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Information Theory Broadens
the Spectrum of Molecular
Ecology and Evolution
W.B. Sherwin,1,2,* A. Chao,3 L. Jost,4 and P.E. Smouse5
Information or entropy analysis of diversity is used extensively in community
ecology, and has recently been exploited for prediction and analysis in molecular ecology and evolution. Information measures belong to a spectrum (or q
proﬁle) of measures whose contrasting properties provide a rich summary of
diversity, including allelic richness (q = 0), Shannon information (q = 1), and
heterozygosity (q = 2). We present the merits of information measures for
describing and forecasting molecular variation within and among groups,
comparing forecasts with data, and evaluating underlying processes such
as dispersal. Importantly, information measures directly link causal processes
and divergence outcomes, have straightforward relationship to allele frequency
differences (including monotonicity that q = 2 lacks), and show additivity across
hierarchical layers such as ecology, behaviour, cellular processes, and nongenetic inheritance.

Trends
Diversity of molecules or species is
best summarised as a diversity proﬁle.
Such proﬁles are useful in studies
spanning bioinformatics to physical
landscapes.
Shannon information is a neglected
but particularly informative part of the
proﬁle.
Shannon now has robust theoretical
background for molecular ecology
and evolution.

Information Theory Base for Evolutionary Genetics and Ecology
Evolutionary ecology aims to make and test forecasts about the behaviour of variants, at all
levels from molecular through species to landscapes, but until recently this ﬁeld has paid little
attention to one of three main ways for doing this. Shannon information (or entropy) theory
(see Glossary) is widely used to predict macropatterns from microparts, by methods such as
ﬁnding the model that maximises the entropy [1], in ﬁelds as diverse as community ecology [2]
and energy generation, where these methods compare favourably with alternative predictions
[3]. Genes obviously carry information – about evolutionary history, recent demography, and
possible future trajectories [4,5] – but information theory has rarely been used to investigate
molecular evolution [6–9]. Shannon’s information index 1H (=H in [10]), a fundamental component of information theory, is the most commonly used abundance-sensitive measure of
species diversity within a community [11]:
where pi is the proportional abundance of the ith species in a community of S different species
(Box 1; Box S1 – which has deﬁnitions of all symbols). 1H also applies to a population containing
genetic variants (such as allelic types) [12], and can be thought of as the ability to spell out
different messages by rearranging individual alleles (Box 1) – with higher diversity, a greater
range of messages can be spelt out. More formally, higher 1H means that there is higher
uncertainty about what type to expect when we randomly sample ONE single allele
(coincidentally '1' is the superscript for 1H– Box S2).
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Historically, molecular ecology has quantiﬁed diversity with two alternative entropies:
0
H = S  1; and 2H (Boxes 1, S1). 2H is the chance of choosing TWO different allelic types
from the population, called heterozygosity (2H = He, or for species in communities, called
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Gini-Simpson and variants) [4,5,13].
2

H ¼1

Glossary

Ssi¼1 p2i

Equation 2

With higher diversity, the chance of randomly choosing two different alleles increases, so 2H
increases.
To create the q proﬁle or spectrum, one converts (qH = 0H, 1H, 2H, etc) to a common scale of
effective numbers (qD = 0D, 1D, 2D, etc), which represent the number of equally frequent alleles
that would be needed to yield the observed qH in the sample, which typically contains alleles at
unequal frequencies [14–16] (Boxes 1, S1, and S2). The qD measures are sometimes called
true diversity, and the use of the qD proﬁle has long been recommended in ecology, because
each q value provides different insights into the composition of the diversity [17,18]. For
example, higher q values emphasise the more common variants (Box 1). As well as these
a-measures for alleles in a single population, each q value has measures of diversiﬁcation
among locations, which are the b-measures (Box 1) that are critical in evolution and conservation [19,20] (later and Box S1). Finally, the total diversity within and among localities is labelled
g diversity.
Partial qD proﬁles are already used in evolution and ecology, to assess community response to
changed conditions [19], as well as possible correlations between species and gene diversity
[21]. Also, methods to infer selection or population-size changes exploit the way these
processes have different effects on number of variants S (q = 0) and heterozygosity (q = 2)
[22–24]. Many recent publications include (q = 1) (Box S3), yet few authors [25–28] have
exploited systematic q proﬁles (Box 1), to obtain the power described further later.
The diversity proﬁle is most useful if we can forecast its shape under speciﬁed histories of
selection, population size, dispersal, etc. We can then either test departures from those
predictions and/or estimate forces that underlie the diversity patterns we encounter. Classically, q = 2 theory predicts values of within- and among-population measures, including
heterozygosity 2H, Jost-D, and FST, under conditions such as neutrality, selection, subdivision,
dispersal, and altered population size [4,5,29]. Below we show that after a slow start [30–34],
q = 1 predictive theory is now catching up to q = 2 theory [12,35–37], and 1H has been
proposed as a primary measure of evolvability [38,39].
As a reading guide, the initial sections outline how q = 1 molecular information can now predict
and measure processes such as adaptation and dispersal (with additional detail in supplements). Those wanting less technical detail might skip directly to the penultimate section
evaluating strengths and weaknesses of each element of the q proﬁle, such as the effect of q on
sensitivity to rare alleles (Box 1), and the poor performance of some conventional q = 2
measures for analysis of among-population (b) differentiation.
We consider both neutral and adaptive genetic variants, and also discuss haploid, diploid, and
clonal organisms. We consider genes (loci) with only two variants (alleles), such as typical single
nucleotide polymorphisms (SNPs), as well as multiallelic loci, evolving under either the SMM
(stepwise mutation model – some microsatellite loci) or the IAM (inﬁnite alleles model for
haplotypes or haptigs [40] of variants linked on the same DNA molecule [5]). We also discuss
continuous traits determined by variation of multiple genes.

Measuring and Predicting Shannon’s Information for Neutral Alleles
Within-population (a) equations have recently been derived to predict Shannon entropy 1H and
diversity 1D, within-populations (a), for neutral genetic information (having no effect on adaptation), for equilibrium with constant effective population size Ne and mutation rate m (Box S1).

Adaptation: refers to the
evolutionary process due to natural
selection for organisms that are
better at surviving and/or
reproducing in a particular
environment.
Additivity: refers to a
multidimensional table (e.g.,
dimension 1 is allele type, dimension
2 is location, dimension 3 is an
environmental variable, etc). In this
type of table, measures such as loglinear contingency x2 (i.e., mutual
information) can be partitioned into
completely additive subinvestigations, unlike Pearson’s x2.
Allele proportions and
frequencies: for conformity to
conventions in information and
entropy theory, statistics, and all
other science (except population
genetics), we refer to allele
frequencies when dealing with
counts ranging from zero to inﬁnity,
and to allele proportions when these
frequencies have been converted to
pi ranging from zero to unity.
a, b, and g diversity measures:
these indicate within-locality (a)
diversity, among-locality
differentiation (b) diversity, and total
(g) diversity. In other publications, a
values are often assumed to be
averaged over many locations.
Where an average is made, we
indicate this by an overbar, and
describe any unequal weighting.
Bottleneck: period of reduced
population size, which usually alters
entropy and diversity levels away
from the previous expectations.
Drift: random genetic drift is caused
by the chance nature of transmission
of alleles within each family. In a ﬁnite
population, this chance in
transmission results in ﬂuctuations of
allele proportions in the entire
population. Drift erodes genetic
variation summarised by any
measure (q = 0,1,2).
Effective numbers (or true
diversities) qD: conversions of
entropies (qH) into qD the number of
equally frequent alleles (or species)
that would give the actual observed
q
H, derived from a possibly uneven
array of alleles in the observed
sample.
Entropy (qH): Entropies include
heterozygosity or Gini–Simpson
(2H = He), Shannon (1H), and the
number of allelic types minus one
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The new equations show good ﬁt to both simulated and real data sets for loci evolving under
several mutation processes – SNP [36], SMM [12,37], and IAM [12,37]. Boxes S1 and S6 show
how to calculate 1H, to compare data with theoretical predictions. For example, in a rainforest
tree Elaeocarpus sedentarius, calculated and predicted 1H agree [12,41]. There are many
recent examples of the empirical and theoretical use of Shannon measures to assess how
molecular diversity is affected by factors such as: endangerment and bottlenecks; subdivision;
environmental gradients; pedigree inbreeding; and invasions, expansions, introductions, and
host jumps (Box S3). In most cases, measures with different q values yield similar interpretations, but we later discuss informative cases where they differ.
b-Differentiation of molecular diversity among populations, species, and landscapes can be
summarised using measures of each order of q. The q = 0 b-measures are based on the
proportion of allelic types that that are not shared by two populations (Box S1). Jost-D is a q = 2
b-measure, and there are related q = 2 measures such as FST [29,42] and algorithms including
STRUCTURE [43] and AMOVA [44] (Box S1). The q = 1 measures were explicitly designed to be
hierarchical [1,10], so partitioning of molecular diversity is particularly easy, leading to differentiation measures mutual information I, and Shannon differentiation. These can be derived from a
contingency table of differentiation of allele frequency between geographic locations (Boxes 2
and S1) [1,12,33,35–37]. Box 2 shows how dimensions can be added to incorporate diversity
within and among different habitats, landscapes, etc. [35,45–47], because log-linear x2 (or I) is
completely additive [48]. Hierarchical information-based diversity partitioning, including phylogenetic information, is summarised in the guide and software iDIP, at https://chao.shinyapps.
io/iDIP/ [49].
For any pair of populations, lower dispersal, smaller population size, or greater elapsed time
since separation will increase molecular differentiation (and hence, mutual information I). At
equilibrium, simulation results have been used to derive an inverse relationship between mutual
information (I, q = 1) and effective dispersal rate (Nem), over a wide range of effective population
sizes (Ne  10) and dispersal rates (0.001  m  0.30, i.e., 30% dispersing per generation) [12]
(Box S1). This equation can be used to estimate dispersal from genetic data, and outperforms
predictions based on q = 2 in simulation studies (Figure 1A), as well as in laboratory colonies of
Drosophila with known Nem [12]. The waratah Telopea speciosissima showed a strong
negative correlation between FST (q = 2) and Nem estimated from mutual information I
(q = 1), as expected because FST and I are each inversely related to Nem [50]. Dispersal
can also be assessed using I in clonal species [51], haploids, and for other ploidies such as a
three-species hybrid moss Sphagnum  falcatulurm [45].
Other equations predicting equilibrium I are based on rigorous theory, rather than simulations,
but require knowledge of mutation rate. An equation for biallelic SNPs [36] (Box S1) ﬁts closely
to simulation outcomes, as well as to data from laboratory colonies of Drosophila of known Nem
(Figure 1B). Also, equations for IAM and SMM loci [37] (Box S1) agree with simulation outcomes, and with observed genetic divergence for SMM (microsatellite) loci in starlings (Sturnus
vulgaris) introduced to Australia [37]. There are many other recent examples of the use of
molecular mutual information I to investigate hypotheses about temporal or spatial environmental gradients or barriers, in a variety of free-living and parasitic plants, animals, and fungi,
plus simulations (Box S3). In most cases, different q values show similar results, but we discuss
divergent cases later. Calculations, sampling, and programs are in Box S6.

