken from the animal population (* ,BJ-Z, Figure 3.29b).
Though the number of samples in each emergent year is relatively low, this provides evidence
that phenotypic novelty is arising more in human, than in animal populations, and reinforce
previous conclusions that the animal population is unlikely to be the source of the following

year’s resistance.
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Figure 3.29: Calculating diversity to investigate the flow of antimicrobial resistance in Salmonella
DT104 from sympatric human and animal populations: (a) Subcommunity redundancy (1p§) is used
to determine from which prior host populations existing phenotypes of antimicrobial resistance originate, and
(b) subcommunity distinctiveness (16JZ) is used to determine from which emerging host population phenotypic
novelty first arises. The shaded ribbon (where present) denotes a 95% confidence interval.
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3.5 Conclusion

This chapter investigated three distinct case studies to illustrate the flexibility and utility of
Reeve et al.’s (2016) framework of diversity measures. In the first case study, the functionality
of each measure was illustrated with a classic analysis of forest biodiversity, whereas in the
second and third case studies novel diversity-based solutions were developed to showcase more

unusual applications.

The first case study was focused on examining the biodiversity of the Barro Colorado Island
Forest dynamics plot, a fully sampled 50 ha study site. The considerable resolution of this site
is useful for demonstrating the properties of Reeve et al.’s (2016) framework of measures, whilst
also meaning that sampling errors need not be considered (because most datasets are not this
well sampled). The issue of undersampling is considered in Chapter 5. In contrast to other
traditional measures of diversity, this framework can be used to investigate subcommunity
structure. This was showcased in the first case study where subcommunity-level measures were
used to differentiate regions of particular interest. In the naive-type case (where species are
considered completely distinct) clear signals were identified within the BCI Forest dynamics
plot. Specifically, two areas were highlighted as being unrepresentative (4 ﬁi) of the BCI study

site: a swamp in the centre-left and a smaller patch of invasive species in the top-left.

When taxonomic diversity was examined, by incorporating Shimatani’s (2001) measure of
taxonomic distance, both areas were identified as being unrepresentative of the study site.
However, only the swamp was identified as contributing to the biodiversity of the BCI
Forest plot (q'yjzm, Figure 3.17d). Taxonomic diversity reflects the evolutionary relatedness
between tree species (by incorporating information about taxonomic rank), and so, these
results highlight the evolutionary uniqueness of swamp-based species. On the other hand, the
subcommunities in the top left, though distinct (qﬁjzt‘””, Figure 3.17g), no longer contributed
highly to the biodiversity of the study site. These subcommunities are dominated by A.
panamensis, a species of the same family (Annonaceae) as many other trees in the plot. In
contrast to most traditional measures, Reeve et al.’s (2016) framework is sensitive to similarity
(be it taxonomic similarity, the similarity between age classes, or the similarity between
antimicrobial resistance profiles). Uniquely, it can encompass all of these similarity types

within a single framework, rather than being specific to a single one.

The temporal diversity was assessed to reflect how the diversity of the BCI study site changes
over time. This was done by rearranging the dataset and using the same framework as above.
The turnover in species composition (metacommunity 95%) over the 8 tree censuses was found
to be highest in the swamp (Figure 3.18). These results were confirmed by examining spatial
diversity at each individual time point, where the swamp became less sparsely populated and

more representative of the study site through time (Figure 3.19).
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Another interesting dataset is that of the 2001 census of England and Wales, which was the
focus of the second case study. Diversity measures were used to identify the least representative
human populations in England and Wales, where similarity was naturally defined between age
classes. Two datasets were used in this study, each described the population from different
viewpoints. The parish dataset had a high spatial resolution but fewer age classes, and the
CAS ward dataset had a lower spatial resolution but a higher number of age classes. Despite
these differences, it was possible to design the similarity matrices to behave equivalently within
the two different datasets, by varying a scaling parameter to control the amount of similarity
between age classes. Within each dataset, this parameter was calibrated to a pre-defined
effective number of age classes, IG%Z = 8. As a result, Reeve et al.’s (2016) measures were able
to identify Keele, Heslington, and Cathays within the 10 least representative subcommunities
of both datasets, whilst the remaining communities shared the same distinct age profiles
(populations inhabited by the young adults in proximity to universities, and retirement

communities dominated by the elderly).

Repeating this analysis for 1G% = 4, suggested that the CAS ward dataset was more robust
to changes in k, and extending these results for ¢G% € {2,4,8,16,32} showed the same trend.
Though some variability was observed for G% € {4,8,16} — where a new demographic feature
was detected — 8 (of the 10) CAS wards were consistently identified as being least representative.
It seems likely that this robustness was a result of increasing the similarity between age classes
(rather than being anything to do with the low spatial resolution), effectively smoothing the
demographic profile of each CAS ward, however this requires further investigation. On the
other hand, the parish dataset showed consistency in 6 (out of 10) parishes being identified
as being unrepresentative for 1G% € {4,8}. This highlighted the importance of carefully
considering how similarity is quantified and consequentially, how measured diversity is affected,
particularly where few age classes are available. Incorporating these kinds of standardisation
techniques into diversity-based methods might prove useful, where possible applications might
include a meta-analysis of the functional diversity of different sites where the functional
diversity is categorised slightly differently in multiple datasets collected by different research

groups.

The focus of the last case study, was to investigate the directionality of transmission of
antimicrobial resistance of Salmonella DT104 in a sympatric population of humans and
animals in Scotland. To examine antimicrobial resistance, a specific genetic or phylogenetic
measure is usually required, but the same measures that can detect more “classical” notions
biodiversity in the BCI study site can detect phenotypic diversity in antimicrobial resistance.
In order to achieve this, the similarity between phenotypic resistance profiles was incorporated
into Reeve et al.’s (2016) framework. Measures of beta diversity were then used to determine
the flow of resistance between populations. As far as I am aware, this is the first time
this method has been used. However, results agreed with those obtained by Mather et al.

(2012), showing that antimicrobial resistance was unlikely to have originated from the animal
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population.

In summary then, this chapter has shown that Reeve et al.’s (2016) framework is able to
examine diversity across a range of different applications and generate results validated by
other methods. It also shows the value of investigating subcommunity structure and the ease
with which it is possible to generate new diversity measures for new problems by tailoring
the similarity matrix. However it does not show that these measures should necessarily be
preferred over existing measures that are already being used to solve the same problems.
In the next chapter, I take a well established diversity problem, I create diversity measures
within this framework to tackle it, and I investigate how these measures compare to those

currently used in the literature.

87



Chapter 4

Phylogenetic beta diversity:
Comparisons with traditional

measures of phylogenetic diversity

‘A limitation of traditional metrics of community similarity is that they do not
account for the possible similarity among species that are not shared between
communities yet might nonetheless share traits through a common ancestry.’

— Ives & Helmus (2010)

4.1 Abstract

Recently, with advances in sequencing technology, the study of phylogenetics has permeated
almost every branch of biology, with applications ranging from the study of the evolutionary
relatedness between species, to the epidemiological dynamics of pathogens (Yang & Rannala,
2012). Phylogenetic diversity measures capture this information and thus provide a greater
understanding of how evolutionary factors influence patterns of diversity, providing insight
into subcommunity structure in terms of species composition and evolutionary relatedness.

Thus allowing evolutionary distinctiveness to be measured and preserved.

Phylogenetic beta diversity compares phylogenetic diversity between communities. These
measures can be broadly split into two categories — those that look at the phylogeny as a
whole, such as Faith’s (1992) phylogenetic diversity (Faith’s PD), and those that look at
pairwise tip distances, such as mean pairwise distance (MPD; Webb, 2000). In this chapter,
new measures are developed to quantify phylogenetic diversity from both of these perspectives,
providing alternative means with which to study the links inherent in ecological communities.
These methods are compared to those commonly used in literature and their robustness is
investigated using a variety of different phylogenetic simulations. Overall, results show that
compared to measures commonly used in the literature, the new measures of phylogenetic
beta diversity are better able to detect phylogenetic signal in community structure, under

nearly all circumstances.

To conclude this chapter, the practical utility of these measures is highlighted in a simple case

study, which re-investigates the transmission of antimicrobial resistance (AMR) in sympatric
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populations of humans and animals, using phylogenetic data to determine whether or not
epidemic strains of DT104 and its resistance genes were maintained separately or transmitted

extensively between host populations.

4.2 Introduction

To understand the scale of variation in a system, there are many factors to consider. Species
richness is the simplest measure of diversity, which counts the number of species in a community.
Incorporating relative abundance data reveals information regarding evenness or heterogeneity
in abundance. But consider for example, a community comprising three species of crow,
and another containing a bear, a sheep, and a goat. Most people would consider the second
community to be clearly more diverse. If two communities each have the same species
richness, then it is intuitive that the most diverse community will be that which contains
the most evolutionary history. Similarity-sensitive measures, such as taxonomic diversity
measures, capture this information to reveal a richer representation of the variation in species

composition®.

Phylogenetic diversity metrics first appeared in conservation biology when it was noted that
traditional measures of biological diversity were “inadequate for the task in hand” (Vane-
Wright et al., 1991; Weitzman, 1993): inadequate, because difficulties in estimating the true
number of species at a given location made it impossible to accurately represent the biological
diversity of a community. To tackle this problem, Vane-Wright et al. (1991) proposed a
measure of taxonomic distinctness, based on the number of nodes in a taxonomic tree (but
see, May, 1990). This was quickly followed by Faith (1992), who proposed a measure of
phylogenetic diversity with which to assess conservation priorities in terms of the phylogenetic
differences between species (by incorporating known branch lengths). In contrast to traditional
abundance-based diversity metrics that treat species as being taxonomically distinct (Simpson
and Shannon diversities, for example), these metrics ignore relative abundances, focusing

instead on cladistic classifications and relationships between species.

Faith’s phylogenetic diversity (commonly known as Faith’s PD) is defined as the sum of
branch lengths, written:
PD =Y {(b) (4.1)
bebr
where br is a set of branches in the time interval [—T,0] and #(b) is the length of branch b.
Faith’s PD describes the cumulative evolutionary history of a community from the most recent

common ancestor (MRCA). To understand what this means, consider the following example,

IThese measures rely on complete knowledge of taxonomic information, which might not always
be available, and assume that species in each taxonomic unit (e.g. two different genera) are equally

dissimilar
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Hypothetical data (rows are taxa and columns are (b) A-cladogram 2

features; 1-state indicates presence of a feature) 8

(a) A collection of features with no homoplasy
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Figure 4.1: Distribution of features across a set of ten taxa (adapted from Faith, 1992): (a) presence
or absence of features, denoted as 1’s and 0’s, respectively. (b) Cladogram showing the relationships between these
taxa, where taxa are grouped according to shared features and tick marks correspond to the derivation of each
feature.

adapted from Faith (1992). Figure 4.1a lists the presence or absence of a set of features in the
absence of homoplasy', where presence and absence are denoted 1 and 0, respectively. These
features (which may be phenotypic, behavioural, functional, or ecological) are represented in
Figure 4.1b in the form of a cladogram (a phylogeny where only topology is defined). The
cladogram comprises a set of external nodes (also known as tips, leaves, or terminal taxa —
highlighted by blue circles), which correspond to the set of taxa (taxonomic groups of any rank,
such as species, family, class, etc.) under study. These taxa are connected to internal nodes
(highlighted by red circles), which represent putative ancestors in the phylogeny. Lineages are
defined as lines of descent from ancestral nodes to a particular taxon of interest. Typically,
a cladogram is used to show the relative recency of common ancestry between species and
therefore, the branches (connective lines between nodes) are of arbitrary length. However,
in Figure 4.1b, each branch denotes an evolutionary chain between taxa, where tick marks
correspond to relevant feature changes. The length of each branch, therefore, corresponds to

the number of unique features derived from descendant nodes since the last putative ancestor.

Modern phylogenies are typically represented as bifurcating trees, where each node branches
into two descendent lineages, and branch lengths denote the amount of genetic change
(measured as the proportion of nucleotide substitutions), or evolutionary time, since divergence.
These can be represented as: non-ultrametric trees (also known as additive trees, metric trees,
or phylograms) or ultrametric trees (also known as dendrograms), where terminal taxa are

equidistant from the root.

In Figure 4.1b, feature x is shared by taxa 9 and 10, stemming from the second internal node
from the root. These taxa are said to form a clade, or monophyletic group (a group of taxa

originating from a shared common ancestor). When Faith’s PD is calculated, the total amount

'Homoplasy occurs when a feature evolves independently in multiple species and is therefore not

present in their common ancestor
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of evolutionary history represented by this clade is 5, equal to the sum of branch lengths (the
total number of tick marks) connecting taxa 9 and 10 to the root. By calculating diversity
in this way — where branch lengths are accurate and in the absence of homoplasy — Faith’s
PD is able to provide much more information than species richness alone. This is useful as a
means of prioritising species for conservation, for example, by identifying which set of species

represents the greatest amount of evolutionary history.

Phylogenetic beta diversity is identical to beta diversity when species are equally related
to each other. Commonly used measures of phylogenetic beta diversity can be categorised
into those that consider the phylogeny as a whole (tree-based measures) and those that
incorporate phylogenetic relationships as pairwise tip distances (distance-based measures). In
this study, I develop new measures of phylogenetic beta diversity (by extending Reeve et al.’s
(2016) framework) that use both of these strategies. These new measures are included in the
rdiversity package (Mitchell & Reeve, 2017), which is available on CRAN. For advanced
functionality and detailed examples, see https://github.com/boydorr /rdiversity.

The aim of this chapter is to determine how well these new measures of phylogenetic beta
diversity compare to those commonly used in literature (for which packages are available in
R packages R Core Team, 2016), in their ability to detect phylogenetic signal in community
structure. In the following sections, I randomly generate phylogenies (both ultrametric and non-
ultrametric) and evolve traits along them to create subcommunity structure (incidence-based
and abundance-based), based on different data types (qualitative and quantitative). In the
first instance, I investigate how each measure of diversity performs in the two subcommunity
case, since most traditional measures are designed for this purpose. After which, I explore how
these results are affected by nestedness, tree size, number of subcommunities, and evolutionary

rate.

4.3 Methods for measuring phylogenetic beta diversity

4.3.1 General notation

Consider a metacommunity comprising only two subcommunities, j and k. As described
above, the relatedness between S terminal taxa (across the metacommunity as a whole) can
be represented as a phylogenetic tree, J. Then the set of branches associated with each
subcommunities j and k are subsets of T, denoted J; and T, respectively. The total number of
terminal taxa in subcommunities j and k are denoted S; and Sy, respectively. And the number
of species descended from branch b in subcommunity j is S;(b). Likewise for subcommunity
k. As described in Section 2.2.2, the relative abundance of species in subcommunity j is

represented by the vector Pj = (Pyj, ..., Ps;), where P;; denotes the relative abundance of
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species 4 in subcommunity j. Also, P = (Plj, . ,ng) is the normalised relative abundance

of species in subcommunity j in isolation. Likewise for subcommunity k.

4.3.2 Tree-based measures of phylogenetic beta diversity
4.3.2.1 Common Branch Length (CBL)

Common Branch Length — a beta diversity analogue of Faith’s PD — is the total length of
branches shared by J; and T, (Tsirogiannis & Sandel, 2016), written:

CBL= Y () (4.2)

ngrj NT g

where J; N T}, denotes the set of branches shared by J; and J7.

Software: CBL is provided in the PhyloMeasures package v2.1 (Tsirogiannis & Sandel,
2015).

4.3.2.2 PD resemblance

As described in Section 1.6.1, measures of compositional similarity (and differentiation) — the
most well known being the Jaccard (1901, 1912) and Sgrensen (1948) indices — are commonly
used to quantify variation between communities. Ferrier et al. (2007) extended these measures
to incorporate phylogenetic information, developing a new class of incidence-based measures
referred to by Nipperess et al. (2010) as PD resemblance. This approach can be applied
to any measure (of compositional similarity or differentiation) based on the matching and
mismatching components of a 2 x 2 contingency table, where a is the number of species shared
by two communities, 6 is the number of species distinct to one community, ¢ is the number of
species distinct to the other, and & the number of species present in communities outwith
the two under study (Koleff et al., 2003). Ferrier et al. (2007) incorporate phylogenetic
relationships by redefining a, 6, ¢, and 4 in terms of total branch length, where a is the
total branch length shared by two communities, 6 is the total branch length distinct to one
community, ¢ is the total branch length distinct to the other, and 4 is the branch lengths
absent from the communities under study. Nipperess et al. (2010) then extend this approach
to incorporate species-abundance information, using a modification of Tamas et al.’s (2001)
framework. Independently, phylogenetic diversity analogues of the Jaccard index (UniFrac)
and the Bray-Curtis index (PhyloSor) were derived by Lozupone & Knight (2005) and Bryant

et al. (2008), respectively. These are discussed in more detail below.
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4.3.2.3 Unique fraction distance metric (UniFrac)

In their seminal paper, Catherine Lozupone and Rob Knight proposed a qualitative measure
of beta diversity to compare the distribution of microbial lineages between samples (Lozupone
& Knight, 2005). UniFrac (the unique fraction distance!) between two subcommunities
is a qualitative measure that captures the amount of evolutionary history unique to each

subcommunity as the fraction of unshared branch lengths.

n billp;>0 — Ipy,>0
UF = (4.3)
; iy bi
where Ip,;~¢ is an indicator variable (likewise for Ip, ~0):
1 ifP; >0
IP¢j>0 - Y (44)

0 otherwise

where P;; and Pj;, denote the proportion of taxa descended from branch ¢ in subcommunities
j and k, respectively. In other words,
PDji, — PDjny,

UF =
PDju

(4.5)

where PD is Faith’s (1992) phylogenetic diversity. The UniFrac measure is illustrated in
Figure 4.2a (taken from Fig.1 Lozupone et al., 2007) where the distance between the circle
subcommunity and the square subcommunity is the fraction of branches that are not grey
(note that duplicate sequences contribute no additional branch length). This metric captures
patterns of diversity related to the terminal nodes of a phylogeny, and when species are equally
related (in the case of a star phylogeny), it is equivalent to the Jaccard (1901, 1912) index of
dis(similarity).

Weighted UniFrac (wUF') extends this concept such that branches are weighted by the

abundance of information they contain (Lozupone et al., 2007):

Yo bi‘Pij - zk’
>ie bi (Pyj + Pix)

This is clearly demonstrated in Figure 4.2b where branch thickness corresponds to the relative

wUF =

(4.6)

abundance of sequences in square or circle subcommunities attributed to each branch. Squares
are weighted twice as much as circles, because there are twice as many circles than squares.
For example, branch 3 is completely balanced and contributes no weight to the calculations.

However, branches 1 and 2 have a thickness of 7 units and are therefore weighted very strongly.

Chen et al. (2012) argue that unweighted and weighted (raw and normalised) UniFrac distances

place too much emphasis on rare and highly abundant lineages, respectively. They propose

'Equivalent to Az (Bacaro et al., 2007)
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Figure 4.2: Unique fraction distance metric: (a) unweighted UniFrac, and (b) weighted UniFrac. Figure
taken from Fig.1 Lozupone et al. (2007). Squares and circles represent sequences from different subcommunities.
Lines denote the fraction of branch length with descendants from either the square or the circle subcommunities
(black), or both (gray). Line thickness is proportional to how much each branch is weighted in the calculation,

where grey branches have no weight.

a new distance measure, Generalised UniFrac (gUF'), which is more sensitive to changes in
moderately abundant lineages. This measure avoids bias by controlling the weighting on
abundant lineages, by incorporates a parameter, :

Sy bi (P + Pi) TP,
Sor b (P + P)”

gUF® = (4.7)

where « is an unnamed parameter! that controls the contribution of high-abundance branches
towards UniFrac distance. This parameter takes any value between 0 and 1, where as o tends

to 1, more emphasis is placed on highly abundant branches. When a = 0,

S b Pij—Pik
i=1 "2 Pyj+Piy

Z?:l bi

gUF° = (4.8)

which takes unweighted UniFrac as a special case when abundance data is converted into
presence-absence data (whereas weighted UniFrac does not). At the other extreme, when
a = 1, generalised UniFrac equals weighted UniFrac. Chen et al. (2012) recommends that
a = 0.5 is used, (being more robust than both weighted and unweighted UniFrac in simulated

studies) and so this value is tested alongside o € {0,1}.

Software: weighted and unweighted UniFrac measures are provided in the phyloseq package
v1.22.3 (McMurdie & Holmes, 2013), on Bioconductor. The generalised UniFrac measures
(Chen, 2012) are provided in the GUniFrac package v1.1, on CRAN.

Note that Chen et al.’s (2012) « parameter is completely unrelated to alpha diversity
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4.3.2.4 Phylogenetic Sgrensen index (PhyloSor)

Jessica Bryant and colleagues developed a measure of compositional and phylogenetic similarity,
derived from Sgrensen’s (1948) similarity coefficient. PhyloSor, the phylogenetic analogue
of the Bray Curtis index (Bray & Curtis, 1957) (and therefore also Sgrensen’s similarity
coefficient), is a similarity metric that describes the fraction of branch length shared by two
communities (Bryant et al., 2008),

PDjny,
1(PD; + PDy)

PhyloSor = (4.9)

where PD; and PD), are the total lengths of branches descended from taxa contained in
subcommunities j and k, respectively, and PDjq~; is the total branch length shared by
communities j and k. In contrast to UniFrac, this metric is sensitive to turnover occurring

deeper in the phylogeny.

Software: PhyloSor is provided in the betapart package v1.5.0 (Baselga & Orme, 2012)

4.3.2.5 Partitioning turnover and nestedness

Using an additive framework, Andrés Baselga (2010) proposed a new approach to separate
Sorensen’s (1948) dissimilarity index into species turnover and nestedness components. Using

Koleff et al.’s (2003) notation, Sgrensen’s index can be written:

b+ c

sor = ————
2a+ b+ ¢

(4.10)

where 6 and ¢ denote the total number of species distinct to each community, and a is the total
number of species shared by them both. This index incorporates both turnover and richness
components of diversity. Conversely, Simpson’s dissimilarity index describes spatial turnover

without the influence of species richness (Simpson, 1943; Baselga, 2010), and is written

When communities have the same number of species, 6 and ¢ are equal, and therefore sor
and sim are equal. Baselga (2010) states that any dissimilarity occurring between these
communities must be due to turnover, since nestedness is not possible when communities
share the same species. Therefore, when sor and sim are not equal, their difference, sor — sim,

must then be a measure of the nestedness,
max (b, ¢) — min(b, c) a

_ 4.12
one 20+ b+c ¥ min(6, o) (4.12)

Multiple (more than two) community analogues of Sgrensen’s dissimilarity (SOR), the

turnover component of Sgrensen’s dissimilarity (SIM; Simpson’s dissimilarity), and the
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nestedness-resultant component of Sgrensen’s dissimilarity (SN E) are derived by substituting
the multiple-community a-component, (Zj<k aji, — Zj<k<l aji + Zj<k<l<m Bjklm, — - - ) by
(Zj S — ST>, alongside pairwise 6- and c-component analogues, where S; and St denote

the total number of species in subcommunity j and across both subcommunities, respectively.
These are described in Baselga (2010) and listed here:

(Zj<l~c min b, %)) + (Ej<k max(bjg, 5kj))

SOR = 5 (Zj S - ST) T (Zj<k min( 6y, 5kj)) + (Zj<k max (bj, 5kj)) (4.13)
(Zj<k: min (b, 5kj))
SIM — (4.14)
(3585 = 57) + ()cp mineye. )
<2j<k max(bjk, Ekj)> - (Zj<k min (b, b"fj))
SNE =
2(S2; 85 = 1) + (Sjenmin(Ge, fiy)) + (5 max(bi b)) (4.15)

3,8~ Sr
(Zj Sj = 5T> + (Zj<k min(b;g, 5kj)>

X

where b;;, and f; are the number of species exclusive to subcommunities j and k, respectively.

Two years later, Baselga (2012) proposed a similar decomposition, partitioning Jaccard’s

(1901) dissimilarity into turnover and nestedness components. Jaccard’s index can be written:

b+ c

T = Tt

(4.16)

The turnover component of Jaccard’s dissimilarity index is

2min(b, c)

G
S a+ 2min(b, c)

(4.17)

Since jac = jtu + jne, the nestedness component of Jaccard’s dissimilarity index is

max(b, c) — min(5, c) a
a+b+c a+ 2min(b, c)

(4.18)

Multiple community analogues of Jaccard dissimilarity (JAC), the turnover component of

Jaccard dissimilarity (JTU), and the nestedness-resultant component of Jaccard dissimilarity
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(JNE), are described in Baselga (2012) and listed here:

(s iy 5)) + (Sacy may 7))

. (328 = Sr) + (Ziq min(b;j, bﬁ)) + (ZKj max(6;j, 5j~)) (4.19)
e B ) (4.20)
(> 8i—Sr) +2 (Zi<j min(6;;, 5ji)>
INE = (Zi<]‘ max(b;;, ﬁji)) - (ZKj min(5;, 5ji)>
(Zz Si — ST) + (Zi<j min(6;;, bﬁ)) + (Ziq’ max(b;;, 5],‘)> o)

Zi Si - ST
(Zz S; — ST) + 2 (Zi<j min(ﬁij, 5]1))

X

Leprieur et al. (2012) extend the pairwise-community partitioning framework to explicitly
define the phylogenetic equivalents of the Sgrensen (PhyloSor) and Jaccard (UniFrac) coeffi-

cients.

If each branch b in the phylogeny has a length of ¢(b), then PD = ) 5/4(b), PDiy =
Zﬁjuﬂ'k £(b), PDy =} g, {(b), and PD; = Eﬂ'j £(b). Therefore: a = PDy + PD;j — PD,y,
b = PDyyy — PDy, and ¢ = PD;,; — PD;. PhyloSor and UniFrac can then be written with

their turnover components:

2P Dy — PDy, — PD;

PhyloSor = 4.22
yrosor PDy + PD; (422)
in(PDiot — PDy,, PDioy — PD;
PhyloSorum = min(P Dot = PDy, PDtor ) (4.23)
PDk + PD] — PDtot + mln(PDtot — PDk, PDtot — PD])
. 2PDyot — PDy — PDj
UniFrac = 4.24
PDtot ( )
2min(PD;, — PDy,, PDyoy — PD;
UniFracu,, = min(P Dio: ky - Ztot j) (4.25)

PDy + PDj — PDyot + 2min(PDyoy — PDy, PDyoy — PDj)

Software: The phylogenetic analogues of the Jaccard and Sgrensen indices for pairwise and
multiple subcommunities, alongside their spatial turnover and nestedness components, are
provided in the betapart package v1.5.0 (Baselga & Orme, 2012).

4.3.2.6 Phylogenetic diversity as ‘effective numbers’

The study of phylogenetic diversity has gained considerable interest in recent years and many
methods of assessment have been explored. Most commonly, Faith’s PD (total phylogenetic
distance; Faith, 1992), MPD (mean phylogenetic distance; Webb, 2000), and MNTD (mean
nearest taxon distance; Webb et al., 2002). For reviews, see Vellend et al. (2007) and Tucker
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et al. (2016). Recently however, Chao et al. (2010) derived a new class of phylogenetic measures
based on Hill (1973) numbers (described in Section 1.4). This family of measures quantify
phylogenetic diversity in terms of effective numbers (described in Section 1.3) and therefore
satisfy sensible mathematical properties such as the replication principle (also described in
Section 1.3). Furthermore, like Hill numbers, Chao et al.’s (2010) phylogenetic measures are
expressed as a function of the parameter ¢, which allows the variability of a community to be

quantified along a continuum of values known as a ‘diversity profile’.

Chao’s phylogenetic diversity

Chao et al. (2010) proposed that the diversity of a phylogenetic tree should be considered in
terms of the Hill number of the “entire virtual assemblage of ancestral species”. Consider the
following example. Figure 4.3 shows an ultrametric tree, representing the evolutionary history
of four present-day species (terminal taxa) with relative abundances p = (p1, p2, ps, p4). For
any point in time, ¢, in the interval [—T, 0], the importance attributed to ancestral species is
calculated by summing the relative abundance of their present-day descendants. For example,
the ancestral species connecting nodes A and B has a relative abundance of ps + p3, which
reflects how important this ancestral species is to the present-day assemblage. The lineage
diversity at time t is calculated by dividing this value by the total abundance at time ¢ and
inserting these values into the equation for Hill (1973) numbers of order ¢q. For example,
the lineage diversity of slice 2 (during the interval T3) is calculated as D(t) = My_1 (p,p) ",
where p = (%, %, B) and T = (p1 + p2 + p3 + ps). For a given community, these
measures generalise traditional distance-based approaches to account for species relatedness
over taxonomic and phylogenetic distance. Therefore, as with traditional measures of spatial
diversity, phylogenetic diversity can be calculated within- (alpha), between- (beta), and across-
(gamma) multiple subcommunities. However, in contrast to spatial diversity, these measures

quantify community structure in terms of species composition and evolutionary relatedness.