Using Information Methods to Scan the Genome for Adaptive Innovation
There is a boom in searches for adaptive genomic regions, for evolutionary interest, choosing
reintroduction sources for conservation [52] and identifying human disease loci [53,54].
Strategies to detect these regions include evolve–resequence or transplant experiments
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(S  1, or 0H). The H symbol is used
for entropy throughout science.
Epigenetics: one type of nongenetic
inheritance, due to chemical
modiﬁcation of DNA sequence, for
example, methylation, which is
sometimes transmissible through at
least one generation, and may have
phenotypic effects. We do not use
the term epigenetics to cover all
types of nongenetic inheritance.
Frequently confused with epistasis.
Epistasis: functional interactions
between multiple loci, at any level
from transcription onwards, to affect
a measured phenotype. Frequently
confused with epigenetics.
Haplotype: collective genetic
combination located on a single
molecule of DNA, typically including
two or more SNPs showing variation
of bases between alternative
haplotypes.
Hardy–Weinberg equilibrium
(HWE): for a single locus, HWE is
the condition where the
combinations of alleles in diploid
genotypes are as expected from
random combination of the pool of
alleles in the population. HWE can be
disrupted by mutation, selection,
dispersal, nonrandom mating
(including inbreeding), or random
genetic drift.
Inﬁnite allele model of mutation
(IAM): suitable for long genomic
regions with rare base substitutions,
so that each mutation creates an
allele that has never existed before.
This is approximately suitable for
protein-coding regions, and much
other nonrepetitive DNA.
Information theory: this has
multiple strands, but we focus on
Shannon’s Information Index 1H,
which is a measure of the number of
different ways that a group of objects
(e.g., individuals of different species,
or DNA molecules with different
sequences) can be rearranged. The
information index is also a measure
of surprise or uncertainty, increasing
in groups where we are less certain
of what we would sample at random.
Linkage disequilibrium (LD): this is
when the combinations of alleles at
two or more diploid loci depart from
those expected by random sampling
from the population. The loci might
be carried on the same molecule of
DNA (true LD), or on different
molecules (sometimes called
genotypic disequilibrium or GD). LD
results from random genetic drift,
mutation, selection, dispersal,

[55], and assessing genomic differentiation over landscapes (landscape genomics) [56].
Selection acts via differential ﬁtness of variants of any heritable characteristic: DNA sequence
variation, expression variability due to interaction between environment and multiple genes, or
nongenetic inheritance such as epigenetics [57,58]. Partly because of these many modes,
there are many signals of selection, but each has a high rate of false positives [59], which can be
minimised by using multiple alternative approaches, including q = 1 methods.
For detecting selection, Shannon-based metrics are particularly appropriate, in ways such as
their greater sensitivity (than q = 2) to rare alleles that may be important for conservation
management or detecting new (potentially adaptive) alleles [60]. For directional selection, which
favours a single advantageous allele [5], Shannon information is proposed as a natural measure
of evolvability [38,39]. The ultimate result will be a single allele at 100%, so 1H tends to zero, with
dynamics analysed by logit transformation that is algebraically related to mutual information
between the allele distributions, before and after selection [39,61] (Box S4). Unlike directional
selection, balancing selection maintains equilibrium proportions of two or more alleles, for
example due to high heterozygote ﬁtness [5], and the predicted allele proportions can be used
to calculate the equilibrium value of Shannon information 1H (Box S4) [35]. In addition, much
adaptive variation is based on quantitative traits controlled by multiple loci. Information
approaches to directional selection on multilocus traits (Box S4; [62–65]) indicate that such
evolution favours gene duplication [66]. The multilocus analogue of balancing selection is called
stabilising selection, for which there are also treatments based on information statistics [67].
Detecting when Selection Changes Patterns in either Populations or Expression Proﬁles
For diploids, departure from single-locus Hardy–Weinberg equilibrium (HWE) due to selection,
nonrandom mating and other forces is summarised by FIS in q = 2 form (Box S4) [4,5].
Equivalents for q = 1 include the conventional log-linear-x2 for ﬁt to random-mating expectations (HWE; Box S4), as well as extensions to mixed mating systems, such as mixed selﬁng and
outcrossing, in plants and invertebrates (Boxes S1, S3, and S6) [12,34,68].
Analysis of selection, and other evolutionary processes, requires us to evaluate haplotypes of
variants in multiple parts of the genome, including SNPs, insertions, and deletions [40].
Discriminating the individual and combined effects of haplotype elements requires analysis
of linkage disequilibrium (LD), which is nonrandom association among such variants, due to
physical linkage (true LD; [69]), historical population size and admixture [70], or epistatic
selection in which environmental conditions favour particular combinations of variants at
multiple positions [7,53,54,71]. LD can be expressed with Mutual Information I (q = 1) for
association between variants at different positions, which minimises false discovery of LD
(Boxes S5 and S6) [7,47,53,54,71–73] and as well as analysing binary traits, can analyse
multilocus associations of both continuous normal [53] or non-normal [72] traits. This approach
has identiﬁed the combined effect of SNPs in two protein-coding loci, upon an addictive
phenotype [74]. Also, I can be used to assess whether adaptive changes have resulted in
different haplotypes in different locations (Box S5) [47,75,76]. Physical linkage is not the only
way genes interact, and information methods are used to integrate the potentially selective
effects of expression networks, DNA sequence frequencies, and LD [7,71,77,78], for example,

nonrandom mating (including
inbreeding), and clonal or asexual
reproduction.
Monotonicity: this means that
increases of variable x are either
always associated with an increase
of y, or always associated with a
decrease of y. Weak monotonicity
allows plateaus of y.
Neutral: refers to genetic variants
that do not affect ﬁtness (survival
and/or reproduction), so are not
involved in natural selection and
adaptation.
Nongenetic inheritance: any type
of inheritance that does not rely
upon variation of the DNA sequence
of A, T, C, and G. Examples include
microbiome inheritance, epigenetic
inheritance, niche inheritance, etc. All
of these can have profound ﬁtness
effects.
Replication: this means that a
diversity measure increases linearly
when equally diverse and completely
distinct groups are pooled in equal
proportions.
Selection: based on individuals that
possess heritable characteristics (e.
g., alleles) that give them higher
relative survival and/or reproduction
in a particular environment. As a
result, there will be increased
representation of those heritable
characteristics in the next generation.
Such individuals are said to have
higher ﬁtness in that environment.
Stepwise mutation model (SMM):
approximation of microsatellite
evolution.
Single nucleotide polymorphism
(SNP): single base pair locus that
varies in the population.

Box 1. Tutorial on the q-Proﬁle: Effective Numbers qD and Entropies qH
Figure I shows three samples of four haploid individuals, each with SNP allele A or T. The ﬁrst row of histogram bars shows entropies qH, including heterozygosity 2H,
and 1H that can be derived from the number of possible novel arrangements of the four sampled individuals, as if one was trying to spell words with their alleles. In the
left sample, with no diversity, all qH measures are zero (NB 0 ln 0 = 0). In the right sample, where alleles are equally frequent, each measure is at its maximum possible
value with two alleles. The second row of histograms shows the q proﬁle of effective-number diversities qD derived from qH. Note that in moving from the left sample to
the middle sample, we add one copy of a new rare allele T. In this case, 0H and 0D show the greatest response, while heterozygosity 2H and 2D show the smallest
response, because in Equation 2 when the proportion of a rare allele is squared, its effect becomes smaller or negligible. In contrast, when both alleles are already
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present, 0H and 0D show no response to changing the numbers of copies of each allele, while 2H and 2D show the greatest response. In both cases 1H and 1D show
an intermediate response. Formulas are in Box S1.
Figure II shows a diversity proﬁles of antimicrobial resistance variants within Salmonella typhimurium in humans (blue) and domestic animals (red) (reanalysed from
[98], with correction for sampling bias Box S6). The horizontal axis is the value of q, and the vertical axis is the corresponding qD value. Shaded areas are 95%
conﬁdence limits, which overlap, except between 0.3 < q < 1.2 where the plots can be discriminated. This highlights the difﬁculty of comparing proﬁles if only q = 0
and q = 2 are used. Also note the effect of evenness of observed allelic distributions: if the resistance types had been equally frequent within each host
(p1 = p2 = p3 = . . . = ps) then the qD proﬁles would have been ﬂat (dotted lines). However, in each host (animal or human), there is one highly abundant type
and many types only recorded once. Therefore, the proﬁles drop sharply, becoming ﬂat for order q = 2 (heterozygosity or Gini–Simpson), because 2D is mainly
determined by the abundant types.
As well as these a-measures for alleles in a single population, each q-value has measures of diversiﬁcation among locations, which are the b-measures (Figure III).

Increasing diversity
Allele pr
pA, pT
Number of alleles S

1,0
S=1

0.75,0.25
S=2

A A A T

A A A A
Entropy qH

0.5,0.5
S=2

No rearrangement
can alter info

A A T T

6 possible arrangements, e.g.:

4 possible arrangements, e.g.:

A A A A

A T A T

A T A A

0H = S – 1
1H = – Σ Si

= 1 pi ln pi
2H = 1 – Σ Si= 1 pi2

H=1–1
=0
H = – 1 ln 1 – 0 ln 0 = 0
2
H = 1 – 12 – 02
=0
0

1

Divided by maximum qH
value for that S,
using pA= pT = 1/S = 1/2
0H

=1
=2–1
H = – .75 ln.75 – .25 ln .25 = .56
2
= .38
H = 1 – .752 – .252
0
H
1

0

1H

0
H
Hmax

1

1
H
Hmax

2

2
H
Hmax

=1
=2–1
= – .5 ln .5 – .5 ln .5 = .69
H = 1 – .52 – .52
= .5

0
H
1
H
2

0

0H
Hmax

1H
Hmax

1

2H
2H
max

1

2H

0
The q-proﬁle:
number-equivalents qD

0D 1D

2D

0D 1D

2D

0D 1D

2D

2

0D = S

1D = e1H

2D = 1/(1 – 2H)

q=0 q=1 q=2

Figure I. Calculating qH and qD.
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q=0 q=1 q=2

q=0 q=1 q=2

1
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Esmated (animal)
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D

Animal - if abundances were even

0

20
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q

80
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1.0

1.5
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q

Figure II. q Proﬁles.

ALPHA measures:
locaon 1
0H
0D

α1

α1

1H
1D

α1

α1

2H
2D

α1

α1

ALPHA measures:
locaon 2
0H

α2

0D

α2

1H

α2

1D

α2

2H

α2
2D
α2

β: Between-locaon measures

(q=1) mutual informaon I & Shannon diﬀerenaon (Box 2)
Also:
(q=0) (based on number of unshared allele types, see Box S1).

(q=2) Jost-D etc. (see main text and Box S1).

Figure III. a and b Measures of Entropy and Diversity.
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helping us predict phenotypic outcomes of RNA modiﬁcation (splicing) in blood-clotting factors
[79]. A partial proﬁle (q = 1,2) proved best for assessing expression patterns [80]. Programmes
for analyses are in Box S6.

Choosing Measures - Relative Merits of Information-Based Measures and
Other Measures
A full diversity proﬁle exploits the sensitivities and strengths of each element (q = 0, 1, 2).
Reassuringly, in 85% of studies q = 1 gives qualitatively similar results to q = 0 and/or q = 2
(Box S3), but to understand cases where they differ, or to choose measures for particular
applications, we must assess the sensitivities, strengths, and weaknesses of each proﬁle
element (q = 0, 1, 2). For example, sensitivity to rare alleles may be an advantage for conservation or adaptation studies (Box 3), but this sensitivity means that missing rare alleles can
seriously degrade q = 0 estimates unless appropriate corrections are made (Box S6). The
performance of measures must be evaluated for each evolutionary or ecological question, such
as change of molecular diversity with latitude, and estimation of dispersal from genetic markers
(where mutual information outperforms other methods [12]). Here we point out some major
differences between q = 1 versus q = 0 or q = 2.
Shannon results generally accord with biological predictions, but in some cases the full q proﬁle
aids detection (or rejection) of a predicted pattern, because the q = 1 measure and other
measures diverge. Sometimes q = 1 has greater sensitivity than q = 0 or q = 2 measures have
(Box S3), as was seen in two studies of a (within-population) diversity due to adaptation and
drift. In an invasive mosquito Aedes japonicus japonicus [81], and in crop carrots affecting
nearby wild carrots Daucus carota [82], it was found that 2H (heterozygosity q = 2) was less

Box 2. Measuring Geographic Differentiation with Mutual Information I
Mutual information I (q = 1) expresses association between two variables such as allelic type and population membership [12], making a measure of differentiation among locations. For example, we ask: “Does knowing the alleles in a
sample, give information about which location was sampled?” This is NOT true in Figure I, because alleles C and T are at
identical proportions in the two locations, so there is zero mutual information between variables ‘location’ and ‘allele
type’. Figure II shows maximal mutual information: the location is identiﬁed unambiguously from the alleles, which are
not shared between the locations.
Figure III outlines calculation of mutual information I for two locations, estuary 1 (allele proportions pC1 + pT1 = p1) and
estuary 2 (pC2 + pT2 = p2). Mutual information is I = x2/2n, where n is the total sample size, and x2 is log-linearcontingency-x2, with expectations for each cell calculated as shown for one example cell in Figure III [48].
Alternatively, I is calculated as the part of the total information 1Hg that is not due to variability within single locations 1Ha
(following Figure III):


I ¼ 1 H g  1 Ha




(Box S1).
p
p
p
p
p
p
p
p
¼ ðpC lnpC  pT lnpT Þ  0:5  C1 ln C1  T1 ln T1  0:5  C2 ln C2  T2 ln T2
p1 p1
p1 p1
p2 p2
p2 p2
Mutual information adjusted to range [0,1] is called Shannon differentiation = I/ln K (where K is the number of equal-sized
populations; see Box S1 for other cases). Shannon differentiation has useful properties (Box 4).
Figure IV shows expansion to include two habitats: each estuary has a saline habitat whose allelic data are in the
foreground of the cube, and data for a brackish habitat in the background [35]. Further expansion of such tables allows
calculation of mutual information measures accommodating more than two alleles per locus, plus additional dimensions
to investigate diversity among years, landscapes, etc. This is possible because log-linear x2 (and therefore I) are
completely additive [35,48]. The partition strategy will depend upon the hypothesis being tested [45,46,48,49].
Programmes, sampling bias corrections, and example calculations are in Box S6.
With equal population sizes, I is the ecologists’ Horn measure [37]. Mutual information is closely related to the relative
entropy (Kullback–Leibler) that is used for tests for Hardy–Weinberg equilibrium (Box S4) and for comparing allele
frequencies before versus after selection, as well as the rate of change of Fisher information [93].
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Figure I. Zero Mutual Information I.
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sensitive than 1H (Shannon q = 1) to the predicted loss of variability resulting from small
population size and colonisation. This is presumably because 2H emphasises common alleles
that have relatively low chance of being lost during a bottleneck that is caused by either massive
mortality or small numbers of invaders. A hierarchical partition of Shannon information (similar to
Box 2) in three-species hybrid moss, Sphagnum  falcatulurm, revealed differentiation due to
rare recent mutations to which q = 2 metrics would not have been sensitive [45]. However,
q = 1 does not always show the greatest sensitivity; in temporal studies of zooplankton, q = 0
was more powerful than q = 1, which was more powerful than q = 2 [28]. Examples in this
paragraph demonstrate the importance of analysing the entire q proﬁle including q = 1.
While recognising the importance of the entire q proﬁle, Table 1 and Boxes 3 and 4 show that
only q = 1 measures combine a number of desirable characteristics for tracking evolutionarily
important phenomena. First, Shannon measures are sensitive to alleles according to their
frequency, yet have minimal sampling problems (Table 1, Boxes 1 and 3). Second, measures of
each q order must be able to distinguish levels of diversity that are individually important for
evolution and conservation [19,20]: within-locality (a), among-locality differentiation (b), and
total (g). Eliminating dependencies between these levels for many common q = 2 methods
requires more complex equations or algorithms (e.g., [42]), which might complicate predictions.
In contrast, the explicit hierarchical nesting of information measures (q = 1, Figure 6 in [10]),
yields independent estimates of within-population (a), among-population (b), and total (g) levels
of diversity (Table 1, Box 4). Disagreements between q = 1 and q = 2 b-measures might
sometimes derive from these dependencies for q = 2 [82,83]. Third, some q = 1 measures
respond in an intuitively appealing fashion to addition of new alleles, behaving in a predictable
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Figure 1. Relationship of Mutual Information I to Population Size and Dispersal, from Simulations and Living
Populations. (A) Observed mutual information I per locus from simulated microsatellite data, used to estimate dispersal
(Nem) via FST or I. Root mean square error (RMSE) of Nem is plotted against dispersal rate, for several different effective
population sizes (Ne). RMSE is similar to variance, except it assesses departure of (simulated) observations from the
equation’s prediction, rather than from the mean of the observations. In every case, Nem calculated from I had the lower
RMSE (from [12]). (B) Comparison of analytical predictions of mutual information I with observed single nucleotide
polymorphism mutual information in Drosophila ﬂy dispersal experiments with known Nem. For the predictions, a mutation
rate of m = 106 was assumed, but using m = 103 to 109 made little difference to the predicted values of I (modiﬁed from
[36]).