Branch diversity, or ‘phylogenetic diversity of order ¢ through T years ago’, is calculated as

the effective number of lineage years:
1PD(T) =T x 1D(T). (4.26)

where 9D(T) is described as the ‘mean diversity of order q over T years’ or the effective
number of mazimally distinct lineages for the time interval [—T,0], and T is the interval
length (which when the phylogeny is non-ultrametric, is replaced with T', the average distance
from root to tip for all terminal taxa). Branch diversity takes Faith’s (1992) PD (the total

phylogenetic length) as a special case when ¢ = 0, (when only species richness is considered).

The effective number of maximally distinct lineages is calculated as:

1/(1—q)

LOMNEAY
b — | (Zveor Fo(0)7) 120, q#1 .

exp (Loes, p0)10gp(b)) =1
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where by is the set of branches in the time interval [T, 0], ¢(b) is the length of branch b,
p(b) is the total relative abundance of species descended from branch b, and — as with Hill
numbers — the parameter ¢ determines how sensitive these measures are to ancestral species
of differing abundance. This value is high when there are many deep branches that are well
represented in the present-day assemblage, and low when branches emerged recently and
are poorly represented in the present-day assemblage (Chao et al., 2010). When all branch
lengths are equal to T, the effective number of maximally distinct lineages reaches an upper

limit equal to Hill numbers 9D, the effective number of species.

Software: At the time of writing, only the gamma diversity measures are available as an
R package and Chao et al.’s (2010) phylogenetic beta diversity measures are therefore not

included in the analyses in this chapter.

Leinster & Cobbold’s phylogenetic similarity

Subsection 1.5.2 describes Leinster & Cobbold’s (2012) measure of similarity-sensitive diversity.
This metric can be adapted to calculate phylogenetic diversity by considering a particular
period of evolutionary history, rather than the species themselves (as in Chao et al., 2010).
A phylogeny represents the inferred evolutionary relationships of a set of species, the tips
represent the species themselves, and the root, their most recent common ancestor (MRCA).

Internal nodes correspond to speciation events, and these events are connected by internal

- =T b - slice 3
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Figure 4.3: An ultrametric rooted phylogenetic tree used to describe how the concept of ‘branch
diversity’ is defined: (Adapted from Figure 1 in Chao et al., 2010).
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branches representing periods of shared evolutionary history. Each lineage therefore contains
both shared (internal branches) and distinct (terminal branches) periods of evolutionary
history, termed historical species. Historical species, denoted (i, b), exist during a particular

period in the evolutionary history of species i, equivalent to the length of branch b.

Leinster & Cobbold (2012) calculate phylogenetic diversity by substituting the relative
abundance of historical species and the similarity between historical species into their measure
of similarity-sensitive diversity. Consider a community, p = (p1,...,ps), where p; defines
the relative abundance of the i species. The relative abundance of historical species is
determined by weighting p; by the amount of evolutionary history being occupied. Thus the
relative abundance of the historical species ‘(i,b)’ — ancestral to species i, occupying branch b
— is calculated as:
£(b) .

Tib) = 5 Pi fori e I, (4.28)

otherwise historic species (,b) does not exist, and where T is the mean evolutionary change

per terminal taxa, given as:
T =Y piti=> pO)Dd)= > pil(b) (4.29)
i b ibiicTy

where /; is the total evolutionary change of terminal taxa undergone by species ¢ back to the
root of the tree, p(b) is the total relative abundance of species descended from b, and I}, is the

set of species descended from branch b.

Using this notation, phylogenetic gamma diversity is therefore calculated as usual:

r N\ Yi-q .
(Simpmoms Zm) )" i g g {1,00)
192 (m) = { iimy>0(Z70); i_’bl ifg=1 (4.30)
7). if g =
<7;;52,?§o( 77%) if ¢ = o0

where 7 is a vector of the relative abundance of historical species for 3, > ... 1, Tib) = 1,

and the similarity between historical species is defined as

p T/e, if i’ € I (1 if tree is ultrametric) (4.31)
‘7b b ‘/?b/ = ‘
GO 0 otherwise

where for each branch b, I, is the set {1,2,...,S} of species descended from b, i is the species
descended from branch b, i’ is the species descended from branch ¥/, and Z(ip),(irp) 18 the
pairwise similarity between (i,b) and (¢/,b"). When 4’ is part of the set of species descended
from branch b, the pairwise similarity between (i,b) and (¢,b') is the mean evolutionary
change per species relative to the length of evolutionary history descended from species 7.

This breaking down of the data into historical species with the associated similarity matrix

defined above was done to fit Chao et al.’s (2010) phylogenetic diversity within Leinster &
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Cobbold’s (2012) broader framework. They therefore give identical results for phylogenetic

gamma diversity.

By incorporating this methodology into Reeve et al.’s (2016) framework, we can calculate

phylogenetic alpha, beta, and gamma diversities. This is described in the following section.

New tree-based phylogenetic beta diversity
Reeve et al.’s (2016) framework of similarity-sensitive diversity measures can be extended to
incorporate the phylogenetic relatedness between species described above. Following Leinster
& Cobbold (2012), phylogenetic diversity is calculated across types defined as historical
species. The relative abundance of the historical species in a single community is written as
T(ip) = Egﬂfb)pi (Leinster & Cobbold, 2012). Then, incorporating this into the framework, the
relative abundance of the historical species (7,b) in subcommunity j can be written as:
£(b ,

Wip); = (T)P,“ forie I (4.32)

where Zb7 j Y iic 1, (ip),; = 1. The pairwise similarity of historical species is calculated as

described above, that is:

p T/e, if i’ € I (1 if tree is ultrametric) (4.33)
'7b , '/’b/ = .
(O 0 otherwise

where species ¢ is descended from branch b, species ¢’ is descended from branch ¥, and
Zip), (v is the pairwise similarity between (4,b) and (¢/,b"). When i’ is part of the set of
species descended from branch b, the pairwise similarity between (i, b) and (¢, ') is the mean

evolutionary change per species relative to the length of evolutionary history descended from

species 7.

If necessary, a parameter, T, can be used to define how much of the evolutionary history is
preserved (effectively allowing the similarity between historical species to be scaled). When
T = 0, no evolutionary history is preserved, but some terminal taxa remain. For ultrametric
trees this is all species, but for non-ultrametric trees, only the most recent species are preserved.
As T increases, more evolutionary history is captured and in the case of non-ultrametric trees,
older species are gradually included. At T' = 1, the entire phylogeny presented is preserved
and for T' > 1, the root(s) of the tree is/are extended proportionately.

These newly developed tree-based phylogenetic beta diversity measures can be used to
calculate the standard metacommunity-level measures of beta diversity!, and are written
using the following notation: 9B%tree (average distinctiveness), 1B%tree (the effective number

of subcommunities), 1R%trec (average redundancy), and 1R%trec (average representativeness).

Tn fact, we can use the same methodology to calculate tree-based phylogenetic gamma and alpha

diversities from metacommunity-level measures of alpha and gamma
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Software: These new measures of phylogenetic diversity are provided in the rdiversity

package v1.2.1, developed by myself.

4.3.3 Distance-based measures of phylogenetic beta diversity

4.3.3.1 Mean pairwise distance (MPD)

Mean pairwise distance (MPD) is measure of dissimilarity, which gives the average phylogenetic

distance between each taxa in a single community (Webb, 2000),

D Zi:i<i’ Oi' DiDir

MPD =
Doir D iicit PiDi

(4.34)

where p; and p; denote the relative abundances of taxa i and ', respectively, and d;; is the
phylogenetic distance between them. This metric is commonly considered a basal metric of
phylogenetic relatedness, and may be used to determine whether species in a given community

are more closely related than expected by chance.

There is a beta diversity measure derived directly from the mean pairwise distance. In a two
community sample, 7 and k, the mean pairwise distance separating taxa in these communities
is calculated by measuring, for each taxon in sample j, the average distance to all taxa in

sample k, and determining the mean of these values (Webb et al., 2008):

D iej Quick OiPiby
>ie j > ick DiDir

MPDjj, = (4.35)

Tsirogiannis & Sandel (2016) describe a measure of Community Distance (CD), which they
describe as being analogous to Webb et al.’s (2008) two-sample MPD. The Community
Distance between j and k is calculated as the total branch length connecting each tip in j

with each tip in k, divided by the total number of paths, which is written,

1
CD = 5.5 SN lus (4.36)

u€j vek

where £,,_,, is the sum of all branches connecting nodes v and v.
Software: Both weighted and unweighted versions of pairwise community M PD are provided

in the picante package v1.7 (Kembel et al., 2010). Community Distance (CD) is provided in
the PhyloMeasures package v2.1 (Tsirogiannis & Sandel, 2015).
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4.3.3.2 Mean nearest taxon distance (MNTD)

Mean nearest taxon distance! (MNTD) is a measure of dissimilarity, which describes the
average phylogenetic distance between each species and its nearest co-occurring neighbour, in

a single community,

S
MNTD = gl;n(aii,)pi (4.37)
i— K2 1

This metric is typically considered a terminal metric of phylogenetic diversity Webb et al.
(2002) and is used to determine whether neighbouring species are less closely related than

expected by chance.

The corresponding beta diversity measure is the mean nearest taxon distance separating
species in two communities and is calculated by measuring, for each species in sample 3, the
nearest phylogenetic neighbour in sample k, and determining the mean of these values Webb
et al. (2008),

1 1 . 1 .
MNTDjp, = 5 < Z min buw | + [ = Z min &, (4.38)
J uej vek

where ¢, is the distance between species u in subcommunity j and its phylogenetically

nearest species v in subcommunity k.

Tsirogiannis & Sandel (2015) describe a two-sample analogue of MNTD, the Community
Distance-Nearest Taxon (CDNT) metric,

1
CDNTsp = = min 4, , (4.39)
Sj ’ vek
ucy

Since CDNTy g might not be the same as CDNTp 4, Tsirogiannis & Sandel (2015) recom-
mend taking the maximum (mCDNT) or the average (aCDNT) of these values:

Zuej mingeg by—o + Zvek minuej Lysy
Sj + Sk
mCDNT = max (CDNT4p, CDNTg,) (4.41)

aCDNT =

(4.40)

Software: Weighted and unweighted versions of pairwise community M NT D are provided
in the picante package v1.7 (Kembel et al., 2010). Maximised Community Distance Nearest
Taxon (mCDNT) and Community Distance Nearest Taxon (aCDNT) — beta diversity versions
of MNTD — are provided in the PhyloMeasures package v2.1 (Tsirogiannis & Sandel, 2015).

1 Also known as mean nearest neighbour distance (MNND)
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4.3.3.3 Quadratic entropy

A well established and commonly used index that combines both species abundance and
pairwise distance is Rao’s (1982) quadratic entropy!, . Consider an assemblage of species
characterised by the relative abundance p = (p1,...,ps). It is well known that Simpson’s
index of concentration describes the probability that two individuals sampled from the same
community belong to the same species. Therefore, the complement of Simpson’s index describes
the probability of two individuals belonging to different species. This can be rewritten to
incorporate phylogenetic relatedness as DF = > i > 0ipipir., where & is the distance
between species i and ', such that §;;; = 0 when species are identical (i = ') and d;;7 = 1 when
they are distinct (i # i’). Simpson’s index is therefore equivalent to Rao’s (1982) quadratic
entropy in the special case where species are equally related to one another (i.e. in the case of
a star phylogeny); this is defined as species identity diversity (D'). Conversely, in a bifurcating
tree, d;; describes the phylogenetic distance, or divergence time, between species ¢ and ',
such that 0 < 0;7 < 1. It follows then, that D measures the average time-since-divergence
between two randomly sampled individuals, or equivalently, “the mean phylogenetic distance
between distinct species” (Hardy & Senterre, 2007).

Hardy & Senterre (2007) then borrow from population genetics, using additive partitioning
methods to define phylogenetic diversity in terms of alpha, beta, and gamma components;
but see Villéger & Mouillot (2008), with a rebuttal by Hardy & Jost (2008). Consider
a metacommunity comprising N subcommunities where p;; is the relative abundance of
species ¢ in subcommunity k. The diversity of a subcommunity in isolation (alpha) is
DE = 3,5 8i firfor. and the total diversity (gamma) of a metacommunity is D =
> S diipipir.. The diversity amongst subcommunities (beta) is DX — DE | which is simply
the additive partitioning of phylogenetic quadratic entropy into alpha and beta entropies;
Chave et al. (2007) define the same formulation using different notation. This can be rewritten
to describe the phylogenetic diversity of a subcommunity as a fraction of the phylogenetic

diversity of the metacommunity as a whole, combining both species and phylogenetic turnover:

Dr — Dy

Pop —
ST DF

(4.42)

where Dg and D; denote the mean phylogenetic distance between individuals within a sample
and across the metacommunity as a whole, respectively. This measure is equivalent to Ngr
from classical population genetics. In the naive case, comparing subcommunity species-identity

diversity to the total diversity of the metacommunity yields a measure of species turnover?,

Independently discovered by Warwick & Clarke (1995) as Taxonomic diversity, /.
2Tuomisto (2010a) criticises interpreting this as a measure of either diversity or species turnover,

explaining that it is actually a measure of variance
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which is equivalent to Fsr (or Gsr):

DL - DL

Isr = (4.43)
Df
where D{g and D} denote the probability that two individuals belong to the same species,

within a sample and across the metacommunity as a whole, respectively.

Given that these measures are based on Simpson’s index, they intrinsically under-emphasise
rare species compared to species richness based measures, and therefore Hardy & Senterre
(2007) (following Clarke & Warwick, 1998) define an alternative measure of phylogenetic

distinctness based on species incidence data:

AP AP

— 4.44
N (140

sy =
where Ag and A? denote the mean phylogenetic distance between species, averaged across
samples, and metacommunity as a whole, respectively. An abundance-based measure of
phylogenetic turnover is given in Hardy & Jost (2008):
Dy
Dy,

Bsr=1-— (4.45)
where D and D7 denote the mean quadratic entropy across samples and the metacommunity

as a whole, respectively, including sample size correction.

Software: Rao’s quadratic entropy is provided by the picante package v1.7 (Kembel et al.,
2010), though can only be used with ultrametric trees. Psr, Ist, Ilgp, and Bgr are provided
in the spacodiR package v0.13.0.0115 (Eastman et al., 2011).

New distance-based phylogenetic beta diversity

As with the new tree-based phylogenetic beta diversity measures, Reeve et al.’s (2016)
framework of similarity-sensitive diversity measures can be extended to incorporate the
distance-based phylogenetic relatedness between species in partitioned communities described
above. However, since this framework requires similarities, these distances need to be
transformed. In Chapter 3, I used two strategies for doing this, a linear transformation for
taxonomic similarity and an exponential transformation for phenotypic similarity (whether a
linear or exponential transformation is selected, determines how similarity is scaled relative to

distance). For completeness, here I will investigate both.

Linearly transformed phylogenetic pairwise-distance based beta diversity (henceforth denoted

PPDy) is calculated from the relative abundance of species, with similarity calculated as

LA population genetic measure of allelic diversity (Wright, 1951, 1965; Nei, 1973) derived from the
Gini-Simpson index and Rao’s quadratic entropy
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a linear transformation of the pairwise distance between terminal nodes (section 1.6). As
with Shimatani’s (2001) taxonomic diversity in Chapter 3, distances are transformed as an
analogue of nucleotide diversity (Nei & Li, 1979),

1 —dit/kdma. if djyy >0
T = / (4.46)

1 otherwise

where d;; is the distance between terminal nodes (the phylogenetic equivalent of the number
of nucleotide differences per nucleotide site between sequences) and k is a constant that varies
the distance required before species are considered completely distinct (see Figure 4.4). Using
this method, a linear relationship is observed between distance and similarity, where the
distance required for a species to be considered completely distinct increases with k, i.e. as k

increases, distinct species share less evolutionary history.

Exponentially transformed phylogenetic pairwise-distance based beta diversity (henceforth
denoted PPD,) also calculates diversity from the relative abundance of terminal taxa. However,
similarity is now calculated as an exponential transformation of the pairwise distance between

terminal nodes:

ZZZ/ _ e_d“'//(k maxdii/) (447)

where terminal nodes separated by a particular d;; are considered more distinct when k is

increased.

These newly developed distance-based phylogenetic similarity measures are then used to
calculate the standard metacommunity-level measures of beta diversity, and are written
using the following notation (when phylogenetic distance is linearly transformed): 1BZrPD,
(average distinctiveness), 1BEPPDy (the effective number of subcommunities), IRZPPP1 (average
redundancy), and 4RZ4PPD, (average representativeness). Likewise, substituting Zppp, for

Zppp, when phylogenetic distance is exponentially transformed.

linear exponential
1.00 k
— 0.125
0.75- 0.25
2 — 05
I 0,50 — 075
£
n — 1
0.25- 2
— 4
0.00- — 8
0 25 50 75 100 0 25 50 75 100
Distance

Figure 4.4: Transforming pairwise distances into similarities: How similarity changes with distance at
different values of k.
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Software: These new measures of phylogenetic diversity are provided by the rdiversity

package v1.2.1, developed by myself.

4.3.4 Covariance matrix based measures of phylogenetic beta diversity

4.3.4.1 Phylogenetic community dissimilarity (PCD)

Phylogenetic community dissimilarity (PCD) highlights the pairwise differences between
communities by considering, “how much of the variance among species in the values of a
hypothetical nonselected trait in one community can be predicted by the known trait values
of species in another community” Ives & Helmus (2010). This metric can be partitioned into
phylogenetic and non-phylogenetic components, such that PCD = PCD. x PCD,, where
PCD, is the evolutionary relatedness of unshared species and PCD, is the proportion of

shared species (analogous to Sgrensen’s index). PCD is calculated,

anSVm + TLQPSVVQH
n1PSVy + noPSVy

PCD = (4.48)

where PSV is the Phylogenetic Species Variability metric, a variance-based metric, which is
described in (Helmus et al., 2007).

Software: PCD is provided by the picante package v1.7 (Kembel et al., 2010).

4.4 Experimental methods

4.4.1 Generating phylogenies

Ultrametric trees (where terminal taxa are equidistant from the root) and non-ultrametric
trees (where lineages vary in length) were randomly generated using the functions:
phytools: :pbtree() and ape: :rtree(), from phytools v0.6-44 and ape v5.1, respectively
(Paradis et al., 2004; Revell, 2012). Rather than modelling real world data, these functions
are commonly used to generate simple phylogenetic trees (Chamberlain et al., 2014; Goberna
& Verdd, 2016; Pavoine et al., 2017; Plazzotta & Colijn, 2017). The average distance between
root and tip was normalised to the same value for ultrametric and non-ultrametric trees.
Population structure was simulated by evolving traits (representing the subcommunity identity

of terminal taxa) along each lineage of a phylogeny.

107



4.4 EXPERIMENTAL METHODS

4.4.2 Generating community structure

In order to test the ability of phylogenetic beta diversity measures to detect phylogenetic
signal in community structure, the presence of individual species in subcommunities within
a metacommunity should be determined by some evolved trait or traits. The process by
which an evolved trait is associated with a particular subcommunity is hereafter described as
the determination of subcommunity preference. Where there’s only one trait, subcommunity
preference for one subcommunity over the other(s) will be either qualitative or quantitative,
resulting in incidence or abundance (only in the case of a quantitative trait) data for each
species and subcommunity. On the other hand, multiple traits may determine independent
preferences for each subcommunity in turn (evolved independently), giving similar results, or
multiple quantitative traits may act together to give inter-dependent incidence or abundance

data for multiple subcommunities.

Two subcommunities
To generate community structure, traits (either qualitative or quantitative) were evolved along

a phylogeny, either independently for each community or in a dependent fashion.

Qualitative traits (i.e. ‘yes’ or ‘no’ for a discrete character) were evolved along a phylogeny
using the function, phytools::sim.history() (Revell, 2012). These discrete character traits

are stochastically ‘evolved’ according to the following matrix:

a b
Q=|"" 1| a (4.49)
T —r;| b

where the entry Qp, denotes the transition rate from states a — b (the preference for
subcommunity a or b), which is fixed at r; for all transitions. If the qualitative trait is required
to evolve independently for each community, this process is carried out twice (or N times for
N communities), and whether or not the state matches the appropriate community determines
presence or absence of the species in that community. This results in a subcommunity location
for each species, which is translated into a metacommunity matrix (see next section), P,

comprising elements P;; € {0,1}, which denote the incidence of species 4 in subcommunity j.

Quantitative traits were evolved under Brownian motion using phytools::fastBM() (Revell,
2012), with a constant rate r;. This process results in a vector of numeric values, * =
(z1,...,zs), comprising elements z;, which correspond to an evolved value associated with
species i. Each value was then transformed under an inverse logit (or logistic) function so

that 0 < y;, < 1 (allowing the value to be viewed as a probability) if the traits are evolved
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independently for each community:

1

-1
yj, = logit™ " (z;,) =
If incidence or abundance of species in the two communities are evolved together (dependent),

then equations for the two communities are as follows:

1

= 4.51
1 + e—iEi ( )

Ya;, = logit ™! (x;)
1 1

1+e % T 1t em

yp, = logit™ ! (—x;) = 1 — (4.52)
These quantitative traits were then used to generate either incidence data or abundance data

(see next section) to fill the matrix P.

Multiple subcommunities
Qualitative traits were evolved along each phylogeny using the same methods as above, with

instantaneous rates of transition defined between four subcommunities:

a b ¢ d
—37’1 T Tl T a
Q=| " —3r; T T b (4.53)
T T —3r; T ¢
7] 7] 7 —3rd d

where the diagonal is multiplied by —3 so that rows and columns sum to zero. Likewise,

instantaneous rates of transition defined between eight subcommunities:

a b c d e f g h

_—77‘1 T Ty T Tl T T T i a
1 — 77“[ T 1 T 1 T T b
7 7 —Tr 7] T 7] 7 il c

Q=| " T T —Tr; T 7] T T d (4.54)

T T Ty T — 77“1 T T Ty €
1 T T T T —77"1 T T f
T T T T T ro =T | g

L 7 7] T 7 7 ol 7 —Trid h

Quantitative traits were evolved using the same methods as above, which when the abundance

of species in each subcommunity is defined as being independent:

gy, = (14 e B (4.55)
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Alternatively, when the abundance of species in each subcommunity are dependent on each

other, then N traits are evolved for 2V subcommunities, which are transformed for four

subcommunities:
-1
Ya; = (1 + e E(ab); 7x(aC)i>
Ub, = (1 + e‘x<ab>i+x<ac>i>_
" (4.56)
Ye; = (1 + ex(ab)i_x(ac)i>
Yd; = (1 + e%b)ﬁf(ac)iy

where x4, (the preference of species i for subcommunities @ and b) and x(4), (the preference
of species i for subcommunities a and ¢) are independently evolved traits. Similarly, for eight

subcommunities:

1
yai — 1 + e_x(abccl)i_x(abef)Z (abeg);

1
e~ T(abed); ~E(abef); T T (abeg);

—_
+

Yp; =

1 4 e~ %(abed); To(abef); ~(abeg);

Ye; =
1

)
)
-
)

(4.57)

Ye;, = 1+ ex(ade)z‘_w(abef)i_m(abeg)z)

—1
yr, = (14 ef’f(abcdn*ff(abef)i“(abeg)i)

ydl — (1 + e_x(abcd) +x(abef)z+x (abeg);

-1
Yg, = (1+ ex(ﬂbcd)i+x(ab6f)¢_I(abeg)z)

UYn, = (1 + ew(abcdn+$(abef)i+$<abeg>i)

where T (gpeq), s T(abef);» ad T(qpeq); are independently evolved traits.

4.4.3 Experimental structure

To test the robustness of each measure, different experimental structures were designed for

each phylogenetic simulation.

Experiment 1: Two subcommunities

In the simplest case, phylogenetic beta diversity metrics were compared across a metacommu-
nity comprising two subcommunities and 100 species. For simplicity, the rate of evolution was
assumed to be constant over the whole tree. The transition rate, r;, and the evolutionary rate
¢, for the qualitative and quantitative traits were fixed to 0.02 and 0.2, respectively (different
evolutionary rates are investigated in Experiment 5). Six distinct partitioning strategies were

designed and these are described below (with examples shown in Figure 4.5).
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1-1.

1-2.

1-3.

1-4.

1-5.

1-6.

Qualitative-dependent (qd): pa and pp derived from the evolution of a single trait
along a phylogeny (using the Q matrix in Equation 4.49). This process yields the
presence or absence of species in each subcommunity, such that each species belongs to

subcommunity A or B, but not both (Figure 4.5a).

Qualitative-independent (qi): pa and pp derived from the evolution of two independent
traits along a phylogeny (each using the Q matrix in Equation 4.49). This process
yields the presence or absence of species in each subcommunity, such that each species
belongs to either subcommunity A or B, both subcommunities A and B, or neither

subcommunity A nor B (Figure 4.5b).

Quantitative-dependent-binary (qdb): pa and pp derived from the evolution of a single
trait, ; (and transformed into probabilities using Equations 4.51 & 4.52). Population

structure is generated as presence-absence data (Figure 4.5¢):

pa, ~ Bernoulli(y,,)
pB, ~ Bernoulli(y, )

where yp, = 1 — y,, and y,, is the probability of species i existing in subcommunity A.

Quantitative-independent-binary (qib): pa and pp derived from independently evolved
traits, x4 and xp, respectively, using the same formulae as above, but v, is the probability
of species i existing in subcommunity B (from Equation 4.50). Population structure is

generated as presence-absence data (Figure 4.5d).

Quantitative-dependent-proportional (qdp): pa and pp dependent on a single trait, x;:

pAi ~ Blnomlal(loooa yai)
pB; ~ Binomial(1000, yp, )

where y,, = 1 — Ya,, Ya; is the probability of an individual of species i belonging to
subcommunity A, and metacommunity structure is generated as species-abundance data
(Figure 4.5e).

Quantitative-independent-proportional (qip): pa and pp derived from independently
evolved traits, o and xp, respectively, using the same formulae as above, but v, is
defined as the probability of an individual of species i belonging to subcommunity B.

Population structure is generated as species-abundance data (Figure 4.5f).
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Figure 4.5: Examples of abundance distributions generated from each partitioning strategy in Ex-

periment 1: (a) dependent and (b) independently evolved qualitative traits; (c) dependent and (d) independently

evolved quantitative traits transformed as the probability of species ¢ being present in subcommunity A; and (e) de-

pendent and (f) independently evolved quantitative traits transformed as the probability of an individual of species

i being present in subcommunity A.
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Experiment 2: Nested subcommunities
The effect of nestedness was examined using independently evolved traits. Again, each meta-
community comprised two subcommunities and 100 species, where subcommunity structure

was defined in six distinct partitioning strategies:

2-1. Qualitative-independent (qi): pa and pp derived from the evolution of two independent
traits along a phylogeny (each using the Q matrix in Equation 4.49).

pa, ~ the incidence of species 4 in subcommunity A evolved from trait x4
pB; ~ the incidence of species 7 in subcommunity A evolved from trait x,

X the incidence of species 7 in subcommunity B evolved from trait ap

This process yields the presence or absence of species in each subcommunity, such that

each species belongs to subcommunity A or B, or both

2-2. Quantitative-independent-binary (qib): pa and pp derived from independently evolved

traits, x4 and xp, respectively:

pa, ~ Binomial(N, y,,)
pB, ~ Binomial(N, y4, X yp,)

where y,, and y,, are defined as in Experiment 1-4. Population structure is generated

as presence-absence data.

2-3. Quantitative-independent-proportional (qip): pa and pp derived from independently

evolved traits, x4 and xp, respectively:

pa, ~ Binomial(N, yq,)
pB; ~ Binomial(N, ya, X yp,)

where y,, and y,, are defined as in Experiment 1-6. Population structure is generated

as species-abundance data.

Experiment 3: Varying tree size

The effect of scale was assessed by generating phylogenetic trees with varying species counts.
Preliminary investigation determined that 100 tips was enough to give almost 100% power,
therefore experiments were carried out for 10, 25, 50, 75, and 100 tips. Phylogenetic beta
diversity metrics were assessed using metacommunities comprising two subcommunities, where
six distinct partitioning strategies were used to generate community structure: strategies 3-1

to 3-6 are defined as in Experiments 1-1 to 1-6.
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Experiment 4: Multiple subcommunities

The effect of multiple subcommunities was examined by repeating these experiments with

four and eight subcommunities. The six partitioning strategies were adapted in the following

way:

4-1.

4-2.

4-3.

4-4.

4-5.

4-6.

Qualitative-dependent (qd): the presence or absence of each species in each subcom-
munity is determined by the evolution of a single trait, using an appropriate Q-matrix
(Equations 4.53 & 4.54).

Qualitative-independent (qi): the presence or absence of each species in subcommunity j
is determined by the evolution of a single trait, using an appropriate Q-matrix (Equations

4.53 & 4.54). This is repeated for each subcommunity.

Quantitative-dependent-binary (qdb): the presence or absence of species i in subcom-
munity j is sampled from p;, ~ Bernoulli(y;,), where for 2V subcommunities y;, is the

logit transform of N independenly evolved traits (Equations 4.56 & 4.57).