Box 3. Choosing a Measure for Within-Population Diversity (a)
Elements of the diversity proﬁle from q = 0 to q = 2, have various strengths and weaknesses, being sensitive to aspects
of diversity relevant to different questions (Boxes 1 and S1). Measures based on counts of different types of alleles (or
species, q = 0) are sensitive to rare alleles (Box 1), which is important when focusing on rarity, for conservation reasons,
or because novel adaptive mutants are initially rare [4,5,60]. In contrast, q = 2 measures such as heterozygosity (2Ha
Equation 2, Box 1) give little weight to rare alleles, because they are based on the chance of choosing two different
types, given the proportions pi available. This involves squaring pi values, so that values close to zero (rare alleles)
become vanishingly small. The intermediate value of q (q = 1, 1Ha Shannon information, Equation 1, Box 1), weights
each allele by its frequency, so its response to addition of a single novel allele is intermediate between the responses of
q = 2 and q = 0 measures (Box 1).
These sensitivities to rare alleles result in different sampling properties. Counts of different types (q = 0) are changed
considerably by either adding a single individual of a different type, or else failing to sample this single individual. As a
result, even after sampling corrections, these measures often cannot distinguish diversity levels of assemblages that can
be discriminated by either q = 1 or q = 2 scales (Box 1). In contrast, q = 2 methods such as heterozygosity/Simpson’s
have relatively few sampling problems. Sampling for Shannon information (q = 1) can be well addressed by modern
corrections (Box S6), so that it can distinguish between alternative assemblages (Box 1).
Frequency of use is important for comparability between studies. In community diversity, Shannon is the most
commonly used abundance-sensitive measure (q = 1 1Ha [11]), whereas heterozygosity (q = 2) is most commonly
used in molecular ecology [4,5]. As the two ﬁelds gradually unify [13,21], it will become important to use measures
common to both ﬁelds, and we suggest that a proﬁle of q = 0, 1, and 2 will achieve this best.
Finally, there is extensive literature on neutral and adaptive processes in molecular ecology for both q = 0 and q = 2
a-measures [4,5]. More recently, it has been proposed that the q = 1 measure Shannon information 1Ha provides a
natural measure of evolvability [38,39], and Shannon predictive methods are being developed for both neutral [12,36,37]
and adaptive variants [35,62–65,67].
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Table 1. Relative Sensitivities, Strengths, and Weaknesses of Each Element of the Diversity Proﬁle from q = 0 to q = 2 (Boxes 1 and S1)
Value of q

Interpretation of a (within-population) and b
(between-population) measures

Advantages

Disadvantages

Possible ﬁxes for
disadvantages

q=0

Within-population measure 0Ha: one less
than the number of different types of alleles
(or species) (Box 1).

More sensitive to rare alleles than
q = 1 or q = 2.

Serious sampling problems, because
very sensitive to rare alleles.

Sampling problems
somewhat alleviated
by method in Box
S6.

Between-population (b) measure: several
measures (Box S1), all based on the
proportion of allelic types that are not shared
by two populations.

More sensitive to rare alleles than
q = 1 or q = 2.

Serious sampling problems, because
very sensitive to rare alleles.

Sampling problems
somewhat alleviated
by method in Box
S6.

Within-population measure 1Ha: number of
ways the array of different alleles could be
set out, given the relative fractions of
different alleles, pi available (Box 1). More
formally, higher 1H means that there is
reduced certainty about what type to expect
when ONE single allele is randomly sampled.

The most commonly used
abundance-sensitive measure in
community diversity.
Sensitivity to each allele according
to its frequency, i.e.: each copy of
each allele is treated equally.
Shannon information provides a
natural measure of evolvability.

Some sampling problems.

Sampling problems
ﬁxed by method in
Box S6.

Between-population (b) measures: Several
measures (Box S1), all related to whether
knowing the allelic type of one single
individual will help identify the location from
which it was sampled (e.g., if there is no
differentiation, then the allelic information is
completely uninformative, but if there is
complete differentiation, then knowing the
allelic type would give certain identiﬁcation of
the location of origin).

Shannon differentiation satisﬁes
monotonicity (some other
transformations for q = 1 do not).
Shannon differentiation (Box 2)
satisﬁes true dissimilarity, which
means that the differentiation
measure should represent the
actual proportion of
nonoverlapping alleles, when
populations are equally diverse
and all alleles have the same
frequencies. Some other
transformations for q = 1 do not
satisfy this.

Some sampling problems.

Sampling problems
ﬁxed by method in
Box S6.

Within-population measure 2Ha: chance of
choosing TWO different types, given the
relative fractions of different types, pi
available (Box 1).

Very sensitive to frequent types.
Relatively few sampling problems.

Insensitive to rare types that may be
important in conservation and longterm evolution.

Between-population (b) measures: Many
measures (Box S1), all related to whether
two individuals sampled from different
localities are likely to have different allelic
types (e.g., if there is no differentiation, they
must be the same allelic type, but if there is
complete differentiation, they must be
different types).

Very sensitive to frequent types.
Relatively few sampling problems
Jost-D (Box S1) satisﬁes true
dissimilarity, which means that the
differentiation measure should
represent the actual proportion of
nonoverlapping alleles, when
populations are equally diverse
and all alleles have the same
frequencies. Some other
transformations for q = 2 do not
satisfy this.

Insensitive to rare types that may be
important in conservation and longterm evolution
Most q = 2 measures confound
among-population (b) diversity with
one or both of within-population (a)
diversity and total (g) diversity. These
are cases of the dependence-on-a
problem and the dependence-on-g
problem.
Most q = 2 measures lack
monotonicity, i.e., apparent
difference between two populations
can decrease when a new unshared
allele appears in a population,
wrongly implying that this reduces the
pace of speciation. The q = 2
differentiation measure Jost-D (Box
S1), does not possess the expected
monotonicity. FST and GST (Box S1),
which are also sometimes used as
b-differentiation measures, do not
satisfy monotonicity.

q=1

q=2
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Jost-D (Box S1) ﬁxes
the dependence-ona problem.
A measure to ﬁx the
dependence-on-g
problem is cited in
the main text.

Box 4. Choosing an among-Population Differentiation Measure (b)
Among-population measures (q = 0, 1, and 2) inherit virtues and shortfalls of corresponding a-measures (Box 3), plus
properties speciﬁc to the b level. For three reasons, the q = 1 measures might be the best tools to track and understand
evolutionary processes of divergence.
First, many measures used as b-differentiation measures actually confound this with within-population (a) or total (g)
diversity. For example, FST and GST (q = 2) tend towards zero as a diversity increases [99,100], as does the related
measure in Figure I. In contrast, Shannon differentiation (q = 1, Box 2) and Jost-D (q = 2, Box S1) are zero only when
allele frequencies are identical across localities, and unity only when there are no shared alleles. A measure has been
proposed that avoids dependence on g [101].
Second, to track evolving divergence among localities, there should be monotonicity: a differentiation measure should
never decrease when shared alleles are replaced or augmented by new unshared alleles. Surprisingly, most differentiation measures derived from diversity partitioning do not meet this basic criterion, wrongly implying that new
unshared alleles can reduce the pace of differentiation. For example, the additive q = 2 differentiation in Figure I (Panel A,
green solid line) increases then decreases as differentiation increases, as do most q = 2 measures (e.g., FST and Jost-D
Box S1), and even some q = 1 measures. The only differentiation measures with strong monotonicity are q = 1 Shannon
differentiation (Box 2), and those based on q = 0, though the latter are less desirable because of their sampling
problems.
A third important property of differentiation measures is true dissimilarity, which means that the differentiation measure
should represent the actual proportion of nonoverlapping alleles, when populations are equally diverse and all alleles
have the same frequencies. This is untrue for many q = 1 or q = 2 measures, but is true for the q = 1 measure Shannon
differentiation (Box 2) and for q = 2 differentiation Jost-D [29].
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way with the number of unshared alleles, and satisfying the principles of strong monotonicity
and replication (Table 1, Boxes 3 and 4). Replication [15,84] means that a measure increases
linearly when equally diverse and completely distinct groups are pooled in equal proportions, as
seen in effective numbers (qD, Boxes 1 and S1). Information measures also have minimal
sampling problems if appropriate estimation methods are used (Box S6). In contrast, a
drawback of q = 0 measures is that although they can be forecast under speciﬁed conditions
[5], the sampling to test these forecasts can be hampered by their extreme sensitivity to rare
alleles (Boxes 1, 3, 4, S1, and S2).
Additionally, we have shown above that Shannon measures are catching up in areas where
they have lagged behind q = 0 and q = 2: forecasting methods are now available for q = 1
measures of neutral and adaptive variation, and the frequency of use of q = 1 methods in
molecular ecology is rising to meet their already heavy use in community ecology [11]. Also, we
have shown that Shannon (q = 1) methods outperform others for genetic estimation of dispersal [12], and have great utility in detecting selection and gene expression patterns [76,77].
Thus, we should use information methods as important contributors to the diversity proﬁle.

The Near Future: Challenges, Opportunities and Integration
The major components of molecular information theory are now established, but questions
remain (see Outstanding Questions). In the long term, the most useful measure will undoubtedly
be the whole qD proﬁle (0D, 1D, 2D) at a, b, and g levels. This will maximise understanding of
patterns, and allow meta-analysis of the q-proﬁle performance under a wide variety of
conditions.
To complete an information-based strategy for forecasting and analysis in molecular ecology
and evolution, Shannon’s strong performance with dispersal, mutation, and drift (earlier) must
be extended to include asymmetric dispersal, unequal or changing population sizes, and
variants with mutation not described by models such as inﬁnite (IAM) stepwise (SMM) or biallelic
(SNP). This could be through new theory, or via Approximate Bayesian Computation using the q
proﬁle [12,27]. It would also be ideal to develop an analogue to AMOVA [44], based on
information-theoretic methods. This might build upon a molecular phylogenetic differentiation
measure for all q [85], based on the neutral coalescent of evolutionary biology [4].
As well as neutral predictions, we are only beginning to explore the capacity of information
science to integrate all analyses of adaptation and selection into a common scale, possibly
exploiting the connection to logit (log-linear) modelling. Moreover, sensitivity of tests for loci
under selection is likely to increase with a q = 1 approach, because q = 1 is more sensitive to
novel rare variants that are crucial in adaptation [60], and because many of these selection tests
rely upon partition of among-population (b) versus within-population (a) measures of diversity
[55,56,86], and so should beneﬁt from the complete independence of a and b in the q = 1
scale.
Understanding adaptation requires integrating all aspects of biology from subcellular biology to
habitat tolerance, and information theory is particularly well suited to this challenge [6,8,9],
being both explicitly additive and hierarchical, as well as being a general forecasting method [1],
already used in community ecology [2]. Community ecologists have borrowed genetic q = 2
theory for both neutral [13] and adaptive genes [21], so community ecology might also beneﬁt
from deploying the q = 1 neutral and selective theory outlined in this article. The q = 1
approaches will likely be able to make even more forecasts than with q = 2, by virtue of the
fact that Shannon applies to all types of information [87], including physical habitat, behaviour
[88], genetics [12,35–37], information within each sequence including codon usage biases [89],
and various nongenetic inheritance modalities including epigenetics [57,58]. Moreover,
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information has been proposed as the driver of any correlations between species and molecular
diversity [90]. Incorporating information on genetic and/or functional similarity or difference of
alleles (or species) greatly improves the utility of diversity measures [84,91], and ongoing
attempts to incorporate function, without violating fundamental diversity principles, should
include Shannon methods [49,84,92].
We have only presented a limited aspect of information theory, but we could paint on a much
broader canvas. Other potentially fruitful aspects of information theory include: Kullback–Leibler
or relative entropy used in selection analysis; Fisher information used to compare (q = 2)
measures [93]; fractals [94]; and compression algorithms proposed for both selection analysis
[64] and for joint estimation of sequence alignments and phylogenies [95]. Finally, predictive
equations for molecular Shannon information might be used to advance evolutionary computing (machine learning), in which the performance of the code is optimised by a process similar to
biological drift and selection [77,88,96,97].

Concluding Remarks
Four common processes – dispersal, random drift, adaptation, and generation of novelty
(speciation, mutation, and recombination) – unify community and molecular ecology [13,21].
The uniﬁcation of these ﬁelds will be accelerated by cross-fertilisation between their predictive
equations and measures, at levels from bioinformatics to physical landscapes and beyond,
especially when using a diversity proﬁle of q = 0,1,2, and adhering to criteria for robust
measures (see ‘Choosing Measures . . . ’ section). Shannon information measures (q = 1)
are a vital part of this proﬁle, especially given that they now have predictive equations available,
and excel at providing intuitive results.
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Box S1. Measuring and Predicting Molecular Entropies and Diversities for q=1,2,3: Within-population (alpha) and
Among-populations (beta)
(Predictions are for Neutral Alleles – Predictions with Selection are in Box S4)
Any system can be summarised by a q-profile of ‘effective-number’ diversity metrics

(Table S1 below) (Pielou 1966 [1]; Hill 1973 [2]; Chao et al. 2014 [3];

Chiu and Chao 2014 [4]). Box S2 shows the derivation of this equation for each order of q, written in terms of either
diversity

or

entropy

where all symbols are defined in the footnote of Table S1 below. This table shows some commonly used values of q that can be chosen to emphasize (or deemphasize) rare or common variants. Table S1 is written for single-locus diploid data, but the measures can be applied to allele proportions in haploid or
polyploid data, or other variants such as frequencies of species in an ecological community, individual behaviours in a population, physical characteristics in a
landscape, etc. (though predictive equations might need to be written separately for each of these arenas). The ‘effective number’ diversities (
are on a common scale – the numbers of allelic types (or different species) that would give the respective (
equally frequent alleles (Chao et al. 2015 [5]). Because of this common scale, these
article). Box S6 provides example calculations, sampling considerations, and programs.

2

)

) entropy values if the population had

measures are ideal for plotting diversity profiles (e.g., Box1-II in main

Table S1 ‘Effective numbers’

and Entropies

- Estimation and Prediction for Alpha and Beta

(All Symbols that are not defined in the body of the table are defined in the footnote)
Entropy and Diversity
Construct and Description
(for alpha level)

Examples of Equations for Estimation (‘Measure’) and Prediction, for Alpha and Beta
Unless otherwise stated, predictions are for neutral alleles with constant population size and at equilibrium
between random drift due to finite population size, and mutation (and dispersal, for β).
q=0
α (Within-Population)

Order Zero
-

Entropy

-

Number-equivalent
or Diversity

These are based on the
number of different types S,
such as allele types in a
population, or different
species in a community.

α MEASURE
-

where Sα = number of different types (e.g., allele types in a population, or

ENTROPY:

different species in a community).
-

EFFECTIVE NUMBER EQUIVALENT:

=

= number of different types of alleles.

-

There are a number of other similar measures such as numbers of variable (segregating) sites in the genome
or part thereof.

α PREDICTION A lengthy equation, for IAM mutation (Ewens 1972 [6]; Halliburton 2004 [7] p 401).
β (Differentiation Among Populations)
β MEASURE There are several of these. We show two examples for a pair of populations (K = 2), although any other
value of K can be used (Chao et al. 2014 [3]).
-

Jaccard dissimilarity =
populations, and

-

where R is the number of shared allelic types between the two

is the total (γ) number of types in both populations.

Sørensen dissimilarity index =

(Chao et al. 2014 [3]).

β PREDICTION There have only been a few algebraic attempts to predict beta
(Barton & Slatkin 1986; Slatkin & Maddison 1989 [8, 9]).
3

differentiation for genes

Entropy and Diversity
Construct and Description
(for alpha level)

Examples of Equations for Estimation (‘Measure’) and Prediction, for Alpha and Beta
Unless otherwise stated, predictions are for neutral alleles with constant population size and at equilibrium
between random drift due to finite population size, and mutation (and dispersal, for β).

q=1
α (Within-Population)

Order One
-

Entropy

-

Number-equivalent
or Diversity

These are based on
Information content, i.e.,
ability to spell out different
messages by rearranging
individual alleles, species,
etc. (Box1-I in main article).
This is more formally
regarded as the uncertainty
in the allelic type of a
randomly sampled allele.
is also called Shannon’s
Information, and some
publications call this
,
where ‘S’ denotes
‘Shannon’, NOT number of
alleles - we discourage the
usage.