Quantitative-independent-binary (qib): the presence or absence of species ¢ in subcom-
munity j is sampled from pj;; ~ Bernoulli(y;,), where y;, is the logit transform of z;,

(Equation 4.55). This is repeated for each subcommunity.

Quantitative-dependent-proportional (qdp): the abundance of species i in subcommunity
j is sampled from p;, ~ Binomial(1000,y;,), where for 2" subcommunities y;, is the

logit transform of N independenly evolved traits (Equations 4.56 & 4.57).

Quantitative-independent-proportional (qip): the abundance of species ¢ in subcommu-
nity j is sampled from p;, ~ Binomial(1000, y;,), where y;, is the logit transform of z;,

(Equation 4.55). This is repeated for each subcommunity.

Experiment 5: Varying qualitative evolutionary rates

The effect of evolutionary rates was investigated in qualitative traits. Varying the qualitative
transition rate, r; € {1,0.2,0.1,0.02,0.01}:

Ha-1.

Ha-2.

Qualitative-dependent (qd): defined in Experiment 1-1.

Qualitative-independent (qi): defined in Experiment 1-2.

Varying the quantitative rate, r, € {0.002,0.02,0.2,2}:

5b-1.

5b-2.

5b-3.

Quantitative-dependent-binary (qdb): defined in Experiment 1-3.
Quantitative-independent-binary (qib): defined in Experiment 1-4.

Quantitative-dependent-proportional (qdp): defined in Experiment 1-5.

5b-4. Quantitative-independent-proportional (qip): defined in Experiment 1-6.
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4.4 EXPERIMENTAL METHODS

Examples of kinds of subcommunity structure generate using each of these parameters is

shown in Appendix B.1.

4.4.4 Calculating diversity

The aim of this chapter was to compare the new measures of phylogenetic beta diversity
(developed in this work) to those commonly used in the literature, in their ability to detect
phylogenetic signal in community structure. Commonly used measures for which R packages
(R Core Team, 2016) are available are listed in Table 4.1 and described in Section 4.3.

The new measures of phylogenetic beta diversity were calculated for all integer values of
0 < g < o0, as well as non-integer values when 0 < g < 1. Tree-based measures (described in
Section 4.3.2.6) were calculated for all T' € {0,0.25,0.5,0.75,1,2}. The entire phylogeny is
preserved when T' = 1 and removed when T'= 0. When 0 < T" < 1, only part of the phylogeny
is preserved, at a proportionate distance from the most recent tip. For non-ultrametric trees,
this may result in the removal of early terminal taxa. Finally, when 7" > 1 a root is extended
proportionately. The following measures were calculated: average distinctiveness (1B%ree),
the effective number of subcommunities (1B%¢e¢), average redundancy (1R%*¢), and average

representativeness (1R%tree).

Distance-based measures (described in Section 4.3.3.3), PPD; and PPD., were calculated
for the same values of ¢, for all k£ € {0.125,0.25,0.5,0.75,1,2,4,8}. The following measures
were calculated: average distinctiveness (qBZP PDi) . the effective number of subcommunities
(1B%rPo1) | guerage redundancy (RZPPP1), and average representativeness (1RZPPPr). Like-

wise, substituting Zppp, for Zppp, when phylogenetic distance is exponentially transformed.

4.4.5 Statistical analysis

The purpose of this study was to extend Reeve et al.’s (2016) framework to handle phylogenetic
beta diversity and compare these new measures to those commonly used in the literature
(discussed in Section 4.3). Phylogenetic beta diversity was calculated using the packages
described in Section 4.3 (in R) and permutation tests were used to determine whether measures

were capable of detecting phylogenetic signals in community structure.

Permutation test

Here I test the hypothesis that no phylogenetic signal can be detected in the subcommunity
structure (the null hypothesis). To simulate a null model of phylogenetic structure, species
(and their associated incidences/abundances in the subcommunities) were randomly assigned to

tips on the tree, obscuring any association between species identity and phylogenetic structure.
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This was done 999 times and phylogenetic diversity was recalculated from the resultant
distributions, resulting in 1000 diversity values. The resultant p-value is the probability of
observing an effect at least as extreme as that observed from measured results of the true
tree. That is, assuming subcommunity structure is not related to the phylogeny, how likely
is it that measured diversity would be at least as large as that observed? These values are
calculated by determining the proportion of all observations that were at least as extreme as
the true value of diversity. For each experiment and each partitioning strategy, p-values were
calculated individually for 128 randomly generated phylogenies. Then to summarise results,

an average was taken.

Power analysis

In hypothesis testing, the significance level («) is an arbitrarily selected level of acceptable false
positive detection (type I error; incorrect rejection of the null hypothesis). For each phylogeny,
a p-value less than o = 0.05 is considered significant, the null hypothesis is rejected!, and a
phylogenetic signal is considered to have been detected. That is, when a = 0.05, there is a 1

in 20 chance of detecting a false positive?.

Power (sensitivity) describes the probability that a true positive has been detected (correctly
rejecting the null hypothesis when it is false). This is calculated as the proportion of p-values
less than or equal to a = 0.05. That is, the proportion of each group of 128 repeats in which
the effect can be successfully distinguished from the null model. Assuming the null hypothesis
really is false, and here we have set up the experiment so that it is, a power analysis determines
the quality of the test, in this case how well the measured diversity can identify phylogenetic

signals in community structure.

4.5 Results and discussion

For the first experiment I show the results in detail. However, this requires an extraordinary
level of often superfluous detail, so I develop a summary that extracts the key information

from all subsequent experiments.

LA p-value greater than 0.05 requires that the null hypothesis (that community structure is random)
is not rejected. However, not rejecting the null hypothesis is not the same as saying the null hypothesis

is true.
2Increasing o results in a greater probability that the null hypothesis will be rejected, increasing the

power of the test, but also increasing the probability that a false positive will be detected. Decreasing
a reduces the probability that a false positive will be detected (e.g. setting o = 0.000001 gives a 1 in
1,000,000 chance of detecting a false positive), but increases the chance of detecting a false negative

(type II error; incorrect support of the null hypothesis).
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4.5.1 Experiment 1: Two subcommunities
4.5.1.1 Tree-based measures of phylogenetic beta diversity

Permutation tests

Figure 4.6 plots p-values for all values of ¢, for each of the new tree-based phylogenetic beta
diversity measures, where blue lines denote results obtained from individual tests (128 in total)
and the red line highlights the mean. Here, subcommunity structure is generated using a qd
(qualitative dependent) partitioning strategy. Results show that these tree-based measures
are slightly better able to pick out subcommunity structure when phylogenies are ultrametric,
where mean p-values are consistently near or less than 0.05 for all values of T" (the proportion
of the tree preserved) and ¢ < 100 (Figure 4.6a). When phylogenies are non-ultrametric,
the calculated p-values are much more variable, perhaps because there is less information
contained within the branches of a non-ultrametric tree. Indeed, ?G%tre is slightly higher for
ultrametric trees than non-ultrametric trees with the same number of tips. Mean p-values
are near to or less than 0.05 for all measures when 1 < ¢ < 2 and T € {0.75,1,2} (i.e.
when most of the phylogeny is included), but as T decreases, the average p-values increase,
often dramatically (Figure 4.6b). This shows that the phylogenetic signal in the community
structure is harder to detect with only part of the tree. Interestingly, at higher values of ¢
(¢ > 2 when T' = 0.25, increasing to ¢ > 10 for 7' = 2, when the root is extended), p-values
increase rapidly for normalised measures (1 R%trec and 9B%trec), whereas raw measures (9R%tree
and 9BZtrec) remain relatively constant for all values of g. Whilst these figures are useful to
visualise the results, there would be at least 200 of them for our measures alone and so it was

necessary to devise summary figures.

In Figure 4.7, mean p-values (the red lines from the previous figure) are plotted against g
for all partitioning strategies and for all values of T'. Again, results indicate that tree-based
measures of phylogenetic beta diversity are better able to identify community structure from
ultrametric trees (Figure 4.7a). Specifically, average p-values are found to be near to or
less than 0.05 when 0 < ¢ < 100 for abundance-based data (qdp and qip) evolved across
ultrametric trees for all values of T'. For incidence-based data (qd, qi, qdb, and qib), similar
results are found for the same parameters, as well as ¢ = 0. For non-ultrametric trees when
T € {0.75,1,2}, for all partitioning strategies, normalised measures (4R%trec and 4B%tree)
result in average p-values near to or less than 0.05 when 0 < ¢ < 2 (Figure 4.7b). Whereas
raw measures (9R%tree and qBZ““Ge) have similar results when 1 < ¢ < 100. As T is decreased
below 0.75 (i.e. less of the phylogeny is used to calculate the similarity between historical

species), the average p-values increase for all measures.
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Table 4.1: Functions to calculate phylogenetic beta diversity: List of measures and the notation used

in this chapter to represent them. Also listed are the R packages used to calculate each measure with associated

references and citation count (as of January 2018, Web of Science).

Metric Notation R package

) ] ) phyloseq (v1.22.3)
Weighted Unifrac w-UniFrac (McMurdie & Holmes, 2013), 677
Phylogenetic Sgrensen index PhyloSor | SOR
Turnover component of PhyloSor sim | SIM
Nestedness component of PhyloSor sne /| SNE betapart (v1.5.0)

e
% Unique fraction distance UniFrac | JAC (Baselga & Orme, 2012), 217
FGC,’J Turnover component of Unifrac jtu / JTU
é Nestedness component of Unifrac jne /| JNE
Generalised Unifrac gUniFrac )

. . . ) GUniFrac (v1.1)
Weighted generalised Unifrac w-gUniFrac (Chen et al., 2012), 130
VAW generalised Unifrac vaw-gUniFrac
Tree-based phylogenetic beta diversities 9 RZtrec d RZtree rdiversity (v1.2.1)
(tree) 4 BZtree 4 BZiree This thesis
Mean nearest taxonomic distance MNTD
Weighted MNTD w_MNTD
Mean pairwise distance MPD )

Weighted MPD MPD picante (vi.T)
cighte - (Kembel et al., 2010), 1158
Rao’s quadratic entropy! Rao
Phylogenetic Turnover! Fsrp
< Phylogenetic turnover ' Psr spacodiR (v0.13.0115)
z Abundance-based phylogenetic turnover  Bgrp (Eastman et al., 2011), 16
’E Phylogenetic distinctness Plgp
% Community distance? CD
z Common Branch Length? CBL
a ) ) 4 CDNT PhyloMeasures (v2.1)
Com‘rm.lnlty Distance Nearest Taxon a (Tsirogiannis & Sandel, 2015), 15
Maximised CDNT mCDNT
Linearly transformed phylogenetic 1R%ZPPD, ARZPPD,
distance-based beta diversities (PPD;)  1B%rrp; 4BZrrp, rdiversity (v1.2.1)
Exponentially transformed phylogenetic =~ ?R%PPp. IRZPPD. This thesis
distance-based beta diversities (PPD.)  4B%rPp. 4RBZPPD.
e
]
2
<
g Lol ) ) < simnilar picante (v1.7)
g Phylogenetic community dissimilarity PCD (Kembel et al., 2010), 1158
—
g
5
©

1 Only calculated for ultrametric trees;

2 Beta diversity version of M PD (calculated for more than 2 subcommunities);

3 Beta diversity version of PD (calculated for more than 2 subcommunities);

1 Beta diversity version of M NTD (calculated for more than 2 subcommunities).
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Figure 4.6: Plots of p-values against ¢, calculated from tree-based phylogenetic beta diversity

measures, with community structure generated using a qd (qualitative-dependent) partitioning

strategy: Plots show 9RZtree  4RZtree dRBZtree and 9BZtree across different lengths of evolutionary history

Blue lines correspond to

(different values of T') for (a) ultrametric and (b) non-ultrametric phylogenetic trees.

result obtained from different phylogenies (N = 128) and red lines highlight average p-values.
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Overall, p-values are near 0.05 for all measures and partitioning strategies evolved across
ultrametric or non-ultrametric trees, when 7' € {0.75,1,2} and ¢q € {1,2}. However, although
these figures allow much more data to be presented, and enable comparisons between different
partitioning strategies, averaging the p-values does not allow us to see how often signals can
be detected. By selecting a specificity, we can determine the power of each measure to identify

phylogenetic signal in community structure.

Power

Figure 4.8 shows the power of each tree-based measure of phylogenetic beta diversity to detect
subcommunity structure, based on a chosen specificity (o« = 0.05). For ultrametric trees, for
all values of T', and all partitioning strategies, power is between 0.938 and 1 for all measures
when 1 < ¢ < 2 (Figure 4.8a). Likewise, for non-ultrametric trees when 7' = 1, measures
have a power of between 0.891 and 1 when partitioning strategies are quantitative (qdb, qib,
qdp, and qip, Figure 4.8b). Generally for non-ultrametric trees, results are poor for 7' < 0.5.
This is not surprising, since the tree is being cut in such a way that many evolutionarily
older tips are removed, so species, as well as evolutionary history data are being lost. When
partitioning strategies are qualitative (qd and qi), power varies between 0.641 and 0.758
over the same parameters. However, these results may be due to different evolutionary rates
between qualitative and quantitative partitioning strategies, since the parameters r; and 7y

are not directly comparable.

Note 1: After preliminary testing, the values of r; and r; were set to 0.02 and 0.2, respectively,
for most of the experiments in this chapter. The effect of changing these values, to vary the

rate of evolutionary change in community preference is investigated in Section 4.5.5.

Note 2: Power is sometimes marginally higher when 7' = 2 (i.e. when the root is extended to
the same length as the tree itself) for non-ultrametric trees, and when 7" is low for ultrametric
trees. However, in general T =1 (i.e. the whole tree) is both a natural choice for tree-based
phylogenetic diversity measures and is generally close to or actually the most powerful value

of T to use in these analyses, and so this is the value I use from now on.

In the following sections, results are further summarised by averaging p-values across par-
titioning strategies within the four categories: (1) incidence data evolved over ultrametric
trees, (2) incidence data evolved over non-ultrametric trees, (3) abundance-based data evolved
over ultrametric trees, and (4) abundance data evolved over non-ultrametric trees. Categories
1 and 2, therefore include the qd, qi, qdb, and qib partition schemes, whereas categories
3 and 4 include the qdp and qip strategies. An example of this is shown in Figure 4.9,
for tree-based phylogenetic beta diversity measures. These plots show that for partitioning
strategies based on incidence data, power is high for all measures when ¢ < 8, and for higher
values of ¢, raw diversity measures (qRZ”ee and qBZ”ee) perform best overall. Likewise for

non-ultrametric abundance-based strategies, though power is lower for all measures when
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g < 0.2. On the other hand, for ultrametric abundance-based strategies, power is high for
all measures when 0.2 < ¢ < 8, but at higher values of ¢ (when power starts to drop off),
4 RZ%tree and 9B%tree yield the best results. Power is lower when attempting to detect structure
from metacommunities generated by non-ultrametric incidence-based partitioning strategies.
Again, this may be caused by the qualitative results in Figure 4.8a, since there is no direct
correspondence between values of r; and r;. However, since all diversity measures are tested
on exactly the same trees and community structures, averaging across these partitioning
strategies provides a fair comparison. Critically however, across all partitioning schemes, the
power of each measure is high when 1 < ¢ < 2, and so when measures are compared later in

the chapter, ¢ = 1 is used for simplicity (to reduce the number of comparisons made).

4.5.1.2 Distance-based measures of phylogenetic beta diversity

Measures of linearly transformed distance-based phylogenetic beta diversity (qRZP Poy 4 REPPD
9BZPPD; and 9BZPPDL) are best able to detect community structure (for 100-tip phylogenies
and two subcommunities) when k& = 0.25 (Appendix B.5). When results are summarised in
the same way as above, at this value of k, power is found to be high across all measures for
1 < ¢ <2 (Appendix B.8). Indeed for these values of ¢, power is generally as high or higher
than the tree-based method above, especially for non-ultrametric incidence-based partitioning

strategies, where the tree-based measure was weakest.

Measures of exponentially transformed distance-based phylogenetic beta diversity (1RZPPDe,
4RZrPPDe ABZPPDe and qBZPPDe) are best able to detect community structure when k£ = 0.125
(Appendix B.6). When results are summarised (for 100-tip phylogenies and a 2-subcommunity
assemblage), power is as high as or slightly higher than the linearly-transformed distance-based

measures, particularly when 1 < ¢ < 2 (Appendix B.9).

121



0.5
—— 025
0.5

AR Zuee

AR Zuee

4.5 RESULTS AND DISCUSSION

AR Zwee

RV | P
S H '

1

100 ®

AR Zuee

agZiee

agZiee

agZuee

agZiee

anjea-d o anjea-d

i-

beta d
: Plots show

ic
4RZtree 4 R%tree dBZtree and 9BZtree across different proportions of evolutionary history (different values of

1es

trateg

ioning s

t

i

t ¢, calculated from tree-based phylogenet
122

1ns

Plots of average p-values agai

ty measures, with community structure generated for all part

versl

Figure 4.7
T) for (a) ultrametric and (b) non-ultrametric phylogenetic trees.



4.5 RESULTS AND DISCUSSION

0 0 0 0
N o~ N &
S o S + o S o S + o
bbb RN
qd_u qi_u qdp_u qip_u
||||| = [l - - —-—=d[----- 8
e i . - -
’ N 3=}
=
Lo
3 g /]
N £ N
o F o
{0 | A | M 1 S | | S| Lo =
|||||||||||||||||||||||||||||||||||||| -
o - - - - -+ oo - - - - - o- - - - - o- - - - - Fo
- - d----ced|[---=-sd[----= e | R
I _ L o
=]
g
o
2 g z
N E N
le F le
(-0 | R | RO I =
|||||||||||| -
o - - - - - - - - - - 4 )
o
It I ety 8
L=t el =3
- - 3=}
=
Lo
3 g ]
N £ ~N
0 F )
{2 | A | RS 1 S || IS | AUS— | R —— . b
|||||||||||||||||||||||||||||||||||||| -

0

agZie

100 *®

10

g Zree

iversity mea-
v Z
tree s qd R%tree s

beta d

1c

: Plots show 1R

ies
4BZtree  and 9BZtree across different lengths of evolutionary history (different values of T') for (a) ultrametric

trateg

ioning s

t

i

t ¢, calculated from tree-based phylogenet
123

1ns

Plots of power agai

th community structure generated for all part

sures, wi
and (b) non-ultrametric phylogenetic trees.

Figure 4.8



4.5 RESULTS AND DISCUSSION

ultrametric non-ultrametric
- ——’—“?h_q

0.75 -

050 \
0.25

0.75

souspoul

P by Measure

—— AFZee

B o
=)
=3
*
t

J

—— g Zuee

Power (TPR)

AR e

—— ARZee

0.50

souepunge

0.25

Figure 4.9: Summary of power against ¢, calculated from tree-based phylogenetic beta diversity
measures: Power is calculated for 9 R%tree 4 RZtree 4 BZtree and 9 BZtree  and averaged across all subcommunity

partitioning strategies within each categorical group.

4.5.1.3 Comparison of phylogenetic beta diversity measures

Now, results are compared to the commonly used tree-based and distance-based measures
presented in Section 4.3. In general, results show that for every measure, the power to detect
community structure is high when ¢ = 1, and so this value is selected for all comparisons
throughout the rest of this chapter. Table B.1 lists these values for the new tree-based
(tree) and distance-based (PPD; and PPD,.) phylogenetic beta diversity measures, for T = 1,
k = 0.25, and k = 0.125, respectively. These results show that across all partitioning strategies,
power is greater than 0.66, 0.84, and 0.86 for all tree, PPD,;, and PP D, measures, respectively.

All power values for the remainder of this chapter are shown in Appendix B.2.

Figure 4.10 shows a comparison between the power of the phylogenetic extensions of Reeve
et al. (2016) measures derived in this chapter and those commonly used in the literature. Note
that ¢ = 1 is a special case where ' B% = (1R%)~!, so calculated power is identical for each of
these measures. These are therefore plotted together and referred to simply as normalised
tree, PPD;, and PPD,. Likewise, ' BZ = (!R%)~! are plotted together and referred to as
raw. Overall, the PPD,. (red) measures have the highest power. However, PPD; (yellow) is
almost as good. Amongst the traditional measures, w_-Unifrac (weighted UniFrac), Bs;, and
Py also have high power for abundance-based data, whereas PC'D (phylogenetic community
dissimilarity), w_ M NTD (weighted mean nearest taxon distance), M NT D (mean nearest
taxon distance), and gUnifrac(a0.5) and gUnifrac(a0) (generalised UniFrac) have high
power for incidence-based data. For the remaining experiments, this summarised structure is

used to compare the diversity measures, with more detailed figures shown in Appendix B.3.
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Figure 4.10: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure for two subcommunities (Experiment 1): Bars are coloured according to the

type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest
equal values are coloured red.

4.5.2 Experiment 2: Nested subcommunities

This experiment investigates the effect of nestedness on how well phylogenetic signal can be
detected from community structure. The effect of nestedness was examined using independently
evolved traits in a 2-subcommunity assemblage. As with the previous experiment, Reeve
et al.’s (2016) measures have a very high power to detect community structure within nested
subcommunities. For abundance-based data, PPD,., normalised tree, and B have power
greater than 85% (Figure 4.11). Whilst the remaining measures are close to 50% or less. All
measures perform poorly for incidence-based data, though PPD,., By, and PIg (and for
ultrametric trees, tree) have the highest power.

As described in Section 4.3.2.5, measures jne and sne were specifically derived to measure
nestedness (Baselga, 2010), but have a power of less than 30% when tested. This is because
the underlying jac and sor measures, from which they are derived, are themselves this low in

power. However, jtu and sim, the turnover components, do ‘successfully’ achieve a power of

0%.

Summary: power is highest for abundance-based data, where PPD., normalised tree, and

By are best able to detect phylogenetic signal from nested communities.
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Figure 4.11: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure for nested subcommunities (Experiment 2): Bars are coloured according to the

type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest
equal values are coloured red.

4.5.3 Experiment 3: Varying tree size

In this experiment, the number of tips are varied to determine how well each measure is
able to detect community structure from different sized phylogenies. A 10-tip phylogeny
corresponds to a metacommunity comprising 10 species, which are again distributed across
two subcommunities. As expected, the power of all measures is considerably lower than for
previous experiments (Figure 4.12). Nevertheless, the new measures continue to provide
good results, particularly PPD, measures, which are almost always the best at detecting
community structure at this small scale. In fact, these are the only measures to have a power

greater than 50%, though this is only for abundance-based data evolved across ultrametric

trees.

For a 25-tip phylogeny, PPD, measures always have the highest power overall, with PPD;
and tree also yielding good results (Figure 4.13). This suggests that the non-ultrametric
incidence result for 10-tip phylogenies, where vaw_gUni frac was very slightly better, may
have been due to chance. Traditional measures perform less well, though some do stand out.
For abundance-based data evolved across non-ultrametric trees, w_Unifrac, Bg, and Py have
a power greater than 70%. Likewise, the same measures, in addition to Rao and Fy (which
are only calculated for ultrametric trees), perform well for abundance-based data evolved

across ultrametric trees, with power greater than 65%.
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subcommunity structure from 10-tip phylogenies (Experiment 3)

type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

equal values are coloured red.
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subcommunity structure from 25-tip phylogenies (Experiment 3)
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equal values are coloured red.
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4.5 RESULTS AND DISCUSSION

For 50-tip phylogenies, again PPD., measures perform best overall, with PPD;, and tree
close behind (Figure 4.14). These measures are now equal or close to 100% power. And again,
w_Unifrac, Bg, Ps, Rao and Fg also yield good results. Increasing to 75-tips, and then
100-tips, for abundance-based data, PPD, and PP D; have now plateaued at 100% power,
with tree close behind (Figures 4.15 & 4.16).

Summary: power is highest for abundance-based data, where PPD, is best able to detect

phylogenetic signal from community structure, even when trees are very small.
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Figure 4.14: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from 50-tip phylogenies (Experiment 3): Bars are coloured according to the
type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest
equal values are coloured red.

128



4.5 RESULTS AND DISCUSSION

incidence

non-ultrametric

ultrametric

[ cistance-based

[ vee-basea
] covariance-based

abundance

10dd pasifewIou
2add mes

50dd pasiewsou

1.00

501 pasifewIou
1add mes

075

050
2

|Qdd pasifewsou
20dd me
20dd pasiewsou

(4d1) Jomod

am
(0%) oeyunG™m
QAWM

(1e) deunb™m
s1d

oeyunG mer
(5'08) ey M

20dd pasiewsou
1add me:
|0dd pasiewIou

aul
aus

wis

f

oeyunt
(10solfyd) 05
(oenun) o6l
adw

(08) 9eauNB™M

ann
(5°08) 2enunB M
aeyun6 e
(1) oeunb M
adwm

11

4

20dd mer
50dd pasiewsou
1add me:

1Qdd pasiEwIou

Measure

ty to detect

1versi

beta d
Bars are coloured according to the

1c

the power of measures of phylogenet

ing

Bar chart compar

Figure 4.15

subcommunity structure from 75-tip phylogenies (Experiment 3)
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subcommunity structure from 100-tip phylogenies (Experiment 3)

type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

equal values are coloured red.
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4.5 RESULTS AND DISCUSSION

4.5.4 Experiment 4: Multiple subcommunities

In this experiment, I investigate how well each measure is able to identify community structure
when a metacommunity is divided into 2, 4, and 8 subcommunities. Figure 4.17 shows how
each measure of diversity performs in the two subcommunity case. This is the default for
all other experiments, since many traditional measures are designed for this purpose. As
observed in Section 4.5.1, the new phylogenetic beta diversity measures derived in this chapter,
particularly PPD; and PP D, have the highest power, though PCD, MNT D, and w_ M NTD

for incidence-based data and By and P for abundance-based data also have high power.

Increasing to four subcommunities, for non-ultrametric data, and abundance-based ultrametric
data, JAC, JTU, SOR, and SIM, the multiple (more than two) subcommunity versions of
jac, jtu, sor, and sim increase in power. For abundance-based data and ultrametric incidence-
based data, tree, PPD;, and PPD,, as well as By, P, and P, either increase or reach a
maximum power of 100%. On the other hand, CD and aCDNT, which quantify M PD and
MNTD for more than two subcommunities, are comparable in power for abundance-based

data, but drop considerably in power for incidence-based data.

When the number of subcommunities is increased to 8, similar patterns are observed for
abundance-based ultrametric data. The new measures, tree, PPD;, and PPD., as well as
By, Py, and Plg have 100% power. For incidence-based data, there is a general decrease in

power for all measures, though tree, PPD;, and PPD, continue to have the best power.

Summary: for large numbers of subcommunities and abundance-based data, all of the new
phylogenetic beta diversity measures, tree, PPD;, and PPD., as well as B, Py, and Pl are
best able to detect phylogenetic signal from community structure; whereas for incidence-based
data, PPD, performs best.
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Figure 4.19: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
phylogenetic signal from an 8-subcommunity assemblage (Experiment 4): Bars are coloured according
to the type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the
highest equal values are coloured red.

4.5.5 Experiment 5: Varying evolutionary rates

This experiment examines how well each measure of phylogenetic beta diversity is able to
detect community structure derived from different evolutionary processes. Since the qualitative

and quantitative models use different model parameters, these are analysed separately.

4.5.5.1 Qualitative data

Qualitative partitioning schemes (qd_u, qd_nu, qgi_u, and gi_nu) are derived from discrete
models based on predefined transition rates between traits (subcommunities a and b). As
a default, in all other experiments, qualitative transition rates are set to 0.02. In this
experiment, the rate (r;) is decreased through 1, 0.2, 0.1, 0.02, and 0.01, to investigate how
traditional measures compare with those derived from Reeve et al.’s (2016) framework in
their ability to detect phylogenetic signal in community structure. Figures B.1 and B.2
show examples of community structure derived along ultrametric trees for all transition
rates, for qualitative-dependent (qd-u) and qualitative-independent (qi-u) partition strategies,

respectively.
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4.5 RESULTS AND DISCUSSION

At the highest transition rate (r; = 1), all measures have a power of around 10% or less
for all partitioning strategies (Figure 4.20), which is barely above chance (the false positive
rate, a, which is set at 0.05). This is because the switching rate is so high that the resultant

metacommunity is well mixed between subcommunities and therefore shuffling the tips has
minimal effect on these results.

When the transition rate drops to 0.2 (Figure 4.21), the power for the ultrametric tests rises
above chance for the new measures and a few others, though it is still less than 25%. At
r; = 0.1, PPD;, PPD,, gUnifrac(a0), and PCD have power greater than 25% for ultrametric
trees, but all measures continue to perform poorly when attempting to detect structure from
non-ultrametric trees (Figure 4.22).

However, when the transition rate is increased to 0.02, a considerable jump in power is observed
across all measures (Figure 4.23), except for sne and jne, which is desirable since there is
no nestedness in this experiment. It is clear that PPD; and PPD. are best at detecting
community structure, particularly for non-ultrametric trees. Amongst the remaining measures,
PCD, MNTD, and w_MNTD also perform well. This is confirmed when r; = 0.01, as these

measures begin to plateau at 100% power for both ultrametric and non-ultrametric cases
(Figure 4.24).