α MEASURE
(eqn 1 in main article) where pi is the proportional abundance of

ENTROPY
th

the i allele in a population at a particular locus
sometimes used, but we use ln, log-e).
EFFECTIVE NUMBER EQUIVALENT:

. (NB, conventionally, 0ln0=0; log-2 is

which is the number of equally-frequent types that

would be needed to give the same value of Shannon’s Entropy
data.

, as calculated from the observed allelic

Shannon measures for departure from single locus Hardy-Weinberg equilibrium (HWE) and multilocus linkage
disequilibrium (LD) are in Boxes S4 and S5, respectively.
α PREDICTION
For neutrality (Chao et al. 2015 [5]):

Predictions for

are obtained by substituting predicted

, into the equation shown above:

Shannon predictions for balancing and directional selection are in Box S4.
4

β (Differentiation Among Populations)
β MEASURE
There are two entropy measures, each being based on Shannon theory.
(1) Mutual Information ( I ), which can be calculated in either of two ways:
I is linearly related to the traditional log-linear chisquare (
for a contingency table of
differentiation of allele frequency between populations in different locations (Box 2 in main article):
OR
, where
, and

is caculated as for

populations.
is called

denotes the average of each within-population entropy
, but after the allelic dataset has been pooled over all

can be weighted for population size, if one knows it (Sherwin et al. 2006 [10], where I
).

(2) ‘Shannon Differentiation’ is mutual information normalized to a [0,1] scale:
, for K populations with equal weights (e.g., equal or unknown sizes,
Nj). If population weights are not equal, the normalization constant (ln K) is replaced by the Shannon
entropy of relative weights, eg:

.

As for the alpha-measures, the entropy measures for differentiation can be converted to effective numbers, e.g. by
taking the exponential of mutual information:

.

Information-based measures of linkage disequilibrium (LD) in multiple populations are discussed in the main text
section ‘Using Information Methods to Scan the Genome for Adaptive Innovation‘, and in Box S5.

5

β PREDICTION
For SMM mutation there is an equation derived from simulation and curve-fitting:

For haploids,

is changed to

(Sherwin et al. 2006 [10]).

There is a SNP equation that is derived from rigorous population genetic theory (Dewar et al. 2011 [11]):

There are also IAM and SMM predictive equations that are derived from rigorous population genetic theory (Chao
et al. 2015 [5]). Predicted
population) and

,

where predictions for

(for the average

(for the pooled populations), are estimated based on the alpha-level prediction equations

above (
), with the addition of dispersal (m) between populations, giving quite large
estimation equations, shown in Chao et al. (2015) [5].

Predictions for the numbers-equivalent scale,

, are obtained either from predicted values of I , or by

substituting predicted values

into the equation:

and

Continued on next page….

6

.

Table S1 continued…..

Entropy and Diversity
Construct and Description
(for alpha level)

Examples of Equations for Estimation (‘Measure’) and Prediction, for Alpha and Beta
Unless otherwise stated, predictions are for neutral alleles with constant population size and at equilibrium
between random drift due to finite population size, and mutation (and dispersal, for β).

q=2
α (Within Population)

Order Two
-

Entropy

-

Number-equivalent
or Diversity

α MEASURE
ENTROPY has many variants:
-

HWE (Hardy-Weinberg) expected heterozygosity

(eqn 2 in main article).

is also called
These are based on the
chance of choosing two
different types from the
array of types of alleles (or
species).

-

Heterozygosity corrected for sample size (Nei’s gene diversity, Nei 1978 [12])

-

Pairwise differences of DNA sequences (Nei & Li 1979, Kosman 2003 [13, 14])

-

Other variants involve squared proportions of haplotypes, SNP alleles, etc (Halliburton 2004 [7]; Nielsen and
Slatkin 2013 [15])

-

Gini-Simpson is the name for

-

Departure from HWE is summarised by Wright’s
(Halliburton 2004 [7], Nielsen and Slatkin 2013 [15]).

in ecology.

EFFECTIVE NUMBER EQUIVALENT
-

is the effective number of alleles (q=2 scale) which is the number of equallyfrequent types that would be needed to give the same value of heterozygosity
the observed allelic data (Kimura & Crow 1964 [16])
7

, as calculated from

α PREDICTION Various predictions exist, for IAM, SMM, at equilibrium and in a bottlenecked population (reduced
population size) see Halliburton (2004, p 382) [7]; Nielsen and Slatkin (2013) [15].
Predictions for effective numbers

can be made by substituting predictions of

equivalent equation above,

in the effective-number

.

β Differentiation Among Populations
β MEASURE Again, there are many variants for q=2, involving squaring or pairwise comparisons, including:
-

The original FST, one of whose estimators is
over all populations, and

is calculated as for

where

is the average

, but after the dataset is pooled over all

populations. This has dependency problems, described in the main text, for which some corrections are
available (Hedrick 2005, Meirmans & Hedrick 2011 [17, 18])
-

Jost-D

, a beta-measure with no dependence on

alpha-values. This is the Morisita-Horn Index in Ecology (Jost 2008 [19]). Note that the use of the symbol “D”
here does NOT imply that this is a number-equivalent measure – those measures are shown several lines
below.
-

Nei’s unbiased genetic distance (Nei 1987 [20])

-

Partitions of pairwise differences of DNA sequences between populations (Nei & Li 1979 [13])

-

Algorithms that rely on pairwise comparisons or squared allele proportions, such as STRUCTURE (Pritchard
et al. 2000 [21]).

-

and AMOVA (Excoffier et al. 1992 [22]) that use pairwise comparisons including considering distance
between any two alleles

-

Methods that merge aspects of q=0 and q=2 (Slatkin & Maddison 1989 [9]).

-

Many other methods (Broquet & Petit 2009 [23])

There are also effective numbers measures for beta-level (q=2) measures, eg:
8

(Jost et al. 2010 [24])

β PREDICTION
-

Most predictions are based on

(above) or an analogue. One such prediction is
, which has been used (and criticised) for conversion of molecular

differentiation to values of
-

(Whitlock and MacCauley, 1998 [25]).

Jost-D
where

(Jost 2008 [19]).

Predictions for
are obtained by substituting predicted
measured
to measured
.

, into the effective numbers equations, for converting

q >2
Order 3 and above

Any order of q up to infinity can be used, including fractional values of q.
In practice,

usually gives similar results to

(Box 1-II in main text), so a diversity profile for order q

between 0 and 3 or 4 generally conveys all information on the allele frequency distribution.
Symbols not defined in the table above:
is the effective number equivalent of entropy
entropy

, so

is the number of equally-frequent types that would be needed to give the observed value of

(Note that D is also employed for various other measures in genetics, not necessarily corresponding to number-equivalents);

e is the base of natural logarithms
is the entropy of order q (Note that H is also employed for various other measures in genetics, not necessarily corresponding to entropy);
is the proportion of heterozygotes observed in the population;
HWE is Hardy-Weinberg-Equilibrium, the condition where the combinations of alleles in diploid genotypes are as expected from random combination of the
population’s pool of alleles;
9

IAM is the infinite allele model;
K is the number of populations;
ln is the natural logarithm (log-base-e)
m is dispersal (island-model), i.e. exchange of individuals between populations per generation

;

N is the actual population size; Nj is the size of the j th population; NT is the total size of all populations in a metapopulation;
n is the sample size;
Ne is the effective population size;
PHWE is the expected proportion of a genotype in the population under HWE (Hardy-Weinberg Equilibrium);
pi is the proportional abundance of the ith allele in a population at a particular locus
POBS is the observed proportion of a genotype in the population;
q is the order of entropy qH or diversity qD (see Box S2).
R is the number of shared allelic types between two populations;
S is the number of different allelic types;
SMM is the stepwise mutation model;
SNP refers to biallelic loci such as single nucleotide polymorphisms;
α denotes a within-population measure;
β denotes an among-population differentiation;
is the log-linear chisquare, also sometimes called G (Sokal and Rohlf, 1995 [26]);
γ denotes a total for all populations;
is the digamma function;
λ = μ(1-μ);
μ is mutation rate;
.
10

;

Box S2 Derivation of the q-Profile from a General Power-sum of Allele Proportions
The effective numbers
are ideal for an intuitive understanding of the common basis of the indices in the q-profile (Chiu and Chao 2014 [4]).
The basic concept of the ‘effective number of types’ is comparison between:
-

an actual population with S types at relative abundances

. that has diversity

, as calculated from Box S1,

and
-

a reference population with

types and equal abundances

. This reference population would have diversity

,

for every order of q (see Box 1-II in main article).
To create the basic diversity equation, one takes the power sum of the relative abundances for the actual and reference populations, and requires them to be
equal. For the actual population, the q-th power sum is:

For the reference population, the q-th power sum is:

Equating the sums for the actual and reference populations, we have:

This is called the Hill equation (Hill, 1973 [2]), and it gives rise to the equations in Box S1:
-

If q =0 we obtain

-

If q=2, we obtain

-

If q=1, ∆ is undefined, but if we let q tend towards unity, we then obtain the limit

.

The low sensitivity of
and
to rare alleles when q ≥ 2 can be seen to derive from the fact that p-values close to zero (i.e., rare) become very small when
1
squared (cubed, etc). H is a special case of either Tsallis or Renyi entropy (Maszczyk and Duch 2008) [27].
11

Box S3 Summary of Alpha and Beta Studies using Molecular Information Measures or a q-profile in Molecular
Ecology and Evolution
Table S3 shows examples of the use of Shannon molecular-genetic measures in the literature, for alpha level, for beta level, and for other uses. In most cases
there is agreement between biological interpretations provided by the (q=1) measures and other measures, but the more interesting cases are those for
which the measures give divergent interpretations. These divergent cases show the importance of using a carefully chosen profile of measures with different
values of q, because one part of the profile is likely to be more sensitive to the predicted pattern. These cases are discussed further in the main article.
Note that some confusion in the cited studies could be minimised by the use of consistent symbols in publications and programs (e.g., H, D and I , see Box
S1).
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Table S3 Examples of the use of Shannon measures in the molecular ecology and evolution literature. Cases with greater contrast
between q =1 and other measures are placed first. Microsatellites are nuclear unless otherwise stated. Abbreviations: ct – chloroplast; IAM – infinite alleles
model of mutation; indel – insertion or deletion; msat – microsatellite(s); mt – mitochondrial; RMSE – root mean square error; SMM – stepwise mutation
model; SNP – single nucleotide polymorphism; ρ - correlation coefficient.

SYSTEM
Species, Context

THE q=1 MEASURE,
and its predictive performance

PERFORMANCE COMPARISON
with q=0, q=2
Cases with contrast to q =1 are bolded

Loci – mutation mechanism,
number, names.
Citation
ALPHA – Variation within Populations
Mosquito Aedes japonicus
japonicus; recent invasion
of Hawaii.
SMM; 7 msat.
Egizi et al. 2015 [28]
Wild vs crop Carrots
(Daucus carota), North
America.

A temporal study showed that variability ( ) originally
seen at the low-elevation introduction area was
maintained at high elevations, but lost at the original
introduction site, possibly because of bottlenecks of
population size.

Allelic Richness S (q=0) agreed with
(q=1), but
(q=2) did not show any significant pattern, presumably
because of its emphasis on common alleles, which are
less likely to be lost in a bottleneck than rare alleles
(the allele frequencies were not shown, so we cannot
check this inference).

clearly shows that wild populations near crops have
higher variability than wild populations further from the
crops

showed a similar pattern to
, but
was less
sensitive, possibly because of its relative insensitivity
to rare alleles entering the wild population from the
crop.

SMM; 15 msat.
Mandel et al. 2016 [29]
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SMM Theory; and Tree
Elaeocarpus grandis,
Australia.

was called
. Predictive equations for SMM
provided a close fit to simulation data, and to data from
wild populations.

Relative performance was not assessed, although
was used to estimate
, for input to the
predictive equations.

was called
. Predictive equations for IAM
provided a close fit to simulation data, and to data from
wild populations.

Relative performance was not assessed, although
was used to estimate
, for input to the
predictive equations.

Chao et al 2015 [5]

Predictive equations for IAM and SMM fitted closely to
simulation data.

Approximate conversions between q=1 and q=2 scale
were derived, for IAM and SMM.

Rainforest tree Elaeocarpus
sedentarius; Australia.

was compatible with a very high mutation rate (10-2
per generation)

Allelic richness (q=0);
(q=1); and
(q=2) were all
lower in the same population (one of two populations).

decreases with increasing physical separation from
the likely refugium.

strongly correlated to ctDNA haplotype diversity
(q=2; ρ=0.98) and Allelic Richness (q=0; ρ=0.86).

SMM; 5 msat.
Sherwin et al. 2006 [10]
IAM Theory, and Bird
Acridotheres tristis,
Freshwater fish Galaxias
truttaceus, Land snail Theba
pisana.
IAM; 39, 22,25, allozyme.
Sherwin et al. 2006 [10]
IAM and SMM Theory.

SMM; 7 msat.
Rossetto et al. 2008 [30]
Harvested Pine species
Pinus strobus; North
America.
SMM; 3 ct (paternal) msat.
Zinck and Rajora 2016 [31]

14

New Zealand Marine
Evechinus chloroticus.

Predictive performance of

was not assessed.

was strongly correlated to S (q =1; ρ=0.98),
=2; ρ=0.97) ,
(q =2; ρ=0.96).

(q

SMM; 6 msat.
Nagel et al. 2015 [32]
Plants in the Delonix
complex of species;
Madagascar.

was larger in non-threatened species, but not
significantly associated with population size.

(q =1) and number of polymorphic loci (a type of q=0
measure) were correlated to each other (ρ=0.41).

Compared to other Californian populations, a small
isolate of Puma showed lower
.

The same pattern was seen with allelic richness (q=0);
(q =1); and
(q=2).

Possibly similar to IAM:
AFLP (amplified fragment
length polymorphism
bands); number not stated.
Rivers et al. 2011 [33]
Puma concolor; North
America.
SMM; 46 msat.
Ernest et al. 2014 [34]
Fungal Pathogen Puccinia
psidii; South America.
SMM; 10 msat.
Graça et al. 2013 [35]

was calculated in two ways: for all isolates, and for
isolates grouped by clonal identity. Both
measures
were lower in the putative source, suggesting that the
pathogen did not jump from native to crop tree species
(the authors had predicted such a jump).
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(q=1) agrees with other evidence, including S (q =0);
(q =2);
(q=2).

Fungal Pathogen
Rhynchosporium commune;
Australia.

confirmed the predicted increase with pathogen
population size, but not the predicted increase with host
diversity.

(q=1) agrees with

(q=2).

SMM; 14 msat.
Linde et al. 2016 [36]
Earthworm Lumbricus
terrestris, probably
introduced from Europe to
North America.
SMM; 3 msat.
Gailing et al. 2012 [37]

was similar in the introduced North American
populations and the possibly native European
populations.

The same pattern was seen with (q=1)
Nei’s gene diversity (Table S1).

Bread Wheat land races;
Turkey.

was calculated, but not compared with a biological
hypothesis.

High correlation between (q=1)
.

Maximal
near centres of two of the introductions –
possibly the introduction localities.

No comparison of (q = 0,1,2).

IAM; Hexaploid; Glu-A1,
Glu-B1, Glu-D1 (Genotyping
by Coomassie gels and
polymerase chain reaction)
Temizgul et al. 2016 [38]
Brassica sp. crops; India and
China, 2-3 independent
introductions apparent.
SMM; 99 msat.
Chen et al. 2013 [39]
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and (q =2)

and (q=0)

,

Invasive Mosquito Aedes
japonicus japonicus,
Europe.
SMM; 7 msat.

is similar in two populations, agreeing with other
evidence suggesting a common origin and history.
Another population has lower
, suggesting a
bottleneck since introduction.

No comparison of (q = 0,1,2).

was calculated, but not compared with a biological
hypothesis.

No comparison of (q = 0,1,2).

Zielke et al. 2014 [40]
Fungus Fusarium
oxysporum; North America
– soil vs. tomato-plant
populations.
IAM; 1 TEF1α sequence;
two very common variants
predominated.
Demers et al. 2015 [41]
Table S3 continues on next page…
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Table S3 continued

SYSTEM
Species, Context

THE q=1 MEASURE,
and its predictive performance

PERFORMANCE COMPARISON
with (q=0, q=2)
Cases with contrast to (q =1) are bolded

Loci – mutation mechanism,
number, names.
Citation

BETA - Differentiation Between Populations
Wild vs crop Carrots
(Daucus carota), North
America.
SMM; 15 msat.

Mutual Information I showed that variability was
lower between groups of wild populations close to
crops, compared to groups of wild populations far
away from crops.

FST (q=2) showed the same pattern as I (q=1), but
authors stated that the pattern was more clearly
demonstrated by I. This difference in results may be
because of mutual information’s greater sensitivity to
rare immigrant alleles, but it also could be unrelated to
beta differentiation, because FST is also very sensitive to
within population diversity (see main text).

I showed very low differentiation, not significant.

FST (q=2) showed the same pattern of very low
differentiation as I (q=1), but it was marginally
significant. It is worth noting that the different behaviour
could be unrelated to beta differentiation, because FST is
also very sensitive to within population (alpha) diversity
(see main text).

I used to investigate dispersal level between a pair of
populations.