Summary: when power is high enough that a measure is able to detect phylogenetic signal
from community structure, PPD; and PPD, are best able to detect phylogenetic signal from
community structure.
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Figure 4.20: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from qualitative data with a transition rate of 1 (Experiment 5): Bars are
coloured according to the type of measure, red lines highlight the tops of bars with equal power, and the names of
measures with the highest equal values are coloured red.
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Figure 4.21: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from qualitative data with a transition rate of 0.2 (Experiment 5): Bars are
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Figure 4.22: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from qualitative data with a transition rate of 0.1 (Experiment 5): Bars are
coloured according to the type of measure, red lines highlight the tops of bars with equal power, and the names of
measures with the highest equal values are coloured red.
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Figure 4.23: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from qualitative data with a transition rate of 0.02 (Experiment 5): Bars
are coloured according to the type of measure, red lines highlight the tops of bars with equal power, and the names
of measures with the highest equal values are coloured red.
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Figure 4.24: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure from qualitative data with a transition rate of 0.01 (Experiment 5): Bars
are coloured according to the type of measure, red lines highlight the tops of bars with equal power, and the names
of measures with the highest equal values are coloured red.

4.5.5.2 Quantitative data

Quantitative partition schemes (both ultrametric: qdb_u, qib_u, qdp_u, and qip_u; and non-
ultrametric: qdb_nu, qib_nu, qdp_nu, and gip_nu) are derived using a Brownian motion model,
with an evolutionary scaling factor, where high values result in a low evolutionary rate.
In all other experiments, this scaling parameter is set to 0.2; however in this experiment,
it is decreased through 0.002, 0.02, 0.2, and 2. Example metacommunities are shown in
Figures B.3 and B.4 for quantitative traits evolved along ultrametric trees for all evolutionary
scaling factors, for quantitative-dependent proportional (qdp-u) and quantitative-independent

proportional (qip_-u) partitioning strategies, respectively.

At the highest rate of evolution for incidence-based data, power is generally poor for all
measures. However, tree, PPD;, PPD., Py, Bg, and w_.Unifrac all have a power of
greater than 50%, as do Rao and Fy for ultrametric trees (Figure 4.25). As before, for
qualitative partition schemes, measures are better able to detect community structure at lower
evolutionary rates. Therefore, decreasing the evolutionary scaling factor to 0.02 results in an
increase in the power of all measures, except jne and sne, which are expected to remain low
(Figure 4.26). However, for abundance-based data, tree, PPD;, PPD,, as well as w_Unifrac,

Bgt, and Py, and for ultrametric trees, Rao and Fy, all have very high power.

As the evolutionary rate continues to decrease through 0.2 and 2, for incidence-based data,
the power of the best measures (including the new measures) fluctuates slightly, whilst the
power of the remaining measures systematically increases, but remains low (Figures 4.27 &
4.28). For abundance-based data the high powered measures remain high powered, whilst the

weaker measures begin to improve.

Summary: power is highest for abundance-based data, where across all evolutionary rates,
all of the new phylogenetic beta diversity measures, tree, PPD;, and PPD, are best able to

detect phylogenetic signal from community structure.
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4.5.6 Summary

The power of each measure is summarised by averaging across all experiments. These results
are shown in Figure 4.29. It is clear that the new measures, extending Reeve et al. (2016)
(tree, PPD; and PPD,) are better able to detect phylogenetic signal in community structure
than than those commonly used in the literature, particularly PPD,., which has the highest

power in all categories.
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Figure 4.29: Bar chart comparing the power of measures of phylogenetic beta diversity to detect
subcommunity structure averaged across all experiments: Bars are coloured according to the type of

measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest equal
values are coloured red.
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4.6 Case study: Phylogenetic diversity of AMR in sympatric

host populations

4.6.1 Introduction

Following from the previous section, this case study examines whole sequence data from a rep-
resentative sample of sympatric populations of human and animal hosts in Scotland. Following
Mather et al. (2014), I evaluate the interspecies transmission of AMR in a representative
sample of Salmonella DT104 isolates to determine whether or not extensive transmission of
epidemic strains occurred across host populations. Data used in this study were Scottish
samples, collected between 1990-2011, from sympatric and contemporaneous populations of

human and animal hosts.

Mather et al. (2014) used Bayesian phylogenetic diffusion models to reconstruct the host
population of each branch in the phylogenetic tree, whilst estimating the number of branch-
to-branch transitions using Markov jumps (Figure 4.30). Their results showed a low number
of between-host transitions (human-to-animal and animal-to-human), accompanied by a high
number of within-host transitions (animal-to-animal and human-to-human); suggesting that
either (1) DT104 was circulating separately within each host population, or that (2) human
and animal hosts were each sinks for a different and separate source of infection, with a small
degree of spill-over in both directions. To validate these results, new diversity measures are
used to examine the degree of mixing between host phylogenies and investigate whether or not
there was extensive transmission of DT104 between human and animal populations during

the epidemics.

Acknowledgements: The phylogenetic antimicrobial resistance data was kindly provided
by Alison Mather.

4.6.2 Methods

The existing phylogeny (Figure 4.30A) was derived from whole genome sequence data compris-
ing 135 human- and 113 animal-origin isolates (Mather et al., 2014). The isolates were divided
into two subcommunities, of human and animal origin respectively. In order to observe the
degree of mixing between the resultant human and animal phylogenies, the effective number
of distinct phylogenies, 1B%tre¢ was calculated for a range of ¢ values, between 1968 and
2001 (see Sections 2.2.6.3 & Section 4.3.2.6). The reason why tree measures are used rather
than one of the PPD, measures — which performed best in the previous study — is that these
measures allow the pre-epidemic period to be excluded using T'. The null distribution was
simulated at a 95 % confidence interval (grey bar) by fixing the phylogenetic tree, randomly
relabelling each tip 10000 times, and calculating 9B%Ztre for all values of q.
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Figure 4.30: Phylogenetic analysis of Salmonella Typhimurium DT104 in Scotland, taken from
Mather et al. (2014): (a) Bayesian phylogenetic diffusion models were used to reconstruct the host popu-
lation of each branch; animal isolates are coloured blue, and human isolates are coloured red. (b) Markov jumps
estimate the number of human-to-animal and animal-to-human transitions within the phylogeny.
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4.6.3 Results and discussion

Results show that human and animal phylogenies are not well mixed at almost all scales,
for ¢ < 25 (9B%trec, Figure 4.31a). These findings agree with previous conclusions, that
DT104 epidemics are broadly distinguishable within each host population, whilst not requiring

inference of the host of putative ancestral isolates.

Fixing the phylogeny and ‘cutting the tree’ (varying T in Section 4.3.2.6) allows snapshots of
the evolutionary history to be extracted. In this way, information regarding the transmission
of DT104 between host populations may be recovered. When an interval is defined (from
1991 — 2011) to exclude evolutionary history prior to the epidemic (Figure 4.32), the effective
number of phylogenies increases from 1.084 to 1.402, suggesting that the host phylogenies are
distinctly not well mixed, where p < 0.05 for ¢ < 16 (Figure 4.31b).
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Figure 4.31: Phylogenetic diversity of a representative sample of Salmonella DT104: Metacommunity
B is calculated for 0 < ¢ < 30, yielding the effective number of phylogenies between (a) 1968-2011 and (b) 1991—
2011. Shaded ribbons simulate the null distribution within a 95 % confidence interval, where p < 0.05 for ¢ < 25
and ¢ < 16, respectively.
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Figure 4.32: Phylogeny of a representative sample of Salmonella DT104: Taken from sympatric human
(blue) and animal (red) isolates, between 1968 — 2011. The dotted line denotes 1991, the start of the epidemic.
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4.7 Conclusion

Traditional measures of phylogenetic diversity can be broadly split into two categories: tree-
based and distance-based measures. In this chapter, I developed new methods — extensions of
Reeve et al.’s (2016) framework — to quantify phylogenetic diversity based on both of these
perspectives. I then investigated the robustness of these measures by comparing them to those
commonly used in the literature. This analysis was conducted by simulating phylogenies,
evolving traits representing subcommunity preferences along them, and using these traits to
define subcommunity structure. A power analysis was then used to determine how well each

measure was able to identify phylogenetic signals in community structure.

Overall, results indicate that measures are best able to detect phylogenetic signal from
community structure when data is abundance-based rather than incidence-based. Particularly
when subcommunities are nested, phylogenies are small, or the evolutionary transition rate
is low. Results showed that the measures of phylogenetic beta diversity based on Reeve
et al.’s (2016) framework outperformed those commonly used in the literature under nearly all
circumstances. In future work, it should be possible to examine the mathematical properties
of these measures in order to determine what aspect of data they each focus on, and how this
relates to the differences in these results. In particular, exponentially transformed phylogenetic
distance-based beta diversity measures (PP D,) performed best overall (detecting phylogenetic
structure from community structure for nestedness vs. turnover, different tree sizes, different
numbers of subcommunities, and different evolutionary rates) in all four identified categories
(incidence-based vs. abundance-based data, and ultrametric vs. non-ultrametric trees). It
seems sensible, therefore, to suggest using a permutation test on 'B%ZFPDe to investigate
the presence of a phylogenetic signal in this kind of dataset, since the best results were
generally obtained for 1 < g < 2 and determining the effective number of distinct communities
(2B%) most closely aligns with the question of whether a phylogenetic signal exists in the
subcommunity structure (and all PP D, beta diversity measures were broadly equivalent).
Note, however, that although these measures are better at identifying nestedness and turnover
than specific measures used for this purpose, they cannot distinguish between them. So, if
the research question requires these two types of change to be distinguished from one another,
I would suggest identifying the presence of change using our measures, and then attempting

to distinguish between them using the (much less powerful) specific tools for this purpose.

Transmission of antimicrobial resistance was then re-investigated in terms of shared evolution-
ary history. By fixing the phylogeny and ‘cutting the tree’, snapshots of evolutionary history
are extracted to recover information surrounding the transmission of DT104 between host
populations. Evolutionary relationships are explored by quantifying the phylogenetic diversity
(tree) of a representative sample of animal-origin and human-origin isolates. Information sur-
rounding the transmission dynamics during only the epidemic period are revealed by reducing

the amount of evolutionary history in this analysis. These results validate the conclusions of
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the previous study and suggest that epidemic strains of DT104 and its resistance genes were

maintained separately in human and animal populations.

In conclusion then, the robustness of these new measures has been demonstrated against
a variety of different phylogenies, with different numbers of tips, different evolutionary
rates, different numbers of subcommunities, different tree structures (ultrametric vs. non-
ultrametric), and nestedness vs. turnover. Furthermore, their utility has been showcased by

validating against known results of AMR, transmission in sympatric populations.

This chapter illustrated that with reduced tree sizes (i.e. lower amounts of data), the ability
to detect a signal dropped dramatically for all diversity measures, and although our measures
performed as well as any others. Nonetheless it raises the question of how well this family
of diversity measures performs under reduced sampling intensity. In the next chapter, I
investigate this question in detail with a fully sampled dataset, investigating how well Reeve

et al.’s (2016) beta diversity measures are conserved under repeatedly subsampling.
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Chapter 5

Sampling properties of the framework

‘Researchers measuring beta diversity have rarely concerned themselves with the
problems of how complete the species lists of studied communities are, and of
how the varying degrees of completeness can actually change estimates of beta
diversity. [...] a situation which is more common than usually recognised.’

— Cardoso et al. (2009)

5.1 Abstract

Measures of beta diversity or community dissimilarity (compositional heterogeneity, differenti-
ation between subcommunities, turnover, nestedness, and distance) are commonly used to
describe changes in species composition between subcommunities. The utility and interpreta-
tion of these measures is important across applications ranging from conservation management
to the study of viral systems. However, even when a suitable metric is selected, incomplete
data resulting from low sampling effort is a common problem. Without a complete inventory
of the assemblage being studied, perfect comparisons between subcommunities are impossible.
As a consequence of this, various estimators have been developed (e.g. Colwell & Coddington
(1994) for gamma diversity and Chao et al. (2005) for beta diversity), but these rely on certain
assumptions being met and are not always accurate, especially for extreme undersampling
(Chao et al., 2005). In general, moreover, estimators do not exist for beta diversity measures
as they do for gamma diversity. Therefore, it is important to understand how the performance

of the measures themselves is affected by subsampling.

The aim of this chapter is to investigate the performance of Reeve et al.’s (2016) measures of
diversity under decreased sampling effort. The Barro Colorado Island (BCI) Forest dynamics
plot is a fully sampled 50 ha study site (Condit, 1998; Hubbell et al., 1999) and is therefore
ideal for this purpose — that is, to consider how well diversity measurement is conserved during
mcomplete sampling. Questions that arise are whether it is better to partially sample every
subcommunity or fully sample only a few subcommunities, and whether some measures are
more robust under subsampling than others. It was found that reducing sampling effort at
every site was a worse strategy than reducing the number of fully sampled sites, and in the

latter case, beta diversity measures were generally well conserved.
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5.2 Introduction

Sampling methods

Species richness (described in Section 1.2.1) is one of the most popular measures of biological
diversity, being mathematically intuitive and easily interpretable. Unfortunately, being equally
sensitive to rare species as it is to common ones, it is strongly affected by sampling issues. As
well as this, the observed species richness of a sampled assemblage depends on many factors,
including: the number of individuals in the area, how easily these individuals can be observed,

the size of the region being studied, and its heterogeneity.

Typically, sampling methods are either: individual-based, where a number of individuals are
randomly sampled from within each quadrat; or sampled-based, where for a set of sampling
units (e.g. traps, quadrats, nets, or a period of time) within the study site, every individual
is recorded. Sample-based methods preserve the spatial (or temporal) structure of the data,
which may reflect the aggregation or segregation! of species among samples. Consequently,
fewer species will be represented by these individuals than by an equal number of individuals
sampled randomly within the same habitat (Gotelli & Colwell, 2001). Though examining the
benefits of each sampling method is beyond the scope of this chapter, I assess the robustness
of Reeve et al.’s (2016) framework of similarity-sensitive diversity measures under decreased

sampling effort using both of theses methods.

Beta diversity

Diversity indices, particularly measures of beta diversity or community dissimilarity (and their
similarity complements), are numerous in the literature (Tuomisto, 2010a). Some of the most
widely used are those that describe compositional similarity, such as the Jaccard (1901) and
Sgrensen (1948) indices, and those derived from the additive or multiplicative partitioning
of alpha and gamma diversities, such as Jost’s (2007) ‘true beta’ (discussed in Section 1.6).
Though appropriate choice of metric is of fundamental importance, data quality issues such

as undersampling may affect the measurement and interpretation of results.

Consider the following example — two communities that both share a number of rare species.
When both communities are fully sampled, beta diversity (or some measure of community
dissimilarity) is accurately measured. However, when sampling effort is low, if each rare shared
species is sampled in only one of the subcommunities, this beta diversity may be artificially
inflated (communities appear more dissimilar). Conversely, if each subcommunity contains
some common shared species, but many rare species that are unique to each community, then
beta diversity may be underestimated (communities appear more similar) when sampling effort
is low, as the rare unique species are likely to be missed. Though both scenarios are possible,
Chao et al. (2005) and others note that beta diversity typically increases with decreased

sampling effort, since “rarity (either in nature or because of small sample size) increases the

Known as patchiness, heterogeneity, or autocorrelation
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chance that a species will be spuriously absent from one sample but not from the other, thus

negatively biasing similarity indices”.

Despite this assertion, surprisingly few studies have considered the robustness of these beta
diversity measurements to subsampling, something Cardoso et al. (2009) suggests might be
“a consequence of the general lack of agreement about which index of beta diversity should be
used in the first place”. In response to this, Cardoso et al. (2009) test the effect of subsampling
on the performance of 15 incidence-based dis(similarity) measures — which they describe
as being “equivalent to beta diversity” — between pairs of subcommunities. They conclude
that no index is able to perform without bias in all circumstances' (though indices that
are insensitive to changes in species richness between communities are most robust). Beck
et al. (2013) advance this work, examining the effect of undersampling on 14 measures of
beta diversity and compositional dis(similarity). They confirm that decreased sampling effort
more often resulted in overestimates than underestimates, whilst also noting a reduction in
precision; Likewise, Plotkin & Muller-Landau (2002) show that local clustering of conspecifics
reduces the similarity between sampled communities and increases the variance of similarity
indices. Furthermore, they observed that beta diversity measures that are more sensitive
to species of greater abundance are more robust to incomplete sampling. See also Morisita
(1959); Wolda (1981); Ricklefs & Michael (1980) for early work examining the effect of reduced
sampling effort on indices of beta diversity and Tuomisto (2010b) for a discussion of how

different diversity components are affected by incomplete sampling.

The main focus of this chapter is to determine the robustness of Reeve et al.’s (2016) framework
of diversity measures under reduced sampling effort. This is done using different sampling
strategies (sampling individuals versus sampling entire subcommunities) to investigate whether
existing problems with the estimation of beta diversity from incomplete data can be mitigated
using this framework. I also investigate, whether these new beta diversity measures typically
increase with decreased sampling effort when individuals are sampled from a community
(sensu Chao et al., 2005) and whether those that are more sensitive to species of higher

abundance are more robust to reduced sampling effort (sensu Beck et al., 2013).

5.3 Methods

Dataset

The Barro Colorado Island (BCI) Forest dynamics plot (Condit et al., 2012b, 2017a) is a fully
sampled, 50 ha study site, which makes it ideal for this purpose. The BCI dataset is described
in Section 3.2. Data was taken from the first inventory survey (recorded during 1981/82),
and the 50 ha study site was subdivided into 1250 20m x 20m quadrats. The mean species

!Perhaps this is not surprising, since each of the indices tested quantify very different phenomenon,
as noted by Tuomisto (2010Db)
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abundance per quadrat is shown in Figure 5.1 and the total incidence of species across all

quadrats is shown in Figure 5.2.

Subsampling and calculating diversity

The dataset was subsampled increasingly sparsely (at 100%, 50%, 25%, 12.5%, 6.25%, and
3.125%), using two different approaches: sampling by individual, where a proportion of
individuals were sampled from within each subcommunity; and sampling by subcommunity,
where entire subcommunities were sampled from the BCI study site as a whole. These
methods simulate individual-based and sample-based data, respectively, as discussed in Gotelli

& Colwell (2001). See Tables 5.1 and 5.2 for summaries of sampling structure.

Subcommunity diversity was calculated in the naive-type case (ignoring species similarity)
for ¢ € {0,1,2, 00}, for each subsampled (as well as the fully sampled) metacommunity. The
measures calculated were: representativeness (qﬁ}), redundancy (qp§), an estimate of the
effective number of distinct subcommunities (QBJI), distinctiveness (qﬁjl-), the contribution per
tree toward metacommunity diversity (q’y]l), the effective number of tree species (‘107%), and an
estimate of naive-community metacommunity diversity (qa}). These were also calculated at
the metacommunity levels: YRY, R, 1Bt BT 4G AL and 9A%, respectively. Each measure

was assessed a number of different ways, to investigate:

e How well is measured diversity preserved under subsampling?

e How good is the correlation between fully sampled and subsampled diversity measures?
And since these measures calculate beta diversity individually for each subcommunity:

e How well is order preserved between subcommunities? That is, are the most important

communities identified?

Each of the measures were calculated (a) for the complete census and (b) after subsampling;
these two values were then compared to establish how well each measure was conserved under
subsampling. An understanding of subsampling properties is valuable to understand how
accurate these measures can be expected to be when sampling is incomplete, as typically
occurs in real ecological applications. Intuitively, because subcommunity alpha (q@§ and qa%)
relies only on information from the subcommunity of interest, it is only affected by reductions
that affect that subcommunity directly. In this case, when sampling by subcommunity,
subcommunity alpha should be maintained for all retained communities; when sampling
by individual, it should only be affected by subsampling that targets the subcommunity of
interest. On the other hand, subcommunity gamma (qujl) relies on information taken from the
metacommunity as a whole. In this case, when sampling by subcommunity, subcommunity
gamma should be well conserved even when sampling effort is low (since, when only 3% of

individuals are subsampled 217 of the total 307 species still remain, and 214 species remain
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Zanthoxylum Setulosum
Xylosma Chlorantha
Vismia Macrophylla
Ternstroemia Tepezapote
Stemmadenia Grandiflora
Solanum Arboreum
Schefflera Morototoni
Psychotria Racemosa
Protium Confusum
Pavonia Dasypetala
Ormosia Amazonica
Nectandra Sp.4 (tiny Leaf)
Lycianthes Maxonii

Inga Mucuna

Ficus Colubrinae

Ficus Bullenei

Clidemia Septuplinervia
Borojoa Panamensis
Appunia Seibertii

Apeiba Hybrid

Annona Hayesii

Urera Baccifera

Pachira Quinata

Maclura Tinctoria
Coutarea Hexandra
Colubrina Glandulosa
Cojoba Rufescens
Bertiera Guianensis
Alchornea Latifolia
Abarema Macradenia
Vismia Billbergiana
Sapium Broadleaf
Pouteria Fossicola
Margaritaria Nobilis
Clidemia Octona
Chimarrhis Parviflora
Ardisia Bartlettii
Rosenbergiodendron Formosum
Psychotria Pittieri
Ochroma Pyramidale
Conostegia Bracteata
Solanum Circinatum
Psychotria Hoffmannseggiana
Cedrela Odorata

Acacia Melanoceras
Ficus Yoponensis
Cupania Cinerea
Brosimum Guianense
Trichospermum Galeottii
Solanum Steyermarkii
Psychotria Tenuifolia
Cespedesia Spathulata
Tocoyena Pittieri
Psychotria Acuminata
Ficus Aurea

Cyathea Petiolata
Clidemia Dentata
Pterocarpus Officinalis
Piper Imperialis
Nectandra Fuzzy
Lafoensia Punicifolia
Ficus Popenoei

Ficus Insipida
Tetrathylacium Johansenii
Psychotria Graciliflora
Miconia Impetiolaris
Ficus Maxima

Inga Oerstediana
Trichanthera Gigantea
Schizolobium Parahyba
Piper Schiedeanum
Ficus Obtusifolia
Psychotria Chagrensis
Enterolobium Schomburgkii
Aphelandra Sinclairiana
Psychotria Limonensis
Koanophyllon Wetmorei
Ficus Costaricana
Casearia Guianensis
Lozania Pittieri

Inga Punctata

Geonoma Interrupta
Spachea Membranacea |H
Elaeis Oleifera

Casearia Commersoniana
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Marila Laxiflora
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Laetia Procera
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Anacardium Excelsum
Amaioua Corymbosa
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Psychotria Horizontalis
Mouriri Myrtilloides
Alseis Blackiana
Desmopsis Panamensis
Trichilia Tuberculata
Faramea Occidentalis
Hybanthus Prunifolius

Figure 5.1: Mean species abundance per quadrat from the Barro Colorado Island Forest dynamics
plot 1981/82 census: where species are ordered by total abundance and error bars denote standard deviations

from the mean.
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Cestrum Megalophyllum
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Zanthoxylum Setulosum
Xylosma Chlorantha
Vismia Macrophylla
Ternstroemia Tepezapote
Stemmadenia Grandiflora
Solanum Arboreum
Schefflera Morototoni
Psychotria Racemosa
Protium Confusum
Pavonia Dasypetala
Ormosia Amazonica
Nectandra Sp.4 (tiny Leaf)
Lycianthes Maxonii
Inga Mucuna
Ficus Colubrinae
Ficus Bullenei
Clidemia Septuplinervia
Borojoa Panamensis
Bertiera Guianensis
Appunia Seibertii
Apeiba Hybrid
Annona Hayesii
Urera Baccifera
Pachira Quinata
Maclura Tinctoria
Coutarea Hexandra
Conostegia Bracteata
Colubrina Glandulosa
Cojoba Rufescens
Alchornea Latifolia
Abarema Macradenia
Vismia Billbergiana
Spachea Membranacea
Sapium Broadleaf
Rosenbergiodendron Formosum
Pouteria Fossicola
Ochroma Pyramidale
Margaritaria Nobilis
Clidemia Octona
Chimarrhis Parviflora
Ardisia Bartlettii
Acacia Melanoceras
Solanum Steyermarkii
Psychotria Pittieri
Cespedesia Spathulata
Solanum Circinatum
Psychotria Hoffmannseggiana
Piper Imperialis
Cyathea Petiolata
Cedrela Odorata
Psychotria Tenuifolia
Koanophyllon Wetmorei
Ficus Yoponensis
Cupania Cinerea
Brosimum Guianense
Trichospermum Galeottii
Tocoyena Pittieri
Psychotria Graciliflora
Psychotria Acuminata
Miconia Impetiolaris
Marila Laxiflora
Lafoensia Punicifolia
Ficus Insipida
Ficus Aurea
Clidemia Dentata
Aphelandra Sinclairiana
Trichanthera Gigantea
Tetrathylacium Johansenii
Pterocarpus Officinalis
Psychotria Limonensis
Pachira Sessilis
Nectandra Fuzzy
Ficus Popenoei
Ardisia Guianensis
Ficus Maxima
Anaxagorea Panamensis
Piper Schiedeanum
Inga Oerstediana
Schizolobium Parahyba
Lozania Pittieri
Ficus Obtusifolia
Psychotria Chagrensis
Enterolobium Schomburgkii
Ficus Costaricana
Elaeis Oleifera
Casearia Guianensis
Inga Punctata
Laetia Procera
Geonoma Interrupta
Casearia Commersoniana
Theobroma Cacao
Amaioua Corymbosa
Myrospermum Frutescens
Unidentified Species
Inga Spectabilis
Anacardium Excelsum
Trema Micrantha
Pseudobombax Septenatum
Cavanillesia Platanifolia
Vochysia Ferruginea
Miconia Elata
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Chamaedorea Tepejilote
Myrcia Gatunensis
Siparuna Guianensis
Inga Ruiziana
Pourouma Bicolor
Bactris Coloradonis
Psidium Friedrichsthalianum
Malpighia Romeroana
Spondias Mombin
Zuelania Guidonia
Thevetia Ahouai
Attalea Butyracea
Vismia Baccifera
Hirtella Americana
Apeiba Tibourbou
Sapium Glandulosum
Diospyros Artanthifolia
Cupania Rufescens
Terminalia Amazonia
Guazuma Ulmifolia
Guarea Grandifolia
Ormosia Coccinea
Acalypha Macrostachya
Annona Spraguei
Cupania Latifolia
Cecropia Obtusifolia
Inga Thibaudiana
Virola Multiflora
Neea Amplifolia
Ardisia Fendleri
Dipteryx Oleifera
Bactris Major
Sterculia Apetala
Macrocnemum Roseum
Chrysophyllum Cainito
Piper Perlasense
Hampea Appendiculata
Ficus Tonduzii
Pouteria Stipitata
Astronium Graveolens
Terminalia Oblonga
Ceiba Pentandra
Tabebuia Guayacan
Ormosia Macrocalyx
Posoqueria Latifolia
Inga Laurina
Psychotria Deflexa
Nectandra Purpurea
Psychotria Grandis
Chamguava Schippii
Trattinnickia Aspera
Licania Hypoleuca
Maytenus Schippii
Cinnamomum Triplinerve
Piper Colonense
Genipa Americana
Lacmellea Panamensis
Nectandra Lineata
Hieronyma Alchorneoides
Piper Arboreum
Lindackeria Laurina
Hamelia Axillaris
Heisteria Acuminata
Erythroxylum Panamense
Cordia Alliodora
Bactris Barronis
Solanum Hayesii
Inga Cocleensis
Inga Pezizifera
Quassia Amara
Hura Crepitans
Bactris Coloniata
Aegiphila Panamensis
Zanthoxylum Ekmanii
Turpinia Occidentalis
Piper Aequale
Xylosma Oligandra
Allophylus Psilospermus
Platypodium Elegans
Inga Acuminata
Dendropanax Arboreus
Luehea Seemannii
Symphonia Globulifera
Perebea Xanthochyma
Piper Reticulatum
Spondias Radlkoferi
Zanthoxylum Acuminatum
Senna Dariensis
Platymiscium Pinnatum
Adelia Triloba
Celtis Schippii
Coccoloba Coronata
Ocotea Oblonga
Licania Platypus
Miconia Nervosa
Guapira Standleyana
Zanthoxylum Panamense
Astrocaryum Standleyanum
Nectandra Cissiflora
Palicourea Guianensis
Ocotea Puberula

Conostegia Cinnamomea

Presence/absence of species across quadrats

Casearia Sylvestris

Croton Billbergianus
Casearia Arborea
Alchornea Costaricensis
Miconia Affinis
Cestrum Megalophyllum
Alibertia Edulis
Trophis Caucana
Jacaranda Copaia
Virola Surinamensis
Mosannona Garwoodii
Erythrina Costaricensis
Tabebuia Rosea
Triplaris Cumingiana
Cecropia Insignis
Trophis Racemosa
Miconia Argentea
Andira Inermis
Rinorea Sylvatica
Ocotea Cernua
Erythroxylum Macrophyllum
Chrysochlamys Eclipes
Ocotea Whitei
Aspidosperma Spruceanum
Laetia Thamnia
Socratea Exorrhiza
Psychotria Marginata
Siparuna Pauciflora
Guettarda Foliacea
Xylopia Macrantha
Apeiba Membranacea
Coccoloba Manzinellensis
Talisia Nervosa
Inga Sapindoides
Chrysophyllum Argenteum
Casearia Aculeata
Annona Acuminata
Gustavia Superba
Inga Goldmanii
Eugenia Nesiotica
Herrania Purpurea
Trichilia Pallida
Calophyllum Longifolium
Sloanea Terniflora
Garcinia Madruno
Pentagonia Macrophylla
Cordia Bicolor
Unonopsis Pittieri
Inga Marginata
Talisia Princeps
Prioria Copaifera
Coussarea Curvigemmia
Eugenia Coloradoensis
Cassipourea Elliptica
Inga Nobilis
Lonchocarpus Heptaphyllus
Eugenia Galalonensis
Cupania Seemannii
Stylogyne Turbacensis
Protium Costaricense
Ouratea Lucens
Brosimum Alicastrum
Heisteria Concinna
Inga Umbellifera
Drypetes Standleyi
Acalypha Diversifolia
Hasseltia Floribunda
Simarouba Amara
Picramnia Latifolia
Randia Armata
Guatteria Dumetorum
Piper Cordulatum
Tabernaemontana Arborea
Beilschmiedia Pendula
Maquira Guianensis
Lacistema Aggregatum
Eugenia Oerstediana
Guarea Guidonia
Oenocarpus Mapora
Pterocarpus Rohrii
Guarea Bullata
Swartzia Simplex Var.grandiflora
Protium Tenuifolium
Poulsenia Armata
Cordia Lasiocalyx
Protium Panamense
Tachigali Versicolor
Pouteria Reticulata
Quararibea Asterolepis
Virola Sebifera
Tetragastris Panamensis
Swartzia Simplex Var.ochnacea
Psychotria Horizontalis
Capparis Frondosa
Garcinia Intermedia
Sorocea Affinis
Hirtella Triandra
Alseis Blackiana
Mouriri Myrtilloides
Trichilia Tuberculata
Hybanthus Prunifolius
Desmopsis Panamensis
Faramea Occidentalis
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Figure 5.2: Presence/absence of species across 1250 quadrats in the Barro Colorado Island Forest
dynamics plot 1981 /82 census: where species are ordered by prevalence and the dashed line in the second and
third plots show the maxima of the plot to the left.
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when subcommunities are subsampled). When sampling by individual, subcommunity gamma
is also affected by information taken from the subcommunity, since trees that are rare in the
subcommunity may or may not be rare across the metacommunity as a whole. Similarly,
measures of subcommunity beta (qﬁ§, g p%, qB]I, and q,B]I) are based on comparisons between
the subcommunity and the metacommunity, and therefore rely on information at both levels.
Subsampling therefore affects measures of subcommunity beta and gamma via influences on
the structure of the subcommunity of interest, and those that affect the metacommunity. In
turn, this means that measures of subcommunity beta and gamma should be affected not
only by sampling effects in the subcommunity of interest, but also by effects in all other

subcommunities, via their effect on the metacommunity.

At the metacommunity level, as might be expected, alpha, beta, and gamma metacommunity
diversity measures (1A%, 9AY, 9RY ¢R! aBI 9B and IGT) should be affected by sampling
across all subcommunities, because they are (power mean) averages of the subcommunity
measures. When sampling by subcommunity, they are computed across fewer subcommunities;
when sampling by individual, they are affected by sampling in each of the constituent

subcommunities.

Statistical analysis

To determine how well measured diversity was preserved at low sampling effort, subcommunity
diversity values were compared between the subsampled and fully sampled datasets. For
robustness, experiments were repeated 100 times and data were pooled. Subsampled diversity
was plotted against the true diversity of the study site. Note that here, the term ‘true
diversity’ is used to describe the real, or actual diversity of the fully sampled dataset. Linear
regression was used to determine whether any positive or negative sampling bias was present
and fit was assessed using R? values. For metacommunity-level measures, ‘Diversity conserved
(%) was plotted against ‘Sampling effort’. For clarity, when diversity is more than 100%
conserved, fully sampled values have been over-estimated, and when diversities are less than

100% conserved, fully sampled values have been under-estimated.

To determine how well the ranking of each subcommunity is preserved under reduced sampling
effort, subcommunities were ranked by value (of a particular measure of diversity), and the top
5% of values (in the fully sampled dataset) were identified. The extent to which subsampling
the data preserves these rankings was then assessed. Receiver operating characteristic (ROC)
curves were used to determine how well each measure is able to detect the highest ranking
subcommunities under reduced sampling effort. That is, are the top 5% of subcommunities in
the subsampled dataset also observed in the top 5% of subcommunities in the fully sampled
dataset? ROC curves represent the full trade-off between sensitivity (the true positive rate,
or TPR) and 1— specificity (the false positive rate, or FPR) for all possible thresholds of a

given test, where the threshold is used as a binary classifier to determine whether results are
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positive or negative (example in Figure 5.3). Here, a positive result was recorded when a
subcommunity was observed in the top % of subsampled diversities, where x ranges from
1% to 100%. False positives were detected when a subcommunity was ranked within the top
2% of subsampled diversities but not within the top 5% of fully diversities. True positives
were detected when a subcommunity was ranked within the top 2% of subsampled diversities
and the top 5% of fully sampled diversities. ROC curves were generated by plotting TPR
against FPR, where a purely random test would result in a diagonal line (TPR = FPR), and
perfect discrimination (100% sensitivity and 100% specificity) would result in the ROC curve
reaching the upper left corner (where TPR = 1 and FPR = 0).

Area under the curve (AUC) values were calculated where appropriate to determine the
overall quality of the test, where 1 is a perfect result and 0.5 is equivalent to chance. Values
below 0.5 indicate that the test is doing the reverse of its intended function (i.e. identifying
‘incorrect’ subcommunities), whereas values falling below 0.85 are generally considered to be a
poor test. The following measures of beta diversity were investigated: qp}, qﬁ%, %’JI-, and ‘15]1.;
along with q’y]I-, a novel measure of gamma diversity, and the alpha diversities qa§ and qd§ for
completeness. All measures were investigated at both the subcommunity and metacommunity

levels.

Results were summarised by plotting the relative sampling accuracy against sampling effort
for each value of ¢, where relative sampling accuracy was calculated as the ratio of subsampled

against fully sampled diversities.

x =100%

Sensitivity

x=0%{

1 - specificity

Figure 5.3: Illustration of a ROC curve: where thresholds are marked for an ideal (red) and subsampled

(green) scenario.

152



Table 5.1: Summary of subcommunity structure when subsampling by individual: For each sample fraction the minimum, maximum, median, mean, and standard
deviation of the number of individuals per quadrat is tabulated, alongside the total number of individuals in the metacommunity as a whole. Likewise for species count data.

All of these values are averaged across 100 repeats.

Individuals Species
Sample
fraction | Min Max Median Mean SD Total | Min Max Median Mean SD Total
1 36 315 187 188.244 40.876 235305 19 85 54 54.051 9.63 307

1/2 18 157 93 93.87 20435 117338 | 11.1 61.26 36.92 37.033 7.413 292.77
1/4 9 78 46 46.694 10.224 58367 | 6.25 41.99  23.945  23.979 5.246 278.24
1/8 4 39 23 23.095 5.115 28869 | 3.25 26.97 14.67 14.724  3.454 261.32
1/16 2 19 11 11.305 2.57 14131 1.72  16.11 8.47 8.571  2.142 241.38
1/32 1 9 5 5.398 1.301 6747 1 8.76 5 4.661 1.251 217.46

€41

Table 5.2: Summary of subcommunity structure when subsampling by subcommunity: For each sample fraction and total number of subcommunities (N), as well
as the minimum, maximum, median, mean, and standard deviation of the number of individuals per quadrat is tabulated, alongside the total number of individuals in the
metacommunity as a whole. Likewise for species count data. All of these values are averaged across 100 repeats.

Individuals Species
Sample
fraction Min Max Median Mean SD Total Min Max Median Mean SD  Total
1 1250 36 315 187 188.244 40.876 235305 19 85 54 54.051 9.63 307

1/2 625 | 41.17 310.09 186.65  188.253 40.853 117657.82 | 21.58 82.73 53.99 54.028 9.605 291.88
1/4 312 | 48.87 304.52 186.995 188.518 40.642 58817.66 | 25.02 80.81 53.91 54.08 9.602 274.82
1/8 156 | 60.65 296.27 186.985 188.337 40.261  29380.6 | 27.92 78.88 53.87 54.087 9.615 257.18
1/16 78 | 74.16 288.51  187.03  188.123 40.421 14673.59 | 30.35 76.78 53.95 54.146  9.677 237.52
1/32 39 | 87.74 276.84 186.29 187.266 40.752  7303.39 | 32.26 74.56 53.64 53.899 9.736 214.44
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5.4 RESULTS AND DISCUSSION

5.4 Results and discussion

In this section, I investigate each beta diversity measure in turn, followed by gamma and
alpha diversities for completeness. These are calculated at both the subcommunity (single
quadrat) and metacommunity (full study site) levels under decreasing sampling effort (both

sampling by individual and subcommunity).

Sampling by subcommunity: For each diversity measure, I first investigated the effect of
sampling a random fraction of subcommunities, both on the calculated diversity of those
subcommunities and the overall metacommunity diversity. The first potential problem was
that when only a fraction of subcommunities are sampled (for this study I went down to 3%,
or about 3%), the metacommunity diversity is estimated from only a small fraction of the
subcommunities. However, most existing (traditional) beta diversity measures are pairwise
comparisons between assemblages and as such, 3% of the subcommunities is equivalent to only
0.1% of comparisons, which is potentially a much worse problem. The second problem (which
does not apply to existing beta diversity measures) was that Reeve et al.’s (2016) measures
are based on subcommunity to metacommunity comparisons, and these metacommunity
distributions are estimates based on the subcommunities selected. However, in a dataset
this large, even 3% of subcommunities should produce a reliable estimate of metacommunity

diversity.

Sampling by individual: As an alternative, individuals were sampled from within every
subcommunity with decreasing sampling effort. This was done to investigate the effect of a
different sampling strategy (sampling evenly over the whole study site rather than sampling
intensively at a subset of locations), whilst maintaining the same sampling effort. In this
case, the problem was that every subcommunity distribution is an estimate based on the
individuals selected, as is the metacommunity distribution. For existing (traditional) pairwise
beta diversity measures, this problem may potentially, again, be worse because the comparison

is between two poorly sampled subcommunities.

5.4.1 Representativeness

Subcommunity q,c_% calculates the representativeness of each subcommunity by comparing
the species composition within subcommunity j to that of the metacommunity (described in
Section 2.2.6.1). Consider the extreme case, where subcommunity representativeness equals
one (its maximum value). Here, the species present in the subcommunity exactly match those
present in the metacommunity and, for ¢ > 0, the distribution of species must exactly match
that of the metacommunity as well. When sampling by subcommunity, the subcommunity
diversity measures should be accurate so long as the metacommunity species distribution is,

since the subcommunity species distributions are preserved. However, the accuracy of the
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5.4 RESULTS AND DISCUSSION

metacommunity diversity will also depend on the representativeness of the subcommunities
selected. When sampling effort within the subcommunity is decreased (i.e. sampling by
individual), some rare species are likely to be missed, and so the representativeness of this

subcommunity should be underestimated.

5.4.1.1 Sampling by subcommunity

Subcommunity representativeness, qﬁ%, is almost perfectly conserved for ¢ < 2 (though it is
more variable at ¢ = 2) at all levels of sampling effort (Figure 5.4a). For ¢ < 1, R? is greater
than 0.95, even at only 3.125% sampling effort (see Table C.1 for all R? values in this chapter),
and linear regression (solid black lines on the plots) shows very little systematic bias where R?
remains high. At higher values of ¢, where p focuses more on the least representative species,
R? drops to 0.79 at ¢ = 2 and 0.46 at ¢ = oo for 3.125% sampling effort.

The ROC curves improve on these results, showing that although subsampling has the least
impact on the ability to identify the top 5% of the most representative subcommunities at
q = 0, all values of ¢ and levels of subsampling accurately identify the most representative
subcommunities (Figure 5.4b). Even at 3.125% sampling effort, AUC values are calculated
as 0.992, 0.977, 0.972, and 0.897 for ¢ € {0, 1,2, 00}, respectively (see Table C.2 for all AUC

values in this chapter).

At the metacommunity level, ¢R! (the weighted average of the qﬁ}s) is almost perfectly
conserved for ¢ < 2, but for ¢ = oo, ®R! is increasingly overestimated with decreased sampling
effort (Figure 5.5). At ¢ = oo, ®R! describes the representativeness of the least representative
species in the least representative subcommunity, which is increasingly overestimated at
low sampling effort. This is because: (1) Subcommunity representativeness is low when
the relative abundance of species in a particular subcommunity is high relative to the
abundance of those same species across the metacommunity as a whole (which can happen
when subcommunities contain relatively few species), and the variation in this value depends
on which subcommunities have been sampled; and (2) representativeness increases with
the relative size of the subcommunity (which is relatively larger given that the size of the

metacommunity is smaller when fewer subcommunities are sampled).
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Figure 5.4: The effect of subsampling subcommunities on values of subcommunity representativeness
€ ﬁg) at different values of ¢ and sampling effort: (a) The true representativeness of each quadrat (x-axis) is
compared to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black line
shows the linear regression through subsampled values and the grey ribbon (where present) denotes the standard
error, and subcommunity representativeness is fully conserved when points follow the dashed grey line. Each point
corresponds to a single 20m X 20m quadrat in the BCI study site. The colour of each point shows whether the
most important communities are still identified as being important after subsampling. True positives and true
negatives are coloured green, false positives and false negatives are coloured red and blue, respectively. (b) ROC
curves highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and 100%. A
ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.5: The effect of subsampling subcommunities on values of metacommunity representativeness
(¢ ﬁﬁ) at different values of ¢ and sampling effort: The bar plot shows the relative value of 4 RT (averaged
over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of
diversity is fully conserved when bars reach the dashed grey line, whereas the lower dashed lines scale by fraction
sampled.
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5.4.1.2 Sampling by individual

Unlike sampling by subcommunity, when subsampling by individual, subcommunity represen-
tativeness, ¢ ﬁ%, is very poorly conserved for almost any value of ¢ or level of sampling effort
(Figure 5.6a). As well as this, estimates are extremely variable, where R? values are lower
at 50% sampling effort under this sampling strategy, compared to 3.125% when sampling by

subcommunity, for all values of ¢ (Table C.1).

As anticipated in Section 5.4.1, at ¢ = 0, where representativeness directly measures the
proportion of individuals in the metacommunity with a species representative (a conspecific)
in a given subcommunity, representativeness is clearly underestimated, particularly for lower
levels of sampling effort. However, the extent of this underestimation depends on the species
composition of the subcommunity, with huge variability even for subcommunities with initially
high representativeness (when fully sampled). This underestimation is also observed for all

values of ¢ and all levels of sampling effort for the most representative subcommunities.

As ¢ increases, the variance in estimates increases substantially as qﬁ} focuses more and
more on the species that have low representativeness, those that are relatively common
in each subcommunity compared to the metacommunity (the least redundant species); for
instance, as ¢ increases from 0 to oo at 25% sampling effort, the R? decreases from 0.50 to
0.18. These species might be rare within the whole metacommunity, but they might not
be. If they are rare, then as sampling effort is decreased, they are likely to be missed in
one or many subcommunities and the representativeness of the subcommunity could change
dramatically depending on which samples are missed. Conversely, if these species have a
high metacommunity-abundance then the representativeness of the subcommunity should be
generally conserved. Linear regression shows that qﬁ§ is best conserved at ¢ = 1. However,
ROC curves show that for all values of g, with sampling effort less than 50%, qﬁ} is unable to
accurately identify the top 5% of the most representative subcommunities. At 25% sampling
effort, AUC values are 0.827, 0.875, 0.862, and 0.836 for ¢ € {0,1,2, 00}, respectively (Table

C.2), which are worse than subsampling subcommunities at 3.125% sampling effort.

At the metacommunity level, ¢R! is again very poorly conserved compared to subsampling
by subcommunity. On average, these values are best conserved at ¢ = oo, though results are
variable (R, Figure 5.7). When 50% of individuals are sampled from each subcommunity,
more than 75% of metacommunity ¢R! is conserved for all values of ¢, however for ¢ < 2, ¢RI
is increasingly underestimated as sampling effort is decreased. This is not a systematic scaling
by fraction sampled, but looks regular enough that a method may be developed in the future

to compensate for this effect.
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Figure 5.6: The effect of subsampling individuals on values of subcommunity representativeness (¢ ﬁg)
at different values of ¢ and sampling effort: (a) The true representativeness of each quadrat (x-axis) is
compared to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black
line shows the linear regression through subsampled values and the grey ribbon (where present) denotes the
standard error, and subcommunity representativeness is fully conserved when points follow the dashed grey line.
Each point corresponds to a single 20m X 20m quadrat in the BCI study site. The colour of each point shows
whether the most important communities are still identified as being important after subsampling. True positives
and true negatives are coloured green, false positives and false negatives are coloured red and blue, respectively.
(b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and
100%. A ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.7: The effect of subsampling individuals on values of metacommunity representativeness (¢R')
at different values of ¢ and sampling effort: The bar plot shows the relative value of ¢RI (averaged over 100
repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of diversity is
fully conserved when bars reach the dashed grey line.

5.4.2 Redundancy

Subcommunity qp§ quantifies the redundancy of species within each subcommunity (described
in Section 2.2.6.2). For subsampling by subcommunity, w; for the sampled subcommunities
should be scaled by sampling effort, where f is the fraction sampled, and so redundancy should
be scaled by the same fraction. As a result, values are expected to be well conserved, though
scaled when sampling subcommunities, especially for lower values of ¢. Since qp§ = 0} /w;,
where w; denotes the weight of subcommunity j (which is constant when subsampling by
individual, since the same proportion of individuals are sampled from each subcommunity),
then results for subsampling by individual should be comparable to those observed for

subcommunity representativeness, that is, poorly conserved.

5.4.2.1 Sampling by subcommunity

Figure 5.8a shows how subcommunity redundancy, qp%, is affected by reduced sampling effort
when sampling by subcommunity. It is clear that subcommunity redundancy is indeed well
conserved, following the red dashed line (true diversity scaled by %), even when sampling effort
is extremely low. For ¢ < 1, the redundancy of fully sampled subcommunities is accurately
predicted for all levels of sampling effort tested. As ¢ increases, qp§ increasingly focuses on the
least redundant (most distinct) subcommunities (those that contain the highest abundances
of rare species). Here, values are less well conserved, but R? still only drops to 0.80 at ¢ = 2,
and 0.47 at ¢ = oo, for the lowest sampling effort (Table C.1). Furthermore, the ROC curves
demonstrate that this does not affect the ability of the measure to identify highly redundant

subcommunities, which are accurately identified for all values of ¢ and all levels of sampling
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effort (Figure 5.8b). For the lowest level of sampling effort, AUC are calculated as 0.997,
0.995, 0.985, and 0.897 for ¢ € {0, 1,2, 00} respectively (Table C.2).

At the metacommunity level, subsampled ¢RI, like qpﬁ, is scaled by the fraction sample
for ¢ < 2 (coloured dashed lines, Figure 5.9). This isn’t surprising since redundancy is
measuring the number of other subcommunities that contain the same species distribution,
which naturally decreases as fewer subcommunities are sampled. Interestingly however, at
q = 00, redundancy is perfectly conserved for all values of sampling effort, without the scaling
that is found for lower values of ¢q. This is because there are many species that are only found
in one subcommunity and even under heavy sampling pressure, at least one of these species
remains, and therefore °R! = 1, since at ¢ = oo only the lowest value of redundancy in the
whole metacommunity is considered. This also explains why subsampled *R! is such a poor
estimate of the true value (Figure 5.5). It is in fact, just a redundancy of 1 scaled by %, where

f is the sample fraction.
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Figure 5.8: The effect of subsampling subcommunities on values of subcommunity redundancy (qu.)
at different values of ¢ and sampling effort: (a) The true redundancy of each quadrat (x-axis) is compared
to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black line shows
the linear regression through subsampled values and the grey ribbon (where present) denotes the standard error,
subcommunity redundancy is fully conserved when points follow the dashed grey line, whereas the dashed red line
scales by the fraction sampled. Each point corresponds to a single 20m x 20m quadrat in the BCI study site.
The colour of each point shows whether the most important communities are still identified as being important
after subsampling. True positives and true negatives are coloured green, false positives and false negatives are
coloured red and blue, respectively. (b) ROC curves highlight the trade-off between specificity and sensitivity as
the threshold z varies between 0 and 100%. A ROC curve following the dashed grey line reflects results no better
than chance.
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Figure 5.9: The effect of subsampling subcommunities on values of metacommunity redundancy (¢R')
at different values of ¢ and sampling effort: The bar plot shows the relative value of ¢RI (averaged over 100
repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of diversity is
fully conserved when bars reach the dashed grey line, whereas coloured dashed lines at 50%, 25%, 12.5%, 6.25%,
and 3.125% are scaled by fraction sampled.

5.4.2.2 Sampling by individual

As with representativeness, redundancy is poorly conserved for all levels of ¢ and sampling
effort (4 p§, Figure 5.10a). The R? values are less than 65% for ¢ < 1 and less than 45% for
g = 2, even at 25% sampling effort (Table C.1). The ROC curves also show that for all values
of ¢ and sampling effort of less than 50%, these measures are unable to accurately identify the
most redundant subcommunities (Figure 5.10b), demonstrating that redundancy is strongly
affected by sample completeness when sampling by individuals, since the composition of the
subsample no longer reflects that of the subcommunity. AUC values are 0.839, 0.881, 0.866,
and 0.844, at 25% sampling effort, for ¢ =€ {0,1,2, 00}, respectively (Table C.2), worse than

subsampling by subcommunity, even at 3.125% sampling effort.

At the metacommunity level, YRT calculates the average redundancy across subcommunities.
At g = 0o, these values are remarkably well conserved (as when sampling by subcommunity),
again because at least one species is found to be unique to a subcommunity across the
metacommunity (YR, Figure 5.11). On the other hand, for lower values of ¢, 9RY, like
representativeness, is increasingly underestimated as sampling effort is decreased. Unlike
sampling by subcommunity, this is not a systematic scaling by fraction sampled, but again

looks regular.
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Figure 5.10: The effect of subsampling individuals on values of subcommunity redundancy (qpi) at
different values of ¢ and sampling effort: (a) The true redundancy of each quadrat (x-axis) is compared to
partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black line shows the
linear regression through subsampled values and the grey ribbon (where present) denotes the standard error, and
subcommunity redundancy is fully conserved when points follow the dashed grey line. Each point corresponds
to a single 20m X 20m quadrat in the BCI study site. The colour of each point shows whether the most
important communities are still identified as being important after subsampling. True positives and true negatives
are coloured green, false positives and false negatives are coloured red and blue, respectively. (b) ROC curves
highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and 100%. A ROC
curve following the dashed grey line reflects results no better than chance.
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Figure 5.11: The effect of subsampling individuals on values of metacommunity redundancy (¢R!) at
different values of ¢ and sampling effort: The bar plot shows the relative value of IR! (averaged over 100
repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of diversity is
fully conserved when bars reach the dashed grey line.

5.4.3 Effective number of distinct subcommunities

Subcommunity qB]I is an estimate of the effective number of distinct subcommunities in a
metacommunity (described in Section 2.2.6.3). In the naive-type case, this measure compares
the abundance of species in subcommunity j to the abundance of those same species across
the metacommunity. Therefore, when sampling by subcommunity, like representativeness, the
subcommunity diversity measures should be accurate so long as the overall distribution of

species in the metacommunity is well conserved.

When species are completely distinct from the rest of the metacommunity, qB]I- takes a
maximum value of 1/w;, and decreases to 1 when the distribution of species in subcommunity
j matches that of the metacommunity — or equivalently, when representativeness equals one
(its maximum value). When sampling by individual, some rare species are likely to be missed
in individual subcommunities, and the estimate of the effective number of subcommunities

should therefore be overestimated.

5.4.3.1 Sampling by subcommunities

Like representativeness, sampled estimates of ‘JB]I- are very accurate for ¢ = 0, for all levels
of sampling effort (Figure 5.12a), with R? = 0.98 at 3.125% sampling effort (Table C.1).
However, at higher values of ¢, R?> drops much faster than it does for representativeness,
even though qBJI- = 1/apt. Furthermore, these estimates are systematically too low, with the
bias increasing with decreasing sampling effort and higher values of ¢g. This is because the
representativeness of subcommunities with very small fully sampled values of representativeness

(e.g. low ‘1,5§ at 100% sampling effort Figure 5.4a) are slightly overestimated when subsampled
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and have large errors relative to their size, although these errors are small in absolute terms
for representativeness. These subcommunities have large qBJI-, which when subsampled are
consequently greatly underestimated with large uncertainty. This is particularly apparent at
q = oo, where species that are unique to individual subcommunities (where °°p§ =1, which
caused the systematic overestimation of ®RY) can be seen to form a line with slope f (the
sample fraction). This effect could not be seen in the subcommunity plots for representativeness
as the values were too close to zero. As ¢ increases and qB]I increasingly focuses more on
the least representative species, R? values drop to 0.768, 0.627, and 0.144 for q € {1,2, 00},
respectively, at the lowest sampling effort (Table C.1). Despite this, the ROC curves show
that for ¢ < 2, order is sufficiently well conserved that the top 5% of subcommunities with the
highest estimates of the effective number of subcommunities are accurately identified (Figure
5.12b). Even at the lowest level of sampling effort, AUC values are 0.995, 0.997, 0.959, and
0.785 for q € {0, 1,2, 00} respectively (Table C.2).
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Figure 5.12: The effect of subsampling subcommunities on values of normalised subcommunity beta
(‘15]1.) diversity at different values of ¢ and sampling effort: (a) The true subcommunity qB]I. diversity
of each quadrat (x-axis) is compared to partially sampled values (y-axis), where sampling effort is shown above
each plot. The solid black line shows the linear regression through subsampled values and the grey ribbon (where
present) denotes the standard error, and subcommunity qBJI- diversity is fully conserved when points follow the
dashed grey line. Each point corresponds to a single 20m X 20 m quadrat in the BCI study site. The colour of each
point shows whether the most important communities are still identified as being important after subsampling.
True positives and true negatives are coloured green, false positives and false negatives are coloured red and blue,
respectively. (b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold z varies
between 0 and 100%. A ROC curve following the dashed grey line reflects results no better than chance.
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At the metacommunity level, as sampling effort is decreased, 9B is well conserved for g < 2,
though it is over-estimated at ¢ = oo (Figure 5.13). This is in contrast to 9R!, which is
overestimated at ¢ = 2 and more severely over-estimated at ¢ = oo, even though qﬁ§ has
higher R? values at these values of ¢. The seeming contradiction that both Rt and > B! are
both overestimated, despite qBJI» = 1/ap!, is explained by the observation that BT identifies
the lowest value of OOBJI, whereas ©RT identifies the lowest value of * ,6%. These are different

and so can both be overestimates.
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Figure 5.13: The effect of subsampling subcommunities on values of normalised metacommunity beta
(qBI) diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 75T
(averaged over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The
value of diversity is fully conserved when bars reach the dashed grey line.

5.4.3.2 Sampling by individual

As with representativeness, ¢ BJI is poorly conserved for all values of ¢ and sampling effort (Figure
5.14a). The R? values are 0.357, 0.730, 0.582, and 0.214 for ¢ € {0, 1,2, 0o}, respectively, even
at 25% sampling effort (Table C.1), worse than subsampling by subcommunity at 3.125%
sampling effort. Furthermore, ROC curves show that for all values of ¢ and levels of sampling
effort, subsampling by individual (Figure 5.14b) is worse than subsampling by subcommunity
(Figure 5.12b) at identifying subcommunities with the highest estimates of the effective number
of subcommunities. Results show that g € {1,2} are best able to identify the most interesting
subcommunities (in this case the most distinct subcommunities). At 25% sampling effort,
AUC values are 0.898, 0.987, 0.945, and 0.721 for ¢ € {0, 1,2, 00}, respectively (Table C.2).

At the metacommunity level, for ¢ < 2, ¢B! is increasingly overestimated as sampling effort
is decreased (Figure 5.15). Like R and 9R!, this overestimation is somewhat regular but
does not scale with sampling effort in an obvious fashion. On average, 9B! is best conserved
at ¢ = oo, though results are variable. Subcommunity OOBJI considers the most distinct
species in a subcommunity and metacommunity *° B! considers only the least distinct of these
subcommunities by that measure. As a result, BT selects a subcommunity with very few

rare species, which are less likely to be missed under subsampling.
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Figure 5.14: The effect of subsampling individuals on values of normalised subcommunity beta (qB]I)
diversity at different values of ¢ and sampling effort: (a) The true subcommunity C’BJI- diversity of each
quadrat (x-axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot.
The solid black line shows the linear regression through subsampled values and the grey ribbon (where present)
denotes the standard error, and subcommunity ¢ BJI diversity is fully conserved when points follow the dashed grey
line. Each point corresponds to a single 20m x 20 m quadrat in the BCI study site. The colour of each point shows
whether the most important communities are still identified as being important after subsampling. True positives
and true negatives are coloured green, false positives and false negatives are coloured red and blue, respectively.
(b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold z varies between 0 and
100%. A ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.15: The effect of subsampling individuals on values of normalised metacommunity beta (qBI)
diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 9 BT (averaged
over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of
diversity is fully conserved when bars reach the dashed grey line.
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5.4.4 Distinctiveness

Subcommunity ‘IBJI- describes the average distinctiveness of a subcommunity, relative to the
metacommunity as a whole (described in Section 2.2.6.4). Since qﬁjl- = 1/apt, results should
scale by f (the fraction sampled) when sampling by subcommunity. When subsampling by
individual, species that are rare within the subcommunity are likely to be missed and the

distinctiveness of sampled subcommunities should therefore be overestimated.

5.4.4.1 Sampling by subcommunity

Like redundancy, at ¢ < 1, distinctiveness is well conserved when scaled by the fraction
sampled for all levels of sampling effort (red dashed lines, Figure 5.16a). However, as with
qBJI., R? values drop much faster than for qp§ (Table C.1). At g > 1, linear regression shows
that the scaled estimates are systematically underestimated, with bias increasing with lower
sampling effort and higher values of q. As with qB]I-, this is due to subcommunities with very
small fully sampled values of representativeness being slightly overestimated, resulting in
subcommunities with very large fully sampled values of ¢ BJI being greatly underestimated,

and subcommunities with very high distinctiveness being massively underestimated (since
qBjI' = qﬂ_;/wj)'

In Figure 5.16a, ignoring these outliers, distinctiveness is well conserved, following the red
dashed line (true diversity scaled by f), for ¢ < 2 and all levels of sampling effort. However,
due to the presence of these outliers, at the lowest level of sampling effort, R? values are
0.958, 0.671, 0.524, and 0.09 for ¢ € {0, 1,2, 00}, respectively (Table C.1). Despite this, ROC
curves show that the most distinctive subcommunities can be accurately identified when ¢ < 2
(Figure 5.16b). At 3.125% sampling effort, AUC values are 0.994, 0.994, 0.925, and 0.707 for
q € {0,1,2, 00} respectively (Table C.2).

At the metacommunity level, as with at the subcommunity level, results are scaled by sample
fraction. For ¢ < 1, scaled B! is remarkably well conserved (coloured dashed lines, Figure
5.17). However, at ¢ = 0o, values are systematically overestimated. Again, a contradiction
is seemingly observed, since ®R! is perfectly conserved and qﬁ} = 1/apt. However, this is
resolved because ®R! considers the least redundant subcommunity, whereas BT considers
the least distinct.
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Figure 5.16: The effect of subsampling subcommunities on values of subcommunity distinctiveness
(q,BJI.) at different values of ¢ and sampling effort: (a) The true distinctiveness of each quadrat (x-axis) is
compared to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black line
shows the linear regression through subsampled values and the grey ribbon (where present) denotes the standard
error, subcommunity distinctiveness is fully conserved when points follow the dashed grey line, whereas the dashed
red line scales by the fraction sampled. Each point corresponds to a single 20m x 20m quadrat in the BCI study
site. The colour of each point shows whether the most important communities are still identified as being important
after subsampling. True positives and true negatives are coloured green, false positives and false negatives are
coloured red and blue, respectively. (b) ROC curves highlight the trade-off between specificity and sensitivity as
the threshold z varies between 0 and 100%. A ROC curve following the dashed grey line reflects results no better
than chance. 168
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Figure 5.17: The effect of subsampling subcommunities on values of metacommunity distinctiveness
(2B") at different values of ¢ and sampling effort: The bar plot shows the relative value of 4B (averaged
over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of
diversity is fully conserved when bars reach the dashed grey line, whereas coloured dashed lines at 50%, 25%,
12.5%, 6.25%, and 3.125% are scaled by fraction sampled.

5.4.4.2 Sampling by individual

As with redundancy, distinctiveness is poorly conserved for all levels of ¢ and sampling effort
(Figure 5.19a), with R? values of 0.022 and 0.087 at 12.5% sampling effort for ¢ € {0, 0},
respectively (Table C.1). ROC curves show that ¢ < 2 are best able to identify the most
distinctive subcommunities for sampling effort greater than 25% (Figure 5.19b). Here, AUC
values are calculated as 0.975, 0.974, 0.923, and 0.706 for ¢ € {0, 1,2, 00}, respectively (Table
C.2). At the metacommunity level, B! is again overestimated for ¢ € {0, 1,2}, as sampling
effort is decreased. Values are best conserved at ¢ = 0o, where on average B! is well conserved

down to 12.5% sampling effort (Section 5.18), after which values are underestimated.
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Figure 5.18: The effect of subsampling individuals on values of metacommunity distinctiveness (¢BT)
at different values of ¢ and sampling effort: The bar plot shows the relative value of B! (averaged over 100
repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of diversity is
fully conserved when bars reach the dashed grey line.
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Figure 5.19: The effect of subsampling individuals on values of subcommunity distinctiveness (q,BJI.) at
different values of ¢ and sampling effort: (a) The true distinctiveness of each quadrat (x-axis) is compared to
partially sampled values (y-axis), where sampling effort is shown above each plot. The solid black line shows the
linear regression through subsampled values and the grey ribbon (where present) denotes the standard error, and
subcommunity distinctiveness is fully conserved when points follow the dashed grey line. Each point corresponds
to a single 20m X 20m quadrat in the BCI study site. The colour of each point shows whether the most
important communities are still identified as being important after subsampling. True positives and true negatives
are coloured green, false positives and false negatives are coloured red and blue, respectively. (b) ROC curves
highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and 100%. A ROC
curve following the dashed grey line reflects results no better than chance.
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5.4.5 Gamma diversity

Gamma diversity is traditionally a metacommunity-level concept. At this level, even sampling
only 3.125% of the assemblage includes over 6000 trees and as such should give reasonable
estimates whether subsampling by subcommunity or individual for ¢ > 1. For species richness
(¢ = 0), rare species will continue to accumulate (and affect the value of measured diversity)

in such a diverse study site outwith this 3.125%.

Subcommunity qu]I. describes the average metacommunity contribution of each tree present
in a subcommunity (described in Section 2.2.5). As such, values should be well conserved
when subsampling by individual (since this measure of diversity is per tree sampled). But
as sample size decreases and more species that are rare in the subcommunity are likely to
be missed, there will be increasingly large amounts of variability in measured q’y} — since
these species might be rare across the metacommunity and therefore have a high contribution
per tree to metacommunity gamma diversity, or they might be common and have a much
lower contribution. Therefore, there are two sources of variability, the actual metacommunity
contribution and which individuals are present in the subcommunity sample, whereas when
subsampling by subcommunity, only the first of these is a problem (because each subcommunity
is fully sampled). As a result, there should be lower variability when subsampling by
subcommunity than by individual, and like metacommunity 9G*, there should also be better
results for ¢ > 1 when metacommunity diversity estimates should be accurate (since at higher
values of ¢, only the most abundant species are considered) and so the second source of

variability is reduced.

5.4.5.1 Sampling by subcommunity

As expected, 9GT is almost perfectly conserved for ¢ > 1, and at ¢ = 0 it is increasingly
underestimated as sampling effort is decreased (Figure 5.21). Linear regression shows that
q’y]I- is well conserved for ¢ > 1 at all levels of sampling effort (Figure 5.20a). At the lowest
level of sampling effort, R? values are 0.89 and 0.955 for ¢ = 1 and q = 2, respectively (Table
C.1). At ¢ = 0 on the other hand, values are highly variable and tend to underestimate fully

sampled q'yjI. The latter is unsurprising, since the "G is itself underestimated.

ROC curves reflect these results, and qwjl- is able to identify which subcommunities contribute
most strongly to the diversity of the metacommunity almost perfectly for all levels of sampling
effort when ¢ > 1 (Figure 5.20b). At 3.125% sampling effort, AUC values are 0.839, 0.976,
0.993, and 1 for ¢ € {0, 1,2, 00}, respectively (Table C.2).
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Figure 5.20: The effect of subsampling subcommunities on values of subcommunity gamma (q'yjl-)
diversity at different values of ¢ and sampling effort: (a) The true subcommunity q'yjl. diversity of each
quadrat (x-axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot.
The solid black line shows the linear regression through subsampled values and the grey ribbon (where present)
denotes the standard error, and subcommunity q'yjl. diversity is fully conserved when points follow the dashed grey
line. Each point corresponds to a single 20m x 20 m quadrat in the BCI study site. The colour of each point shows
whether the most important communities are still identified as being important after subsampling. True positives
and true negatives are coloured green, false positives and false negatives are coloured red and blue, respectively.
(b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and
100%. A ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.21: The effect of subsampling subcommunities on values of metacommunity gamma (¢GT)
diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 1GT (averaged
over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of
diversity is fully conserved when bars reach the dashed grey line.
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5.4.5.2 Sampling by individual

As expected, at the metacommunity level, ¢GT is again almost perfectly conserved for ¢ > 1
(G, Figure 5.22) and again performs less well at ¢ = 0 for low sampling effort due to the
diversity of the study site.

Again, as expected, sampling by individual yields higher variability in subcommunity estimates
of ‘17]1- for all values of ¢ and sampling effort than sampling by subcommunity (Figure 5.23a).
Even at 25% sampling effort, R? values are 0.306, 0.871, 0.803, and 0.200 for ¢ € {0, 1,2, 00},
respectively (Table C.1). These values are less than subsampling by subcommunity for 3.125%
sampling effort. ROC curves and AUC values show that q’y} is able to accurately identify
subcommunities that contribute highest to the diversity of the metacommunity when ¢ > 1
for sampling effort greater than 25% (Figure 5.23b). The AUC values are calculated as 0.685,
0.889, 0.891, and 0.952, for ¢ € {0,1,2, 00}, respectively (Table C.2).
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Figure 5.22: The effect of subsampling individuals on values of metacommunity gamma (¢G?) diversity
at different values of ¢ and sampling effort: The bar plot shows the relative value of 1GT (averaged over 100
repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of diversity is
fully conserved when bars reach the dashed grey line.
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Figure 5.23: The effect of subsampling individuals on values of subcommunity gamma (‘W]I.) diversity
at different values of ¢ and sampling effort: (a) The true subcommunity q'y]I. diversity of each quadrat (x-
axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid
black line shows the linear regression through subsampled values and the grey ribbon (where present) denotes the
standard error, and subcommunity q’y]I- diversity is fully conserved when points follow the dashed grey line. Each
point corresponds to a single 20m X 20 m quadrat in the BCI study site. The colour of each point shows whether
the most important communities are still identified as being important after subsampling. True positives and true
negatives are coloured green, false positives and false negatives are coloured red and blue, respectively. (b) ROC
curves highlight the trade-off between specificity and sensitivity as the threshold z varies between 0 and 100%. A
ROC curve following the dashed grey line reflects results no better than chance.
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5.4.6 Alpha diversities

Subcommunity qc‘@ describes the effective number of species in each subcommunity in isolation
(described in Section 2.2.4.1). This measure takes a minimum value of one when only a single
species is present and a maximum value of S when species are evenly distributed (within the
subcommunity). In the latter case, diversities can only be underestimated as fewer individuals
are sampled and species become less evenly distributed. Therefore, when subsampling by
individual, subsampled qd} will be severely affected by rarefaction issues. When subsampling

by subcommunity, subsampled qc’@ should be unaffected.

Subcommunity qa} is an estimate of naive-community metacommunity diversity (Raw alpha

diversity, Section 2.2.4.2). When subsampling by individual, similar results should be obtained
for qa? as for q@?, since qoz§ = 9a}/uw;, whereas, when subsampling by subcommunity, qa§

should be scaled by f, the fraction sampled.

5.4.6.1 Sampling by subcommunity

The diversity of a subcommunity in isolation, ‘107} is perfectly conserved for all values of ¢
regardless of sampling effort (Figure 5.24a). This is unsurprising, since ¢ d} depends only on the
proportional abundance of species in subcommunity j, and so, omitting other subcommunities
from sampling has no effect on results. This remains true at all values of ¢, where all R? values
are 1.000 (Table C.1). Likewise, ROC curves show that qo‘z} is able to accurately identify
subcommunities with of q@} for all levels of sampling effort and values of ¢ (Figure 5.24b),
where all AUC values are 1.000 (Table C.2).

As sampling effort is decreased, qa} is almost perfectly conserved, following the red dashed line
(true diversity scaled by %), for all values of ¢ (Figure 5.26a). The R? values are 0.976, 0.993,
0.996, and 0.996 for ¢ € {0, 1,2, 00}, respectively, for the lowest level of sampling effort. This
slight variation is observed because w; does not change consistently for all subcommunities
as fewer subcommunities are sampled. Furthermore, ROC curves show that qa} is able to
accurately identify the most diverse subcommunities for all levels of sampling effort and values

of ¢ (Figure 5.26b), where all AUC values are 1.000 (Table C.2).

At the metacommunity-level, AT, is almost perfectly conserved for ¢ < 2, for all levels of
sampling effort (Figure 5.25). At ¢ = oo, 9A! is increasingly overestimated as sampling
effort is decreased. This is because °°A§ considers only the most dominant species in the
metacommunity, which may be missed as subcommunities are sampled. Likewise, when scaled

by wj, 4A! behaves in the same way (coloured dashed lines, Figure 5.27).
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Figure 5.24: The effect of subsampling subcommunities on values of normalised subcommunity alpha
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point shows whether the most important communities are still identified as being important after subsampling.
True positives and true negatives are coloured green, false positives and false negatives are coloured red and blue,
respectively. (b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold z varies
between 0 and 100%. A ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.25: The effect of subsampling subcommunities on values of normalised metacommunity alpha
(2AY) diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 9A!
(averaged over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The
value of diversity is fully conserved when bars reach the dashed grey line.
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Figure 5.26: The effect of subsampling subcommunities on values of raw subcommunity alpha (qag)
diversity at different values of ¢ and sampling effort: (a) The true subcommunity qa} diversity of each
quadrat (x-axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot.
The solid black line shows the linear regression through subsampled values and the grey ribbon (where present)
denotes the standard error, subcommunity qozg- diversity is fully conserved when points follow the dashed grey line,
whereas the dashed red line scales by the fraction sampled. Each point corresponds to a single 20m x 20 m quadrat
in the BCI study site. The colour of each point shows whether the most important communities are still identified
as being important after subsampling. True positives and true negatives are coloured green, false positives and
false negatives are coloured red and blue, respectively. (b) ROC curves highlight the trade-off between specificity
and sensitivity as the threshold z varies between 0 and 100%. A ROC curve following the dashed grey line reflects
results no better than chance.
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Figure 5.27: The effect of subsampling subcommunities on values of raw metacommunity alpha (¢A")
diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of Al (averaged
over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The value of
diversity is fully conserved when bars reach the dashed grey line, whereas coloured dashed lines at 50%, 25%,
12.5%, 6.25%, and 3.125% are scaled by fraction sampled.
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5.4.6.2 Sampling by individual

As expected, qo‘z} is increasingly underestimated with decreasing sampling effort (Figure
5.28a). This effect is particularly strong when ¢ = 0, since 05z§ weights rare and common
species equally, whereas higher values of ¢ place more emphasis on the more common species.
Therefore, as fewer individuals are sampled from each subcommunity, and rare species are
missed, 00‘4} is underestimated and more variable. At 50% sampling effort, R? values are
0.839, 0.871, 0.877, and 0.809 for ¢ € {0,1,2, 00}, respectively (Table C.1). Nevertheless,
ROC curves show that for sampling effort greater than 25%, rank (in the sense of identifying
the most interesting subcommunities) is reasonably well conserved for all values of ¢, though
g = 0 is best overall (Figure 5.28b). The AUC values at 50% sampling effort are 0.978,
0.982, 0.982, and 0.974 for g € {0, 1,2, 00}, respectively (Table C.2). Again, as expected, qoz§
behaves in a similar manner (Figure 5.29a), with R? values of 0.842, 0.909, 0.908, and 0.862
for ¢ € {0,1,2, 00}, respectively (Table C.1). In contrast to qo?%, the ROC curves and AUC
values show that, when sampling effort is less than 25%, ¢ = 0 is just as poor as other values

of ¢ at identifying subcommunities with high values of qa} (Figure 5.29b and Table C.2).

Note that at ¢ = oo, horizontal striations are visible whereby subcommunities with different
values of fully sampled 006% appear equivalent under lower sampling effort. This is because
005% considers only the most abundant (or most ordinary) species in each subcommunity. And
at low sampling effort, it is more likely that the relative abundance of the most dominant

species in multiple subcommunities will be equal. This is also observed for 0004} (Figure 5.29a).

At the metacommunity level, AT describes the effective number of species in each subcommu-
nity in isolation, averaged across all subcommunities. These values are best conserved when
g = oo where only the most dominant species in the metacommunity is considered (Figure
5.30), whereas, for ¢ < 2, where measures are more sensitive to rare species, 1AT is increasingly

underestimated. Likewise for metacommunity A! (Figure 5.31).
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Figure 5.28: The effect of subsampling individuals on values of normalised subcommunity alpha (‘16%)
diversity at different values of ¢ and sampling effort: (a) The true subcommunity q&} diversity of each
quadrat (x-axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot.
The solid black line shows the linear regression through subsampled values and the grey ribbon (where present)
denotes the standard error, and subcommunity qE% diversity is fully conserved when points follow the dashed
grey line. Each point corresponds to a single 20m X 20m quadrat in the BCI study site. The colour of each
point shows whether the most important communities are still identified as being important after subsampling.
True positives and true negatives are coloured green, false positives and false negatives are coloured red and blue,
respectively. (b) ROC curves highlight the trade-off between specificity and sensitivity as the threshold z varies
between 0 and 100%. A ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.29: The effect of subsampling individuals on values of raw subcommunity alpha (qa;.) diversity
at different values of ¢ and sampling effort: (a) The true subcommunity qa§ diversity of each quadrat (x-
axis) is compared to partially sampled values (y-axis), where sampling effort is shown above each plot. The solid
black line shows the linear regression through subsampled values and the grey ribbon (where present) denotes the
standard error, and subcommunity qa} diversity is fully conserved when points follow the dashed grey line. Each
point corresponds to a single 20m X 20m quadrat in the BCI study site. The colour of each point shows whether
the most important communities are still identified as being important after subsampling. True positives and true
negatives are coloured green, false positives and false negatives are coloured red and blue, respectively. (b) ROC
curves highlight the trade-off between specificity and sensitivity as the threshold x varies between 0 and 100%. A
ROC curve following the dashed grey line reflects results no better than chance.
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Figure 5.30: The effect of subsampling individuals on values of normalised metacommunity alpha
(2AY) diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 2 AT
(averaged over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The
value of diversity is fully conserved when bars reach the dashed grey line.
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Figure 5.31: The effect of subsampling individuals on values of raw metacommunity alpha (2AT)
diversity at different values of ¢ and sampling effort: The bar plot shows the relative value of 9AT
(averaged over 100 repeats) at each level of sampling effort. Error bars indicate a 95% confidence interval. The
value of diversity is fully conserved when bars reach the dashed grey line.
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5.5 Systematic bias in measures of beta diversity

Figures 5.32 and 5.33 show the relative sampling accuracy of Reeve et al.’s (2016) subcommunity-
and metacommunity-level measures of diversity when sampling by individual, Figures 5.34
and 5.35 show relative sampling accuracy when sampling by subcommunity. This summary
statistic shows how well each measure is conserved with decreasing sampling effort, allowing
general trends to be observed. When sampling by individual, relative sampling accuracy is
calculated as the ratio of subsampled to fully sampled diversity values, e.g. for normalised
alpha, SA = % When sampling by subcommunity, the relative sampling accuracy is

calculated in the same way for all measures except for quz, qﬁjz, and qajz_ As discussed above,

subsampled qoz]Z and qﬁjz, are scaled by f, whereas subsampled qp]Z is scaled by % There-

fore, for these measures, the relative sampling accuracy is calculated as SA, = W,
SA, = W and SAz = Ww The pink ribbon denotes a 95% confidence

interval and the dashed line highlights a relative sampling accuracy of one, where subsampled

diversity is able to accurately predict the diversity of each fully sampled subcommunity.

Chao et al. (2005) note that incomplete data results in a systematic bias to measured
diversity. That is, decreasing sampling effort should cause sampled estimates of beta diversity
to increase, as rare species are likely to be missed. Indeed, these results show that for
q < o0, subsampling by individual does cause subcommunity qBJI» and ¢ ﬁjI- diversities to be
overestimated as sampling effort is decreased (Figure 5.32). Equivalently, since qﬁ} = 1/ap!
(and qﬂjl- = 1/ap!), subcommunity qﬁ} and qp§ are increasingly underestimated with reduced

sampling effort, and similarly, at the metacommunity-level (Figure 5.33).

However, when subsampling by subcommunity, these effects are no longer present. In fact,
as described previously, sampled estimates of beta diversity are very good predictors of fully
sampled values at both the subcommunity and metacommunity levels. This is summarised in
Figures 5.34 and 5.35. In fact, these observations are reversed — though on a much smaller
scale — such that qBJI- and qBJI- are slightly underestimated when sampling effort is low (and
qﬁ§ and qp} are slightly overestimated). Furthermore, under extreme subsampling, where the
number of subcommunities sampled (N') is less than BT of the fully sampled metacommunity,
then the sampled B! must necessarily be an underestimates, since they are constrained by
N'.
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Figure 5.32: The effect of subsampling individuals on measured subcommunity diversity. Relative
sampling accuracy against sampling effort for different measures of diversity, values of ¢: The shaded
ribbon denotes the 95% confidence interval. Diversity values are fully conserved when points follow the dashed

grey line.
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Figure 5.33: The effect of subsampling individuals on measured metacommunity diversity. Relative
sampling accuracy against sampling effort for different measures of diversity, values of ¢: The shaded
ribbon denotes the 95% confidence interval. Diversity values are fully conserved when points follow the dashed

grey line.
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Figure 5.34: The effect of subsampling subcommunities on measured subcommunity diversity. Rela-
tive sampling accuracy against sampling effort for different measures of diversity, values of ¢, and
sampling effort: The shaded ribbon denotes the 95% confidence interval. Diversity values are fully conserved

when points follow the dashed grey line.
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Figure 5.35: The effect of subsampling subcommunities on measured metacommunity diversity. Rel-
ative sampling accuracy against sampling effort for different measures of diversity, values of ¢, and
sampling effort: The shaded ribbon denotes the 95% confidence interval. Diversity values are fully conserved

when points follow the dashed grey line.
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5.6 Conclusion

In this chapter, the Barro Colorado Island Forest dynamics plot dataset was used to assess the
performance of Reeve et al.’s (2016) measures of diversity under sampling pressure. This is a
fully sampled dataset, which makes it ideal for such purposes. In these analyses, data were
subsampled in two different ways: (1) sampling by individual, where a fraction of individuals
are sampled from every subcommunity, and (2) sampling by subcommunity, where a fraction
of whole subcommunities are sampled from the metacommunity. In both cases, subsamples
were taken at 50%, 25%, 12.5%, 6.25%, and 3.125% and therefore, at each level of sampling
effort the same number of individuals were recognised in each sampling strategy. To determine
how well measured-diversity was conserved (when sampling by individual or subcommunity),

the diversity of each subsampled dataset was compared to that of the fully sampled dataset.

Figures 5.36 and 5.37 collate all ROC curves from earlier in the chapter, corresponding to
diversity analyses subsampled by individual and subcommunities, respectively. Table C.2
lists the corresponding AUC (Area Under Curve) values for each plot. These results show
how well each measure is able to identify the most interesting — i.e. most diverse (‘16%), most
distinctive (‘16]1)7 most representative (qﬁ§), and so on — under reduced sampling effort, for
each of the sampling strategies. Comparing these results shows that (for the BCI study site)
it is overwhelmingly better to fully sample a number of subcommunities in their entirety, than
partially sample every subcommunity. Moreover, when the measured values themselves are

examined, similar results are observed, as described subsequently.

Assessment of diversity measures

In agreement with Chao et al.’s (2005) observations — that beta diversity is increasingly
overestimated with decreasing sampling effort — results showed that when sampling by
individual, qB]I and qﬂ} are indeed overestimated, for ¢ < oo (Figure 5.32); Equivalently,
qﬁ§ and qp§ were underestimated, since qﬁ§ = 1/a3t and q,o§ = 1/apl. At the metacommunity
level, where measures are calculated as a weighted power mean of the subcommunity level
values, equivalent results were observed for BT, 1BY 4RI and 9R! (Figure 5.33). On the
other hand, when sampling by subcommunity, normalised beta diversities (qﬁ} and qBJI,)
accurately predicted fully sampled values for all levels of sampling effort, for ¢ < 1 (Figure
5.34). Raw beta diversities (qp§ and qﬂ}), when scaled by sampling effort, yield accurate
estimates of the fully sampled values for all levels of sampling effort, for ¢ < 1. Likewise, for

the metacommunity level measures (Figure 5.35).

It is known from sampling theory that sample-based methods preserve any autocorrelation
in species occurrence, and therefore result in fewer species being observed across multiple
samples than might be observed using individual-based methods (Gotelli & Colwell, 2001).
When the metadata is examined, at the lowest level of sampling effort (3.125%) when only
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39 subcommunities are sampled from a total of 1250, the average number of species per
subcommunity remained approximately the same (dropping from 54.051 in the fully sampled
dataset to 53.899 at 3.125% sampling effort, Table 5.2). Conversely, for when sampling by
individual, the average number of species drops from 54.051 to 4.661, per subcommunity
(Table 5.1). It is perhaps unsurprising then, that measured values were better conserved when

sampling by subcommunity, than when sampling by individual.

Subcommunity q’y} is also better conserved when sampling by subcommunities than when
sampling by individual. However, at the metacommunity level — since G is only dependent on
the abundance of species in the metacommunity — as expected, ¢GT performs well under both
sampling strategies. Following this trend, qo‘z} is perfectly conserved at all levels of sampling
effort, whereas qa} performs well when linearly scaled by f, the fraction sampled. On the
other hand, as when subsampling by individual, both qa§ and qa§ are greatly underestimated
as rarefaction issues emerge. At the metacommunity level, results are comparable, though

some variation is observed due to averaging across subcommunities.

Potential limitations

Though results are encouraging, particularly when subsampling by subcommunity, additional
work is required before any generalisations can be made on these findings. As already discussed,
observed species richness is affected by many issues, including the number of individuals in the
area, how easily they can be observed, the size of the region under study, the heterogeneity
of habitat types, and sampling effort. For example, when sampling by subcommunity, as
the size of the sampled area increases, species richness will increase rapidly as new species
are encountered. Once the area is large enough to contain all of the species associated
with a particular habitat type, species richness will increase further as species from differing
habitats are more likely to be encountered (Kohn & Walsh, 1994; Steinmann et al., 2011).
In other words, species richness increases non-linearly with the size of the area sampled, as
different species pools are aggregated (Gotelli & Colwell, 2001). Here, the 50 ha study site
was partitioned into 20m x 20 m quadrats. In addition to this, it might be useful to consider
not only how different quadrat sizes might affect these results, but also the distribution of

habitat types.

But what about the size of the dataset itself? The BCI Forest dynamics plot is a large,
fully sampled dataset, which here was partitioned into 1250 quadrats. However, in a much
smaller study in which there might only be a small number of subcommunities, then diversity
measures based on metacommunity abundance might be expected to be more affected by
reduced sampling effort (due to the small numbers alone). If so, there may be a point below
which it might be better to sample by individuals rather than subcommunities. In which
case, care must be taken when considering the individuals over which diversity is being

calculated. Individual-based sampling strategies assume that each individual is equally likely
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to be encountered (or not to be encountered), which is approximately true in this case,
where the individuals sampled are trees. However, for communities in which some species are
more difficult to sample than others, this assumption might be more problematic. Though
beyond the scope of this study, possible sources of bias include (but are not limited to):
behaviour-related sampling-bias due to boldness or aggression (Carter et al., 2012; Biro, 2013),

and non-detection bias due to rareness or camouflage (Hefley et al., 2013).

Recommendations

In future work it should be possible to make generalised predictions of how each of these
measures behave under decreased sampling effort. In addition to this, it would be interesting
to determine how well each measure — particularly the beta diversity measures — compare
to those commonly used in the literature. For this particular dataset, it is reasonable to
hypothesise that Reeve et al.’s (2016) beta diversity measures — based on subcommunity
to metacommunity comparisons — should produce more reliable estimates than traditional
measures, under reduced sampling effort. Since, in a dataset this large, a reliable estimate
of metacommunity diversity can be calculated at even 3% of subcommunities (N = 1250).
In this work, however, which explored rarefaction issues associated with the measurement of
the subcommunity and metacommunity diversity of the BCI study site, by simulating two
different subsampling strategies. Results showed that given the same resource, it is better to
sample by subcommunity than by individual. In particular and as predicted, Reeve et al.’s

(2016) beta diversity measures were well conserved, even at very low sampling effort.
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Figure 5.36: ROC curves showing the effect of subsampling individuals on the trade-off between

specificity and sensitivity for different measures of diversity and values of q.
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Figure 5.37: ROC curves showing the effect of subsampling subcommunities on the trade-off between

specificity and sensitivity for different measures of diversity and values of q.
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Chapter 6

Discussion

‘Diversities are mere numbers and should be distinguished from the theories which
they support.’
— Hill (1973)

The concept of biodiversity is a complex and multifaceted one, resulting from many interacting
processes. Given these difficulties, many groups have attempted to find alternative means with
which to quantify diversity. Historically, Shannon (1948) entropy (a measure of information
content) and Simpson’s (1949) index of concentration (a measure of probability) have been
used to quantify this diversity. However, these measures don’t satisfy the various mathematical
properties required for a measure of diversity to behave as one would expect. It turns out
that these measures, when transformed, exist on a continuum of measures known as Hill
(1973) numbers. These values are quantified in units of ‘effective numbers’, which satisfy the

aforementioned properties and allow diversity to be expressed intuitively.

Comparing the diversity of one community to another can be considered in terms of Whittaker’s
(1960) alpha (within subcommunities), beta (between subcommunities), and gamma (across
subcommunities, or equivalently within the metacommunity) diversities. Recently, Reeve et al.
(2016) proposed new measures of metacommunity alpha, beta, and gamma diversities, that
emerge naturally from Rényi’s (1961) generalisations of Shannon (1948) entropy and Leinster
& Cobbold’s (2012) expression of similarity-sensitive diversity. Critically, these measures
can be decomposed into their subcommunity contributions, revealing the metacommunity’s
underlying subcommunity structure and dynamics. Consequently, this framework is able to
identify unique signals in population structure that traditional measures might not detect,
particularly because the framework (following Leinster & Cobbold, 2012) incorporates a
similarity matrix (Z), which allows any kind of similarity to be considered, be it taxonomic,
genetic, phenotypic, and so on. The work in this thesis is based on this new framework of

diversity measures.

In addition to the average diversity across subcommunities, 1A% (equivalent to Whittaker’s
alpha) and the diversity of the metacommunity as a whole, 1G?% (equivalent to Whittaker’s
gamma), Reeve et al.’s (2016) framework can be used to calculate the average redundancy of
subcommunities (7R%), the average representativeness of subcommunities (1R%), the average

distinctiveness of subcommunities (58%), and the effective number of distinct subcommunities
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(1B%). At the subcommunity level, these measures can be deconstructed to calculate the diver-
sity of a subcommunity in isolation (qo_zjz), the contribution per individual in a subcommunity
toward metacommunity diversity (a novel measure of gamma diversity, q’yjz), the redundancy
of a subcommunity (¢ p]Z), the representativeness of a subcommunity (Qp]Z)7 the distinctiveness

of a subcommunity (qﬁjz), and an estimate of the effective number of distinct subcommunities

(18%).

In Chapter 2, each of these measures were described in detail alongside simple examples. I
also briefly discussed a software package, rdiversity, which I developed in R to calculate

these measures. This package is available on CRAN.

6.1 Case studies

In Chapter 3, three distinct case studies were selected to showcase the flexibility of Reeve
et al.’s (2016) framework. The challenge was to determine whether or not this framework
could be usefully applied to such different datasets, each requiring very different signals to
be detected. The focus of the first case study was a classic biodiversity problem, to examine
the compositional structure of the Barro Colorado Island (BCI) Forest dynamics plot. The

second two case studies developed novel diversity-based solutions to more unusual problems.

In contrast to other traditional measures of diversity, Reeve et al.’s (2016) framework can
be used to investigate subcommunity structure. This was illustrated in the first case study
(Section 3.2), by examining the spatial and temporal diversity of the BCI Forest dynamics plot
— a fully sampled 50 ha study site. First, spatial diversity was measured in the naive-type case
(where species are considered distinct), so that the properties of each measure could be clearly
observed. Two areas were identified as being particularly interesting, and unrepresentative of
the study site: invasive species in the top-left of the site, as well as a swamp in the centre-left
with unique plant types. Following this, taxonomic diversity was assessed by incorporating
Shimatani’s (2001) measure of taxonomic distance. From these results, only the swamp
continued to contribute highly to the biodiversity (q’yjz’f”) of the study site, highlighting the
evolutionary uniqueness of swamp-based species. The area in the top-left, though distinct
(qﬁjzm), no longer contributed as highly, comprising invasive species that were found to be
taxonomically similar to the rest of the plot. Temporal diversity was then calculated as BT,
a measure of turnover, where the swamp was identified as having the highest turnover in
species composition over time. This was confirmed by separate analyses showing the spatial
representativeness (4 ﬁi) of the swamp increasing at each time point, and examining the species

composition of the swamp.

The second case study (Section 3.3) examined the population demographics of England and

Wales from 2001 census data. This dataset was selected for the ease with which results could be
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6.2 PHYLOGENETIC BETA DIVERSITY

verified after the analysis. Two datasets were compared, each comprising the total population
of England and Wales in 2001, but differing in the way individuals were partitioned into age
groups and geographic regions: the parish dataset had a high spatial resolution but fewer
age classes, whilst the CAS ward dataset had a lower spatial resolution but a higher number
of age classes. To account for these differences, similarity was scaled to behave equivalently
between the two different datasets. This was done by calibrating a scaling parameter to a
pre-defined effective number of age classes, IG% = 8. Low subcommunity representativeness
(qﬁJZ) was used to identify areas with unusual age distributions such as those inhabited by
the young adults in proximity to universities, and retirement communities dominated by the

elderly.

Finally, the third case study (Section 3.4) investigated the transmission of antimicrobial
resistance (AMR) phenotypes in sympatric human and animal host populations. Subcommu-
nity redundancy (quZ) and distinctiveness (qﬂjz) were used to detect emerging resistance in
host populations, with similarity defined from phenotypic resistance profiles. Agreeing with
published results, it was found that host populations were not well mixed and the animal
population was unlikely to have been the source of antimicrobial resistance in the human
population. These results show that diversity-based methods can be used to tackle problems
that are not typically diversity related. More generally, these studies highlight the flexibility
and robustness of Reeve et al.’s (2016) framework of diversities, by demonstrating how it
can easily be extended to handle new diversity problems by defining similarity to suit each

problem.

6.2 Phylogenetic beta diversity

Measures of phylogenetic beta diversity can be categorised into two groups: tree-based measures
such as Unifrac (the unique fraction distance, Lozupone & Knight, 2005) and Phylosor (the
phylogenetic Sgrensen index, Bryant et al., 2008), and distance-based measures such as MPD
(mean pairwise distance, Webb, 2000) and MNTD (mean nearest taxon distance, Webb et al.,
2002). In Chapter 4, I developed new methods of phylogenetic diversity analysis that extend
Reeve et al.’s (2016) framework and quantify phylogenetic beta diversity from both of these
perspectives: tree-based measures (tree) that build on Leinster & Cobbold’s (2012) measure
of phylogenetic similarity; and distance-based measures (PPD; and PPD,). I compared these
new measures to those commonly used in the literature and assessed their robustness using
different phylogenetic simulations. Results showed that all of these new measures were better
able to detect phylogenetic signal in community structure than traditional measures in almost
all circumstances (varying the number of tips in the phylogeny, the number of subcommunities,
evolutionary rate, whether a phylogeny is ultrametric or non-ultrametric, whether data is

incidence-based or abundance-based, nestedness vs. turnover, and so on).
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To conclude this chapter, I applied these new measures of phylogenetic beta diversity to a
familiar problem — to investigate the transmission of antimicrobial resistance between human
and animal populations, to determine whether epidemic strains of DT104 were maintained
separately or transmitted freely between hosts (Section 4.6). By excluding the evolutionary
history prior to the epidemic, it was possible to examine only the information directly related
to possible host-to-host transmission during the epidemic. These results were validated against
published results, again showing that epidemic strains of DT104 were maintained separately

in human and animal populations.

There was no time to do a similar investigation, comparing commonly used genetic diversity
measures to those based on Reeve et al.’s (2016) framework, but this would be an obvious
next step. Nonetheless, it seems intuitive to apply these measures directly to the genetic
data that was used to generate the phylogenetic trees. This would avoid possible sources
of error associated with generating a phylogeny and show whether there is any difference
in using phylogenetic vs. genetic diversity measures. A small case study in Appendix D
illustrates how Reeve et al.’s (2016) framework can be used to quantify genetic diversity, using
measures analogous to the phylogenetic distance-based beta diversities developed in Chapter
4. A straightforward relationship between phylogenetic and genetic diversity should exist, and
so future work might include an extensive analyses of how these genetic diversity measures
compare to the phylogenetic distance-based beta diversities, and more generally to measures

of genetic beta diversity commonly used in the literature.

6.3 Sampling properties

In this thesis, most studies utilised large, often fully sampled datasets. However, this is not
usually the case. Incomplete data and low sample completeness is a common problem and as
a result, estimators are often required. In Chapter 5, I used the fully sampled Barro Colorado
Island Forest dynamics plot to determine the effect of undersampling on Reeve et al.’s (2016)
diversity framework. The 50 ha site was partitioned into 20mx 20 m quadrats to assess the
robustness of Reeve et al.’s (2016) framework of measures to subsampling. Specifically, I
investigated how well measured diversity is preserved, how well order is preserved between
subcommunities, and how well correlated fully sampled and subsampled diversity measures
are, under subsampling. In addition to this, I examined whether it was better to (1) partially
sample every subcommunity, or (2) fully sample a proportion of subcommunities. Subsamples
were taken at 50%, 25%, 12.5%, 6.25%, and 3.125% sample completeness in order to determine
how each measure performed under each sampling strategy. Results showed that given the
same amount of sampling effort, it was always better to sample by subcommunity than to
sample by individual, and doing so results in accurate diversity estimates, even for low sample

completeness.

192



6.4 CONCLUSION

In Chapter 4, I investigated how phylogenetic diversity measures were affected by subsampling
species from the tree, and found that the framework was better than other measures, although
still not very powerful. It would be interesting to consider how phylogenetic beta diversities
are affected by subsampling. However, a practical problem was presented to me, where
field epidemiologists were interested in knowing how large an outbreak of a disease was
from incomplete data. This is really a gamma diversity problem, but nonetheless, it seemed
worthwhile investigating as a preliminary case study. The results of this study are presented
in Appendix E, where sampling pressure is applied to viral genetic and phylogenetic data in
the context of the 2001 UK FMDYV outbreak, to determine the best way of inferring the total

size of the epidemic from incomplete data.

6.4 Conclusion

In conclusion, this family of diversity measures is powerful when compared to measures
commonly found in the literature, is easily adaptable to new research domains, and can be
used with poorly sampled data whilst still achieving a good level of accuracy. Obvious next

steps include:

e A similar comparison to commonly used measures of genetic and genomic diversity as was
done here with phylogenetic beta diversities. This should be relatively straight forward,
though relatively time consuming given the number of genetic diversity measures in the

literature and the computational time required to perform these analyses;

e A deeper investigation of the sampling properties of the measures on more varied datasets
— both other Center for Tropical Forest Science (CTFS) study plots as well as datasets
in other research domains and potentially, simulated datasets where known signals are

investigated (as was done in Chapter 4); and

e In the longer term, the development of suitable estimators of the whole family of diversity

measures from sampled data.
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APPENDIX A

Some derivations

The Rényi-divergence of order o (Equation 3.3 in Rényi, 1961) is written:

n
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logs | > 25 (A.1a)
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a—1

which he defines as “the information of order a obtained if the distribution P is replaced by

distribution Q. We can rearrange this formula such that:
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This is equivalent to the weighted powermean:

-1
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which is Reeve et al.’s (2016) subcommunity /3 diversity, or the effective number of distinct

subcommunities in a metacommunity.
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APPENDIX B

Phylogenetic beta diversity

B.1 The effect of varying evolutionary rates on subcommunity

structure
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Figure B.1: Example population structure produced by the qualitative-independent (qi) partition
strategy: where transition rates are (a) 1, (b) 0.2, (c) 0.1, (d) 0.02, (e) 0.01.
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B.1 THE EFFECT OF VARYING EVOLUTIONARY RATES ON SUBCOMMUNITY
STRUCTURE
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Figure B.2: Example population structure produced by the qualitative-dependent (qd) partition
strategy: where transition rates are (a) 1, (b) 0.2, (c) 0.1, (d) 0.02, (e) 0.01.
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STRUCTURE
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Figure B.3: Example population structure produced by the quantitative-dependent proportional
(qdp) partition strategy: where transition rates are (a) 0.002, (b) 0.02, (¢) 0.2, and (d) 2.
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Tree a b
b | A

[ a

W.

100 0.000 0.005 0010 0015 0,020 0.000 0.005 0,010 0015 0.020

a

il

o

[ a

100 0.0000 0.0005 0.0010 0.0015 00020 0.0000 0.0025 0.0050 0.0075 0.0100

Figure B.4: Example population structure produced by the quantitative-independent proportional
(gip) partition strategy: where transition rates are (a) 0.002, (b) 0.02, (c) 0.2, and (d) 2.
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B.2 Power values

B.2.1 Experiment 1: Two subcommunities

Table B.1: Experiment 1 - Two subcommunities: These results show how well tree-based and distance-
based phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values
are denote statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1 BZiree 1 BZiree 1B3Zrrp,  1pZrep, 13Zrrp.  1pZrro,
(IRZ”&&) (letree) (1RZPPDl) (IRprDl) (1RZPPDC) (1RZPPDC)

qd_nu 0.75 0.73 0.91 0.91 0.89 0.89
qdb_nu 1.00 0.98 1.00 1.00 1.00 1.00
qdp_nu 1.00 0.98 1.00 1.00 1.00 1.00
qi-nu 0.70 0.66 0.84 0.84 0.86 0.86
qib_nu 0.93 0.91 0.88 0.88 0.91 0.91
qip_nu 0.99 1.00 1.00 1.00 1.00 1.00
qd_u 0.98 0.98 1.00 1.00 1.00 1.00
qdb_u 0.98 0.98 0.96 0.96 0.98 0.98
qdp_u 1.00 1.00 1.00 1.00 1.00 1.00
qi_u 0.98 0.98 1.00 1.00 1.00 1.00
qib_u 0.98 0.98 0.94 0.94 0.96 0.96
qip-u 1.00 1.00 1.00 1.00 1.00 1.00

B.2.2 Experiment 2: Nested subcommunities

Table B.2: Experiment 2 - Nestedness: These results show how well tree-based and distance-based phylo-
genetic beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote
statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . ]
distance-based distance-based
1BZtree 1 BZtree 1BZPPDZ 1BZPPD[ 1BZprpPp, 1BZprp,
(1RZwee) (1Rzn~ee) (1RZPPD1) (IRZPPDl) (1RZPPD6) (1RZPPDG)

gi_nu 0.33 0.23 0.34 0.34 0.39 0.39
gib_nu 0.52 0.41 0.45 0.45 0.57 0.57
qip-nu 0.93 0.38 0.89 0.89 0.91 0.91
qgi_u 0.55 0.55 0.52 0.52 0.60 0.60
qib_u 0.69 0.69 0.48 0.48 0.59 0.59
qip_u 0.98 0.98 0.93 0.93 0.96 0.96
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B.2.3 Experiment 3: Varying tree size

Table B.3: Experiment 3 - 10 tips: These results show how well tree-based and distance-based phylogenetic
beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote statistical
power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . K
distance-based distance-based
1BZtree 1BZiree 1BZrrp; 1BZrrp; 1BZrpPp. 1BZrpp.
<1RZtTee) (1th7‘ee) (1RZPPDL) (1RZPPDZ) (1RZPPD6) (1RZPPD6)

qd_nu 0.11 0.11 0.05 0.04 0.12 0.12
qdb_nu 0.33 0.38 0.07 0.07 0.34 0.34
qdp-nu 0.40 0.39 0.31 0.31 0.45 0.45
gi_nu 0.08 0.07 0.02 0.02 0.08 0.08
qib_nu 0.21 0.17 0.02 0.02 0.24 0.24
qip_nu 0.38 0.34 0.30 0.30 0.45 0.45
qd_u 0.16 0.16 0.09 0.09 0.20 0.20
qdb_u 0.38 0.35 0.11 0.11 0.32 0.32
qdp_u 0.47 0.47 0.47 0.47 0.59 0.59
qi_u 0.16 0.17 0.09 0.09 0.21 0.21
qib_u 0.30 0.29 0.09 0.08 0.30 0.30
gip_u 0.52 0.52 0.52 0.52 0.57 0.57

Table B.4: Experiment 3 - 25 tips: These results show how well tree-based and distance-based phylogenetic
beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote statistical
power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1B%Ztrece 1BZiree 1BZrpPp, 1 BZprPp, 1RZprp. 1 BZppo.
(LRZuree) (LRZurec) (\RZrroy)  (1RZrroy) (LRZrrpc) (LRZrrp.)

qd_nu 0.17 0.20 0.27 0.27 0.30 0.30
qdb_nu 0.59 0.66 0.54 0.54 0.62 0.62
qdp-nu 0.87 0.81 0.89 0.89 0.92 0.92
qi-nu 0.17 0.13 0.20 0.20 0.24 0.24
gib_nu 0.45 0.40 0.38 0.38 0.47 0.47
qip_nu 0.82 0.77 0.88 0.88 0.91 0.91
qd_u 0.45 0.45 0.64 0.64 0.63 0.63
qdb_u 0.69 0.69 0.61 0.61 0.68 0.68
qdp_u 0.88 0.88 0.92 0.92 0.93 0.93
qi_u 0.38 0.38 0.52 0.52 0.50 0.50
qib_u 0.61 0.61 0.39 0.39 0.52 0.52
qip-u 0.86 0.86 0.95 0.95 0.98 0.98
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Table B.5: Experiment 3 - 50 tips: PThese results show how well tree-based and distance-based phylogenetic
beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote statistical
power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .

distance-based distance-based

1BZirce 1BZtrce 1BZrPp; 1 BZrpPp, 1BZrpPp, 1BZrpp,

(letree) (letree) (1RZPPDZ) (IRZPPDZ) (1RZPPDC) (1RZPPDC)
qd-nu 0.49 0.46 0.58 0.58 0.64 0.64
qdb_nu 0.91 0.84 0.89 0.89 0.92 0.92
qdp_nu 0.96 0.95 0.98 0.98 0.98 0.98
qi-nu 0.38 0.34 0.55 0.55 0.55 0.55
qib_nu 0.73 0.70 0.65 0.65 0.73 0.73
gip_nu 0.97 0.89 0.99 0.99 0.98 0.98
qd_u 0.74 0.74 0.91 0.91 0.91 0.91
qdb_u 0.91 0.91 0.87 0.87 0.91 0.91
qdp_u 0.99 0.99 0.99 0.99 0.99 0.99
qgi_u 0.70 0.70 0.84 0.84 0.87 0.87
qib_u 0.83 0.83 0.77 0.77 0.82 0.82
qip-u 0.97 0.97 1.00 1.00 1.00 1.00

Table B.6: Experiment 3 - 75 tips: These results show how well tree-based and distance-based phylogenetic
beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote statistical

power (the probability that phylogenetic signal has been correctly detected).

Tree-based Linear, Exponential,

distance-based distance-based

1BZtrce 1BZtrce 1BZrrp, 1BZrPp, 1RBZprp. L BZrrp,

(1th'ree) (1thme) (1RZPPDI) (1RZPPDZ) (1RZPPD6) (1RZPPD6)
qd_nu 0.65 0.60 0.84 0.84 0.81 0.81
qdb_nu 0.97 0.92 0.94 0.94 0.95 0.95
qdp_nu 1.00 0.98 1.00 1.00 1.00 1.00
qi_nu 0.61 0.59 0.80 0.80 0.79 0.79
qib_nu 0.89 0.82 0.88 0.88 0.91 0.91
qip-nu 0.99 0.98 1.00 1.00 1.00 1.00
qd_u 0.91 0.91 0.98 0.98 0.98 0.98
qdb_u 0.98 0.98 0.96 0.96 0.98 0.98
qdp-u 1.00 1.00 1.00 1.00 1.00 1.00
qi-u 0.91 0.91 0.98 0.98 0.99 0.99
qib_u 0.96 0.96 0.92 0.92 0.94 0.94
qip-u 1.00 1.00 1.00 1.00 1.00 1.00
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Table B.7: Experiment 3 - 100 tips: These results show how well tree-based and distance-based phylogenetic
beta diversity measures are able to detect phylogenetic signal in community structure. Values are denote statistical
power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1 B%Ztrece 1BZiree 1BZrpPp, 1 BZpPPp, 1RBZpPp. 1 BZpro.
(LRZtree) (LRZurec) (\RZrroi)  (1RZrroy) (LRZrrp.) (LRZrrD.)

qd_nu 0.85 0.80 0.91 0.91 0.91 0.91
qdb_nu 1.00 0.96 0.99 0.99 0.99 0.99
qdp-nu 1.00 1.00 1.00 1.00 1.00 1.00
gi-nu 0.71 0.70 0.87 0.87 0.84 0.84
qib_nu 0.98 0.93 0.98 0.98 0.96 0.96
qip_nu 0.99 0.97 0.99 0.99 0.99 0.99
qd-u 0.98 0.98 1.00 1.00 1.00 1.00
qdb_u 0.99 0.99 0.98 0.98 0.98 0.98
qdp_u 1.00 1.00 1.00 1.00 1.00 1.00
qi_u 0.95 0.95 0.98 0.98 0.98 0.98
qib-u 0.97 0.97 0.93 0.93 0.95 0.95
qip-u 1.00 1.00 1.00 1.00 1.00 1.00
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B.2.4 Experiment 4: Varying evolutionary rates

Table B.8: Experiment 4 - qualitative rates: These results show how well tree-based and distance-based
phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values are
denote statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1BZtrce 1BZtrce 1BZrPp; 1 BZrpPp, 1BZprPp. 1RBZprp.
(1RZ*”’“’<) (1thme) (1RZPPDl) (1RZPPDl) (1RZPPD5) (1RZPPD6)

qd-nu_1 0.04 0.03 0.05 0.05 0.05 0.05
qinu_1 0.07 0.06 0.06 0.06 0.08 0.08
qdnu_10 0.07 0.05 0.05 0.05 0.07 0.07
qinu_10 0.05 0.05 0.06 0.06 0.05 0.05
qd-nu_100 0.98 0.94 0.99 0.99 0.99 0.99
qi-nu_100 0.95 0.89 1.00 1.00 1.00 1.00
qdnu_b 0.06 0.05 0.07 0.07 0.06 0.06
gi-nu_5 0.08 0.08 0.06 0.06 0.06 0.06
qd nu_50 0.78 0.80 0.94 0.94 0.92 0.92
qi-nu_50 0.77 0.71 0.89 0.89 0.89 0.89
qd_u_1 0.06 0.06 0.06 0.06 0.05 0.05
qi_u_l 0.04 0.04 0.09 0.09 0.09 0.09
qd-u_10 0.27 0.27 0.44 0.44 0.47 0.47
qi-u_10 0.27 0.27 0.31 0.31 0.34 0.34
qd_u_100 1.00 1.00 1.00 1.00 1.00 1.00
qi-u_100 1.00 1.00 0.99 0.99 1.00 1.00
qd_u_b 0.21 0.21 0.20 0.20 0.20 0.20
qi-ub 0.12 0.12 0.13 0.13 0.16 0.16
qd_u_50 0.98 0.98 1.00 1.00 1.00 1.00
qi-u_50 0.97 0.97 0.99 0.99 0.99 0.99
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Table B.9: Experiment 4 - quantitative rates: These results show how well tree-based and distance-based
phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values are
denote statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1 BZiree 1 BZiree 1BgZrrp,  1pZrep, 13Zrrp,  1RZrrp.
(1RZtTEE) (IRZ”EE) (1RZPPDL) (1RZPPDL) (1RZPPDC) (1RZPPDE)

qdb_nu_0.002 0.23 0.24 0.21 0.21 0.24 0.24
qdp-nu_0.002 1.00 1.00 1.00 1.00 1.00 1.00
qib_nu_0.002 0.13 0.16 0.16 0.16 0.16 0.16
qip-nu-0.002 1.00 1.00 1.00 1.00 1.00 1.00
qdb_nu_0.02 0.87 0.85 0.83 0.83 0.89 0.89
qdp-nu_0.02 1.00 1.00 1.00 1.00 1.00 1.00
qibnu_0.02 0.60 0.60 0.55 0.55 0.65 0.65
qipnu_0.02 1.00 0.99 1.00 1.00 1.00 1.00
qdb-nu_0.2 1.00 0.98 1.00 1.00 1.00 1.00
qdpnu_0.2 1.00 0.99 1.00 1.00 1.00 1.00
qibnu_0.2 0.95 0.91 0.93 0.93 0.95 0.95
qip-nu_0.2 1.00 0.98 1.00 1.00 1.00 1.00
qdb-nu_2 0.99 0.97 0.99 0.99 0.99 0.99
qdp-nu_2 0.98 1.00 1.00 1.00 1.00 1.00
qgibnu_2 0.98 0.95 0.98 0.98 0.98 0.98
qip-nu_2 0.99 0.97 1.00 1.00 1.00 1.00
qdb_u_0.002 0.18 0.18 0.11 0.11 0.16 0.16
qdp-u_0.002 1.00 1.00 1.00 1.00 1.00 1.00
qib_u_0.002 0.09 0.09 0.06 0.06 0.09 0.09
qip-u_0.002 1.00 1.00 1.00 1.00 1.00 1.00
qdb_u-0.02 0.85 0.85 0.78 0.78 0.85 0.85
qdp-u_0.02 1.00 1.00 1.00 1.00 1.00 1.00
qib_u_0.02 0.66 0.66 0.49 0.49 0.62 0.62
qip-u_0.02 1.00 1.00 1.00 1.00 1.00 1.00
qdb_u_0.2 1.00 1.00 0.99 0.99 1.00 1.00
qdp-u-0.2 1.00 1.00 1.00 1.00 1.00 1.00
qib_u.0.2 0.98 0.98 0.91 0.91 0.95 0.95
qip-u0.2 1.00 1.00 1.00 1.00 1.00 1.00
qdb_u_2 1.00 1.00 1.00 1.00 1.00 1.00
qdp-u-2 1.00 1.00 0.99 0.99 1.00 1.00
qib_u_2 0.98 0.98 0.98 0.98 0.99 0.99
qip-u_2 1.00 1.00 1.00 1.00 1.00 1.00
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B.2.5 Experiment 5: Multiple subcommunities

Table B.10: Experiment 5 - two subcommunities: These results show how well tree-based and distance-
based phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values
are denote statistical power (the probability that phylogenetic signal has been correctly detected).

Tree-based Linear, Exponential,

distance-based distance-based

1BZtree 1BZiree 1BZrrp; 1BZrrp; 1BZrpPp. 1BZrpp.

<1RZtTee) (1th7‘ee) (1RZPPDL) (1RZPPDZ) (1RZPPD6) (1RZPPD6)
qd_nu 0.76 0.74 0.94 0.94 0.89 0.89
qdb_nu 0.99 0.96 0.98 0.98 0.99 0.99
qdp-nu 1.00 0.98 1.00 1.00 1.00 1.00
gi_nu 0.73 0.71 0.91 0.91 0.88 0.88
qib_nu 0.96 0.90 0.95 0.95 0.95 0.95
gip-nu 1.00 0.98 1.00 1.00 1.00 1.00
qd_u 0.98 0.98 1.00 1.00 1.00 1.00
qdb_u 1.00 1.00 0.99 0.99 1.00 1.00
qdp-u 1.00 1.00 1.00 1.00 1.00 1.00
qi_u 0.96 0.96 0.98 0.98 0.99 0.99
gib_u 0.96 0.96 0.94 0.94 0.98 0.98
qip_u 1.00 1.00 1.00 1.00 1.00 1.00

Table B.11: Experiment 5 - four subcommunities: These results show how well tree-based and distance-
based phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values
are denote statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1BZiree 1BZiree 1BZrrp; 1BZrrp; 1BZrpPp. 1BZrpp.
(letTee) (1three) (1RZPPDI) (1RZPPD,) (1RZPPD6) (1RZPPDE)

qd_nu 0.45 0.42 0.61 0.61 0.66 0.66
qdb_nu 1.00 1.00 1.00 1.00 1.00 1.00
qdp-nu 1.00 1.00 1.00 1.00 1.00 1.00
gi_nu 0.33 0.36 0.54 0.54 0.60 0.60
qib_nu 1.00 1.00 1.00 1.00 1.00 1.00
qip_nu 1.00 1.00 1.00 1.00 1.00 1.00
qd_u 0.98 0.98 1.00 1.00 1.00 1.00
qdb_u 1.00 1.00 1.00 1.00 1.00 1.00
qdp_u 1.00 1.00 1.00 1.00 1.00 1.00
qi_u 0.88 0.88 0.91 0.91 0.98 0.98
qib_u 1.00 1.00 1.00 1.00 1.00 1.00
qip-u 1.00 1.00 1.00 1.00 1.00 1.00
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Table B.12: Experiment 5 - eight subcommunities: These results show how well tree-based and distance-
based phylogenetic beta diversity measures are able to detect phylogenetic signal in community structure. Values
are denote statistical power (the probability that phylogenetic signal has been correctly detected).

Linear, Exponential,
Tree-based . .
distance-based distance-based
1 B%Ztrece 1BZiree 1BZrpPp, 1 BZpPPp, 1RBZpPp. 1 BZpro.
(LRZtree) (LRZurec) (\RZrroi)  (1RZrroy) (LRZrrp.) (LRZrrD.)

qd_nu 0.20 0.16 0.26 0.26 0.28 0.28
qdb_nu 1.00 1.00 1.00 1.00 1.00 1.00
qdp-nu 1.00 1.00 1.00 1.00 1.00 1.00
gi-nu 0.08 0.09 0.12 0.12 0.14 0.14
qib_nu 1.00 1.00 1.00 1.00 1.00 1.00
qip-nu 1.00 1.00 1.00 1.00 1.00 1.00
qd-u 0.83 0.83 0.95 0.95 0.98 0.98
qdb_u 1.00 1.00 1.00 1.00 1.00 1.00
qdp_u 1.00 1.00 1.00 1.00 1.00 1.00
qi_u 0.62 0.62 0.69 0.69 0.76 0.76
qib-u 1.00 1.00 1.00 1.00 1.00 1.00
qip-u 1.00 1.00 1.00 1.00 1.00 1.00
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B.3 Power plots

Note that the bar charts presented in this Appendix include measures of raw tree-based

measures, which correspond to both 'BZ%tree and 'RZtre since calculated power is identical

for each of these measures. Similarly, normalised tree corresponds to 'BZtree and 'RZ%tree,

Likewise, with raw and normalised PPD; and PPD,. This is because at ¢ = 1, there exists a

special case where 'B% = (1R%)~!, and 'B%

(le)_l.

Two subcommunities (detailed)

B.3.1 Experiment 1

—— 0125
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—— 0.5

—~— 075
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aBZPPD; and 1BZFPPDy,

b

ZppD, , aRZprPD,

Figure B.5: Plots of power against ¢, calculated for 7R

Zppp, denotes that similarity was calculated as a linear

in Experiment 1 (for two subcommunities):

transformation of phylogenetic distance, for different values of k. Diversity measures were calculated for all

subcommunity partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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subcommunity structure, in Experiment 1 (for two subcommunities)

the type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the

highest equal values are coloured red.
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B.3.2 Experiment 1: Two subcommunities
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Figure B.8: Summary of power against g, calculated from linearly transformed phylogenetic distance-

. . . z z ~Z Z
based beta diversity measures: Power is calculated for IR“PPP1 aR“PPDy aB®PPDy gnd 4B“PPDi and

averaged across all subcommunity partitioning strategies within each categorical group.
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Figure B.9: Summary of power against ¢, calculated from exponentially transformed phylogenetic
distance-based beta diversity measures: Power is calculated for ¢$RZPPDe  1RZPPD. 4BZPPDe  and

4B%ZPPDe | and averaged across all subcommunity partitioning strategies within each categorical group.
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Nested subcommunities

B.3.3 Experiment 2
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Figure B.10: Plots of power against ¢, calculated for 9RZtree, 4RZtrce, 4BZtrce, and ¢BZtree, in

Experiment 2 (for nested subcommunities): Z;,c. denotes that similarity was calculated using phylogenetic

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes with independently evolved traits, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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partition schemes with independently evolved traits, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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subcommunity structure, in Experiment 2 (for nested subcommunities)

to the type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the

highest equal values are coloured red.
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Ztree’ and ‘ZBZt'r‘ee,

Zirece denotes that similarity was calculated using phylogenetic

9B
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Plots of power against ¢, calculated for 9RZtrce, RZtrec,

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 3 (for 10-tip phylogenies)

Figure B.14
tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition
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Figure B.15

Z ppp, denotes that similarity was calculated as a linear transforma-

Experiment 3 (for 10-tip phylogenies)

tion of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 3 (for 10-tip phylogenies)
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Plots of power against ¢, calculated for 9RZ%tree, @RZtrce,

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 3 (for 25-tip phylogenies)

Figure B.18
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 3 (for 25-tip phylogenies)

equal values are coloured red.
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Plots of power against ¢, calculated for 9RZ%tree, @RZtrce,

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 3 (for 50-tip phylogenies)
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Z ppp, denotes that similarity was calculated as a linear transforma-

Experiment 3 (for 50-tip phylogenies)

tion of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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Bar chart comparing the power of each measure to detect phylogenet
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 3 (for 50-tip phylogenies)

equal values are coloured red.

Figure B.25
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Plots of power against ¢, calculated for 9RZ%tree, @RZtrce,

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 3 (for 75-tip phylogenies)

Figure B.26
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Plots of power aga

tion of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 3 (for 75-tip phylogenies)

Figure B.27
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Bars are coloured according to the

1Cc signa

Measure

Bar chart comparing the power of each measure to detect phylogenet
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 3 (for 75-tip phylogenies)

equal values are coloured red.

Figure B.29
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Plots of power against ¢, calculated for 9RZ%tree, @RZtrce,
Ziree denotes that similarity was calculated using phylogenetic

Figure B.30

Experiment 3 (for 100-tip phylogenies)

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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Zppp, denotes that similarity was calculated as a linear transfor-

ies)

Experiment 3 (for 100-tip phylogen

mation of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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Bar chart comparing the power of each measure to detect phylogenet
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 3 (for 100-tip phylogenies)

equal values are coloured red.

Figure B.33
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Figure B.34: Plots of power against ¢, calculated for 9RZtree, 4RZtrecc, 4R%Ztrce, and 1BZ%tree, in

Experiment 4 (where the quantitative rate is 0.002): Z¢,.. denotes that similarity was calculated using

phylogenetic tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity

partition schemes with quantitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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Figure B.35

Zppp, denotes that similarity was calculated as a

Experiment 4 (where the quantitative rate is 0.002)

linear transformation of phylogenetic distance, for different values of k. Diversity measures were calculated for all

subcommunity partition schemes with quantitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic

trees.
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according to the type of measure, red lines highlight the tops of bars with equal power, and the names of measures

subcommunity structure, in Experiment 4 (where the quantitative rate is 0.002)

with the highest equal values are coloured red.

Figure B.37
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exponential transformation of phylogenetic distance, for all values of k. Diversity measures were calculated for all
subcommunity partition schemes with quantitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic

Experiment 4 (where the quantitative rate is 0.02)

Figure B.40
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Figure B.41

subcommunity structure, in Experiment 4 (where the quantitative rate is 0.02)

according to the type of measure, red lines highlight the tops of bars with equal power, and the names of measures

with the highest equal values are coloured red.
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Experiment 4 (where the quantitative rate is 0.2)

phylogenetic tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity

partition schemes with quantitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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according to the type of measure, red lines highlight the tops of bars with equal power, and the names of measures

subcommunity structure, in Experiment 4 (where the quantitative rate is 0.2)

with the highest equal values are coloured red.

Figure B.45
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Experiment 4 (where the quantitative rate is 2)

, for different values of T'. Diversity measures were calculated for all subcommunity

phylogenetic tree-based methods
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Zppp, denotes that similarity was calculated as

Experiment 4 (where the qualitative transition rate is 1)

an exponential transformation of phylogenetic distance, for all values of k. Diversity measures were calculated for all

subcommunity partition schemes with qualitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic

trees.
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lated using phylogenetic tree-based methods, for different values of T'. Diversity measures were calculated for all

Experiment 4 (where the qualitative transition rate is 0.02)

Figure B.58
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Plots of power against ¢, calculated for ¢RZtree, 4RZtree,

subcommunity partition schemes with qualitative traits, for (a) non-ultrametric and (b) ultrametric phylogenetic

lated using phylogenetic tree-based methods, for different values of T'. Diversity measures were calculated for all

Experiment 4 (where the qualitative transition rate is 0.01)

Figure B.62

trees.
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Experiment 5 (for 2 subcommunities)

Figure B.66
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tion of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.

Experiment 5 (for 2 subcommunities)

Figure B.67
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 5 (for 2 subcommunities)

equal values are coloured red.

Figure B.69
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type of measure, red lines highlight the tops of bars with equal power, and the names of measures with the highest

subcommunity structure, in Experiment 5 (for 4 subcommunities)

equal values are coloured red.
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Experiment 5 (for 8 subcommunities)

tree-based methods, for different values of T'. Diversity measures were calculated for all subcommunity partition

schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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Z ppp, denotes that similarity was calculated as a linear transforma-

Experiment 5 (for 8 subcommunities)

tion of phylogenetic distance, for different values of k. Diversity measures were calculated for all subcommunity

partition schemes, for (a) non-ultrametric and (b) ultrametric phylogenetic trees.
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subcommunity structure, in Experiment 5 (for 8 subcommunities)

equal values are coloured red.
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APPENDIX C

Sampling properties

Table C.1: The effect of subsampling individuals on R? values for different measures of diversity
and values of ¢: R? values quantify how close the data points are to the fitted regression line.

Subsample by individual Subsample by subcommunities
Measure
50% 25% 12.5% 6.25% 3.125% 50% 25% 12.5% 6.25% 3.125%

0pZ 0.759 0.495 0.249 0.101 0.04 0.998 0.995 0.989 0.976  0.959
1pZ 0.872 0.669 0.441 0.249 0.121 0.998 0.995 0.988 0.976 0.956
2pZ 0.737 0.469 0.273 0.146 0.072 0.981 0.954 0.912 0.857 0.788
> pZ 0.407 0.178 0.083 0.037 0.015 0.96 0.894 0.795 0.656 0.458
0pZ 0.855 0.57 0.209 0.029 0 0.999 0.995 0.989 0.977  0.965
1pZ 0.872 0.628 0.354 0.163 0.07 0.998 0.994 0.985 0.97 0.946
2pZ 0.727 0.448 0.251 0.127 0.055 0.982 0.956 0.914 0.861 0.796
< pZ 0.4 0.177 0.084 0.036 0.012 0.961 0.897 0.799 0.659 0.473
0pZ 0.579 0.357 0.282 0.222 0.145 0.999 0.998 0.995 0.989 0.98
152 091 073 0459 0.259 0.113 0.971 0.949 0.892 0.835 0.768
2p% 0.859 0.582 0.335 0.185 0.107 0.918 0.861 0.752 0.688  0.627

>~ 3% 0485 0.214 0.1 0.048 0.023 0.768 0.54 0.364 0.235 0.144

0z 0.826 0.306 0.022 0.001 0.008 0.999 0.995 0.988 0.974 0.958

132 0.966 0.871 0.685 0.398 0.094 0.963 0.962 0.926 0.792 0.671
2p% 0.954 0.803 0.517 0.231 0.08 0.907 0.894 0.822 0.638 0.524
o 3z 0.47 0.2 0.087 0.036 0.014 0.773 0.545 0.367 0.209 0.09
02 0.627 0.367 0.213 0.119 0.06 0.877 0.741 0.611 0.532  0.466

142 0.918 0.777 0.571 0.364 0.184 0.99 0979 0.957 0.939 0.89
242 0.836 0.625 0.422 0.257 0.123 0.999 0.997 0.992 0.983 0.955
vz 0.227 0.139 0.167 0.147  0.102 0.965 0.897 0.741 0.656  0.547

0x% 0.839 0.69 0.545 0.404 0.302 1 1 1 1 1
152 0.871 0.673 0.435 0.214 0.074 1 1 1 1 1
252 0.877 0.675 0.413 0.174  0.036 1 1 1 1 1
g2 0.809 0.582 0.336 0.14  0.041 1 1 1 1 1
0q% 0.842 0.65 0.441 0.246 0.105 0.999 0.997 0.993 0.985 0.976

1a2 0.909 0.755 0.541 0.314 0.138
202 0.908 0.751 0.531 0.304 0.131
% 0.862 0.691 0.5 0.278 0.122

0.999 0.998 0.995 0.993
0.999 0.999 0.997  0.996
1 0.999 0.997  0.996

— = =
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Table C.2: The effect of subsampling individuals on AUC values for different measures of diversity
and values of ¢: AUC vaules quantify how well each measure is able to identify the top 5% of the most interesting
results (for ¢ p§. and ‘Iﬁ§ that is the lowest 5%). Perfect accuracy is achieved when AUC = 1 and accuracy is no
better than chance when AUC = 0.5.

Subsample by individual Subsample by subcommunities
Measure
50% 25% 12.5% 6.25% 3.125% 50% 25% 12.5% 6.25% 3.125%

0ﬁ§ 0.924 0.827 0.684 0.576  0.533 1 0.999 0.998 0.996 0.992
1,6§ 0.949 0.875 0.795 0.718 0.661 1 0.999 0.996 0.99 0.977
2ﬁ§ 0.945 0.862 0.784 0.716 0.661 0.999 0.997 0.992 0.985 0.972
Ooﬁg» 0.932 0.836 0.747 0.673 0.623 0.996 0.987 0.975 0.951 0.897
0p§ 0.954 0.839 0.657 0.504 0.419 1 1 1 0.999  0.997
1p§ 0.969 0.881 0.763 0.66 0.592 1 0.999 0.998 0.996 0.995
2p§ 0.953 0.866 0.779 0.711  0.657 0.999 0.998 0.994 0.989 0.985
°°p§ 0.936 0.844 0.759 0.687 0.639 0.996 0.989 0.979 0.956  0.897
0 7JI- 0.967 0.898 0.813 0.754  0.71 1 1 0.999 0.999 0.995
! _JI 0.996 0.987 0.966 0.927 0.862 1 0.999 0.999 0.998 0.997
2 _]I» 0978 0945 0.9 0.845 0.777 0.998 0.991 0977 0.962 0.959
oo 7314 0.824 0.721 0.657 0.617  0.586 0.991 0.973 0.941 0875 0.785
0 JI 0.995 0.975 0.898 0.742 0.579 1 1 0.999 0.998  0.994
! JI 0.993 0974 0.924 0.842 0.757 1 0.999 0.998 0.997 0.994
2 ]I 0.967 0.923 0.862 0.786  0.716 0.996 0.985 0.964 0945 0.925
o jI 0.813 0.706 0.64 0.6 0.578 0.99 0.971 0.929 0.851 0.707
O'yJI- 0.893 0.813 0.747 0.685 0.63 0.992 0.973 0.931 0.864 0.839
lnyI» 0.993 0.979 0.947 0.889  0.808 1 0.999 0.999 0.996 0.976
2%1. 0.991 0.976 0.944 0.891 0.822 1 1 0.999 0.999 0.993
‘X"yjl 0.998 0.993 0.979 0.952 0.922 1 1 1 1 1
064} 0.978 0.954 0.928 0.893 0.86 1 1 1 1 1
164§ 0.982 0.946 0.885 0.795 0.709 1 1 1 1 1
207§ 0.982 094 0.853 0.725 0.602 1 1 1 1 1
>al 0.974 0.923 0.838 0.726  0.621 1 1 1 1 1
Oa§ 0.977 0933 087 0.793 0.695 1 1 1 1 1
o] 0.989 0.964 0911 0.822 0.702 1 1 1 1 1
2a§ 0.991 0.969 0.921 0.831 0.7 1 1 1 1 1
°°a§ 0.986 0.959 0.909 0.829 0.709 1 1 1 1 1

273



C.1 SUBSAMPLING INDIVIDUALS

C.1 Subsampling individuals
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Figure C.1: The effect of subsampling individuals on the magnitude of & diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.2: The effect of subsampling individuals on the magnitude of a diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.3: The effect of subsampling individuals on the magnitude of 7y diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.4: The effect of subsampling individuals on the magnitude of p diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.5: The effect of subsampling individuals on the magnitude of p diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.6: The effect of subsampling individuals on the magnitude of 3 diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon

(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.7: The effect of subsampling individuals on the magnitude of  diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a
single 20m x 20m quadrat in the BCI study site (N = 1250). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon

(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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C.2 SUBSAMPLING SUBCOMMUNITIES

C.2 Subsampling subcommunities
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Figure C.8: The effect of subsampling subcommunities on the magnitude of & diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m X 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.9: The effect of subsampling subcommunities on the magnitude of o diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m x 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.10: The effect of subsampling subcommunities on the magnitude of v diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m x 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.

279



C.2 SUBSAMPLING SUBCOMMUNITIES

100% 50% 25% 12.5% 6.25% 3.125%
0.8 0.84 0.84 0.81 0.84 0.8
0.6+ 0.64 0.6 0.6 0.64 0.6 -
0.4 0.4 0.4 0.4 0.4 0.4 g
029 021 029 029 029 024 7
0'0_1/ T T T T O'O-u/ T T T T 0'0-|/ T T T T 0'0-|/ T T T T 0'0-|/ T T T T 0.04 .
QQ QT Q" ©7 O Q7 QF Q"X T QF Q7 Q7 Q" Q7 ©F 0'0 Q7 Q" Q7 ©F Q7 Q7 Q7 Q7 O QF
0.6 0.64 0.6 0.6 0.6 0.6
0.4 0.44 0.4 0.4 0.4 0.4 <
0.24 024 024 024 0.2 024 -
T ool Sl ool ool oodl ] ool
g‘ Q'Q Q- Q"’ Q QF Qr']/ Q"X QQ'] Q'Q Qr']’ QP‘ QQ’ QQ Q{} Q"X Q@ Q‘Q Qr'l' Q'b( QQ) AN
3 0.6 0.6 %
Q
3 0.4 0.4
Z 41 44 0.4
=S 5
0.2 0.24 0.2 »
O'0_| T T O'O-u T T 0.0'. T T T
Q'Q Q('L Qb Q'Q Qq/ D'b‘ Q?J 0'0 Q{L Q'b( Q@ QQ 0(]/ Qb( 0'@ QQ er/ AN} QQ) QQ Q(L Qb\ QQ’
0.20 - G %
0.20 0.20
0157 0.15 0.154
0104 0.104 0.104
0.054 0.054 0.054
0‘00-1 T T T 0.00'. T T T T O.OO'I T T T T T T T
L P QO O O L P O o QO P P OO O O P OO Q
O N N o P NN oY SN oV NN

QF Q7 Q07 QO O O QO QO © O

p (fully sampled, 100%)

Figure C.11: The effect of subsampling subcommunities on the magnitude of p diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m X 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.12: The effect of subsampling subcommunities on the magnitude of p diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m x 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.13: The effect of subsampling subcommunities on the magnitude of § diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m x 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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Figure C.14: The effect of subsampling subcommunities on the magnitude of § diversity at different
values of ¢ and sampling effort, with highlighted swamp communities: Each point corresponds to a single
20m x 20m quadrat in the BCI study site (N = 1250 at 100%). Swamp subcommunities are coloured green, the
two subcommunities in the top left of the study site are coloured red, and the remaining forest subcommunities
are coloured grey. The solid black line shows the linear regression through subsampled values and the grey ribbon
(where present) denotes the standard error. Diversity is fully conserved when points follow the dashed grey line.
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APPENDIX D

Supplementary case study: (Genetic

diversity

D.1 Introduction

The following case study mirrors that in Section 4.6, in which phylogenetic diversity measures
were used to explore whether or not there was extensive transmission of DT104 between
human and animal populations during the epidemics. Here, the same analysis was conducted
by investigating the genetic diversity of DT104 isolates directly, using whole genome sequence
data.

Acknowledgements: The sequence data used here was kindly provided by Alison Mather.

D.2 Methods

Genetic distance-based methods (analogous to measures of phylogenetic distance-based beta
diversity, developed in Section 4.3.3.3) were applied directly to whole genome sequence data
to quantify the effective number of epidemics (B%GPPe) over a range of ¢ values, with genetic
similarity defined as an exponentially-transformed genetic pairwise distance that scales with k.
As k increases, the distance required for sequences to be completely distinct decreases (Table
D.1).

The null distribution was simulated at a 95% confidence interval by randomly relabelling

sequences 10000 times, and calculating 4B%GPre for all values of q.
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D.2 METHODS

Table D.1: Methods of calculating pairwise similarity, Z;,/,

from pairwise genetic distances, d;;:

Conversions are shown for both linearly-transformed and exponentially transformed genetic pairwise distances,

GPD; and GPD., respectively.

Transformation Distance Similarity
1 0.992
Ziir = 1 — (disr [kdmas ) where k =1 10 0.925
S 100 0.248
Q; 1 0.999
Ziir = 1 — (disr/seq_length) " 10 0.993
100 0.927
1 0.841
Zy = 27 M where k = 0.25 10 0.177
) 100 3x10°8
QS 1 0.5
Ziip = 27%ir where k =1 10 0.001
100 8 x 10731

1 Nei’s (1973) nucleotide diversity: here k is effectively greater than 1, since

seq_length (1372nt) is greater than dp,., (133 nt).
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D.3 Results and discussion

In this case study, the diversity of the isolate samples was examined at a range of sensitivities
(by varying k). The calculated effective number of epidemics (28%¢Ppe) was found to be
sensitive to the exact measure of genetic similarity used (Figure D.1b). When k = 0.25, results
were comparable to those obtained during the phylogenetic study, in that human and animal
isolate communities were not well mixed at nearly all scales. However, this was no longer true
when k = 1. Likewise for GPD; (linearly-transformed genetic pairwise distance) when k = 1
(sensu Nei, 1973).

In conclusion therefore, the epidemics were distinguishable, though the quality of the match

to the phylogenetic results was sensitive to how similarity is defined.
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Figure D.1: Plots show comparative plots of phylogenetic and genetic diversity in a representative
sample of Salmonella DT104: Metacommunity 5% is calculated for 0 < ¢ < 30, yielding (a) the effective
number of phylogenies (4B3%tree), and (b) the effective number of distinct genotypes for Z;;, = 270-25d (¢ BZGPD.
blue), Z;;» = 2=¢ (¢BZGPDc | yellow), and a variant of 7 (QBZGPDI, red). Shaded ribbons simulate the null

distribution within a 95 % confidence interval, where p < 0.05 for ¢ > 25 and ¢ > 7, respectively.
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APPENDIX E

Supplementary case study: Using
diversity-based methods to estimate
true epidemic sizes from partially

observed outbreaks

E.1 Abstract

Foot and mouth disease virus (FMDV) is a highly contagious viral disease of cloven-hoofed
animals (pigs, sheep, cows, etc.) that results in a persistent infection and is characterised by
high fever, followed by lesions in the tongue, lips, and feet. Although most animals do recover,
productivity is greatly reduced, affecting food security and agricultural-based economies.
Accurate assessment of epidemic surveillance data is therefore vital, not only to inform a
basic understanding of viral demographics, but also to ascertain the efficacy of viral control

methods, make outbreak projections, and predict epidemic spread.

Phylodynamic studies of viral evolution, and population genetic models more generally, provide
valuable information reflecting viral transmission dynamics. These methods typically use
coalescent approaches to provide insight into epidemiological processes such as changes in
effective population size, which can be used as an estimate of the true size of an outbreak.
However, incomplete surveillance data may cause a mismatch between estimates of incidence
observed empirically and those reconstructed from phylodynamic models, with the calculated
effective population size often much smaller than the actual size of an epidemic. This means
that as sampling resolution decreases, estimates of the true scale of an epidemic worsen just

as such estimators become more important.

In this case study, I investigate the potential for new, simpler methods — based on Reeve et al.’s
(2016) measures of similarity-sensitive diversity — to examine viral genetic and phylogenetic
diversity during the UK 2001 FMDYV (foot-and-mouth-disease virus) outbreak and infer the

outbreak size from subsampled data more accurately than existing coalescent-based metrics.
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E.2 Introduction

This case study builds on previous work by Antonello Di Nardo (2016), who tackled the
problem of low reporting rates and non-representative sampling in the control and management
of infectious disease. The focus of his work was to define a relationship between the effective
population size (the number of individuals in an idealised assemblage with the same value of
some epigenetic trait as the population of interest), Ne, estimated by methods of phylodynamic
inference, and the infected premises (IPs) observed empirically, N. With data from the
exhaustively-sampled UK 2001 FMDYV epidemic (whole genome sequences and simulated
sequences generated from transmission tree mutations), he generated models to describe the
2001 UK FMDV epidemic. From here, phylogenies were generated and coalescent approaches
were used to provide insight into changes in effective population size. Specifically, Bayesian
skyline methods were used to reconstruct demographic changes in viral populations, and

investigate the effects of subsampling during different stages in the disease outbreak.

Figure E.1 (adapted from Di Nardo, 2016) shows how decreased sampling rate affects how
well epidemic demography can be reconstructed from the Bayesian Skyline plot-derived
effective population size. These plots show infection prevalence over time (the number of
premises still infected each day). The black curve denotes the true infection prevalence of the
entire simulated dataset, while the red curves estimate infection prevalence using Bayesian
skyline methods at decreasing sampling proportions. These results show that coalescent-based
estimators of effective population size break down when sample size is low. In response to
this, here, new methods of estimating population size are proposed, based on Reeve et al.’s

(2016) framework of similarity-sensitive diversity.
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Figure E.1: The effect of decreasing sampling rate on the infection prevalence over time: The black
curve denotes the true infection prevalence from complete data and the red curves estimate infection prevalence
using Bayesian skyline methods.
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Acknowledgements: The R code used to generate FMDV outbreaks was kindly provided
by Antonello Di Nardo.

E.3 Methods

Code was provided by Antonello Di Nardo (2016) to simulate the transmission of FMDV in an
outbreak. This code was adapted to provide greater variability in demographic structure to
test the robustness of the new diversity-based methods (Figure E.2a). For each daughter IP
in the outbreak, whole genome sequences were generated alongside time of exposure (ezpT),

latency period (latD), time of infectiousness (infT'), and time of removal (remT).

The aim of this work was to provide a method of predicting the size of an outbreak from
incomplete data, reflecting the fact that people want to know the size of an outbreak while it
is still ongoing. To simulate this, outbreaks were truncated by sampling the viral population

for a random proportion of time (Figure E.2b).

For simplicity and to avoid errors in phylogenetic inference (also because it is computationally
intensive to generate the phylogenies, and previous results in this chapter have shown that

genetic and phylogenetic diversities tend to give comparable results), viral genetic diversity
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Figure E.2: Plots of viral incidence against time for four randomly generated, fully sampled FMDV
outbreaks.: incidence is calculated for (a) the entire length of outbreak, and (b) the length of a partial outbreak.
The outbreak is sampled at 100% (shaded area).
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E.4 RESULTS AND DISCUSSION

was assessed directly. To determine the effective number of sequences (or equivalently, the
effective number of infected premises) in each outbreak, metacommunity 1GEFPr and 4GETPe
were calculated for ¢ € {0,1,2,00} and different sampling rates € {100%, 25%, 10%, 1% }.

Metacommunity diversity was plotted against outbreak size for different values of ¢ and
sampling rates. The gradient of the regression line between diversity and true outbreak size
produced a scaling factor, which could then be used to recover the true size of the outbreak

from any particular diversity measure calculated from a sample.

E.4 Results and discussion

First, the diversity-based estimate of effective population size (y-axis) was compared to the
true sample size of truncated outbreaks (x-axis) for full outbreaks (Figure E.3a). It was found
that the effective population size was correlated with the true number of infected hosts, where
the true outbreak size was substantially, but consistently, underestimated (Figure E.4). This
relationship was maintained when sampling rate was dropped to 25% of sequences randomly

sampled, and even 10%.

Similar results were obtained when assessing truncated outbreaks — partially observed outbreaks
ranging from less than 5% observed to fully sampled (Figure E.3b). It was found that the
estimated population size was a good fit to the true size of the epidemics, even when less than

5% of the epidemic was observed (Figure E.5).

In conclusion then, these methods accurately predict the true size of the epidemic, even from
outbreaks that are only partially observed or that are still ongoing. Given the consistency of
these results, these measures — essentially summary statistics that can describe the variability
present in a population — appear to be a promising approach to an as yet unsolved problem in
practical disease control and could potentially be further improved by combination with other
simple summary statistics to fit a more complex model. In this way, diversity-based methods
might therefore be used in the future to better inform a robust and general approach to viral

demographic inference.
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Figure E.3: Plots of viral prevalence against time illustrating partially sampled FMDYV outbreaks:
Prevalence is calculated for (a) the entire length of outbreak, and (b) the length of a partial outbreak. The
outbreak is sampled at 5% (shaded area).
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and each plot displays results for a particular value of ¢ and sampling rate.
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Figure E.5: Plots of metacommunity ¢GZ against outbreak size for truncated outbreaks: left - expo-
nential similarity, Z;;; = e~*%; right - fixed Nei-Li similarity, Z;;» = 1 — (d/100k). Each point describes a different
outbreak and each plot displays results for a particular value of ¢ and sampling rate.
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