FST (q=2) and I (q=1) were each used to estimate
dispersal. The estimate from I was an order of
magnitude smaller than from FST. Simulations suggest
that this is because of the poor root-mean-square-error
of dispersal estimates from FST (Sherwin et al.2006 [10]).

Mandel et al. 2016 [29]
Semi-marine fish Alticus
Arnoldorum around
coastline of Guam (Pacific
Ocean).
SMM; 17 msat.
Cooke et al. 2016 [42]
Tree Elaeocarpus
sedentarius; Australia.
SMM; 7 msat.
Rosetto et al. 2008 [30]
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Three-species hybrid Moss
Sphagnum x falcatulurm;
three holantarctic locations.
SMM; 5 msat.
Karlin and Smouse 2017
[43]

Zooplankton (Haloptilus
longicornis) and
(Pleuromamma xiphias);
North Pacfic.
IAM; mitochondrial genes
cytochrome c oxidase
subunit II (H. longicornis)
and subunit I (P. xiphias).

Shannon analysis ( I and partition of information)
showed (a) > 90% of the allelic information in the
system was inherited directly from the three
ancestors, via recurrent inter-specific hybridization;
(b) the inherited ancestral alleles show almost no
allelic frequency profile differences from those of their
respective source species; (c) the three regional
populations are slightly divergent from each other,
due to novel mutations (post-hybrid) that are
regionally restricted.

The allelic variants in point (c) are all rare, and their
importance would have been missed with classic q=2
metrics, according to the authors.

q-profile (0,1,2) with sampling correction (Chao and
Jost 2015 [45]); q=1 revealed temporal differentiation
between populations sampled at different times but in
the same location.

Greatest temporal differentiation with q=0, least (none)
with q=2.

A theoretical equation for I (called
) was
derived from curve-fitting to simulated ‘training’ data.

For the simulations,
estimated from
(q=2)
always had a greater root-mean-square-error RMSE than
estimated from I (q =1), over a wide range of
conditions (see main text).

Iacchei et al. 2017 [44]
Theory (SMM); Wild tree
Elaeocarpus grandis;
captive fly Drosophila
melanogaster with
controlled
and ,
Australia.
SMM; 3,4 msat;
Sherwin et al. 2006 [10]

A simulated ‘test’ dataset showed very good
agreement between the known
input to the
program, and
derived from the predictive
equation, and I calculated from the genotypic data
output by the test simulation runs.
The fly dataset showed a 45-degree slope in the plot
of predicted versus measured I .
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For the tree,
estimated from
(q=2) often had a
much greater coefficient of variation than
estimated
from I (q =1). RMSE could not be calculated because
the true
was not known.

Theory (SNP); captive fly
Drosophila melanogaster
with controlled
and ,
Australia.

A theoretical equation for mutual information I derived No comparison of (q = 0,1,2).
from population genetic theory, fitted well to simulated
dataset, and to fly data.

SNP; 73 anonymous DNA
regions.
Dewar et al. 2011 [11]
Theory (SMM, IAM); Bird
Sturnus vulgaris; Australia.
Chao et al. 2015 [5]

A theoretical equation for mutual information I derived No comparison of (q = 0,1,2).
from population genetic theory, fitted well to the
simulated dataset for IAM and SMM, and to bird data
for the SMM loci. The bird data did not fit well for the
IAM locus, which could be because of chance with only
one locus, or because of other influences such as
selection, though the latter is unlikely (Rollins et al. 2015
[46]).

Waratah (plant) Telopea
speciosissima; Australia.

I was used to investigate dispersal level between
populations on ecological gradients.

SMM 3 msat; IAM 1 DRD4.

SMM; 7 msat.
Rossetto et al. 2011 [47]
Table S3 continues on next page….
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Strong negative correlation between (q=2) measure FST
and dispersal estimated from I (q=1). The negative
correlation is expected, because dispersal has an inverse
relationship to I , see Box S1.

Fungus Fusarium
oxysporum; North America
– soil vs. tomato-plant
populations.

I (incorrectly presented as an α measure). I showed
significant differentiation between soil and plant
populations in one of two fields.

I (q=1) agreed with a (q=2) type measure called ‘Snn’,
apparently because two variants predominated, so there
were very few rare alleles to cause a difference between
the two measures.

IAM; 1 TEF1α sequence;
two very common variants
predominated.
Demers et al. 2015 [41].
Moss Sphagnum subnitens; For the three regions, I was used to calculate pairwise
New Zealand, Europe, North genetic exchange Nem, showing high dispersal NZAmerica.
Europe.

I (q=1) and two (q=2) measures (Nei’s genetic distance;
Jost-D) showed the same rankings for genetic
differentiation among pairs of localities.

IAM; 8 msat; NB clonal
species.
Karlin et al. 2011 [48]
Moss, Sphagnum palustre;
Hawaiian Islands vs other
populations.

Results support origin from a single founder event.

SMM; 16 msat ; NB there
were difficulties of
identifying allelism of
variants, also note this is a
clonal species.
Karlin et al. 2012 [49]
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I (q=1) and a (q=2) measure (Nei’s genetic distance)
showed strong correlation (ρ=0.88).

Wombat Lasiorhinus
latifrons; Australia.

I was consistent with subdivision that does not accord
exactly with a postulated biogeographic barrier.

I (q=1) was congruent with two (q=2) approaches:
STRUCTURE and AMOVA.

Haplotypes clustered better with language group than
geographic region.

Similar results for I (q =1) and

I was calculated, but not compared with a biological
hypothesis.

I (q=1) was congruent with two (q=2) approaches:
STRUCTURE and FST.

Partition of beta Shannon diversity. Divergence was
more rapid for haploid ctDNA than for nuclear
microsatellites, as expected.

No comparison of (q = 0,1,2).

SMM; combination of
studies with different
numbers of msat markers.
Alpers et al. 2016 [50]
Human Homo sapiens;
Europe.

(q=2).

IAM; 1 Y-chromosome
region with multi-SNP
haplotypes.
Niederstatter et al. 2012
[51]
Rainforest tree; Podocarpus
elatus.
SMM; 6 msat.
Mellick et al. 2011 [52]
Orchids, four Chiloglottis
species; Australia.
SMM and other; 13
(nuclear) msat;
and 14 (ct) indel.
Smouse et al. 2015 [53]
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Tree Austrocedrus chilensis;
South America.

I shows little N:W or S:E differentiation.

No comparison of (q = 0,1,2).

Mutual information I used to define geographic stocks.

Mutual Information I (q=1) broadly agrees with (q=2)
AMOVA FST Jost-D.

Mutual Information I showed low differentiation over
short distances (100-200km).

When analysis was restricted to localities with ≥ 10
samples,
from I showed the expected strong

SMM; 5 msat.
Colabella et al. 2014 [54]
Humpback whales
(Megaptera novaeangliae)
on Antarctic feeding
grounds - Southern, Indian
& Pacific Oceans.
SMM; 10 msat.
Schmitt et al. 2014 [55]
Koala (Phascolarctos
cinereus), Australia.
SMM ; 14 msat.

negative correlation with Fst (ρ=-0.38) or F'st (Hedrick,
2005; Meirmans 2011 [17, 18]; ρ=-0.49) because both I
and FST are inversely related to
.

Dennison et al. 2016 [56]
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Lizard (Intellagama
lesueurii) at four city parks,
three connected nonurban
and three isolated
nonurban populations,
Australia.

Mutual information I (q=1) showed that city park
populations had much higher divergence than nonurban populations, irrespective of connectedness.

Mutual information I showed high correlations with
three (q=2) measures: FST ρ=0.92; GST ρ=0.92; Jost-D
ρ=0.95.

SMM; 13 msat.
Littleford-Colquhoun et al.
2017 [57]
American hazelnut (Corylus
americana); USA.
SMM ; 10 msat

“Shannon statistics” (probably

and I mutual

information q=1) showed that most genetic diversity
was within populations rather than among populations.

Demchik et al. 2017 [58]
Table S3 continues below…
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AMOVA (q=2) showed similar partitioning of variation to
Shannon.

Table S3 continued

SYSTEM
Species, Context

THE q=1 MEASURE, its predictive performance, and comparison with (q=0, q=2)

Loci – mutation mechanism,
number, names.

Cases with contrast to (q =1) are bolded

Citation
Other uses
Escherichia coli
IAM, Whole genome, coding
regions.
Arun et al. 2016 [59]

was best for discriminating between conserved vs duplicated loci,
whereas
was best for discriminating constitutive vs housekeeping loci

Modelling.

A modelling comparison of the rates of change of measures of molecular differentiation, during the 24 generations

Lloyd et al. 2014 [60]

after cessation of dispersal between two halves of a population.
Change was more rapid for two (q=2) measures (Jost-D Box S1; and

[17]) than for (q=2)

Modelling.

Modelling showed that the ‘one-migrant-per-generation’ rule for maintenance of

Greenbaum et al. 2014 [61]

two or more populations, is not adequate for maintaining
maintenance of levels of

levels in a metapopulation of

. This finding likely has implications for

, whose weighting of rare alleles is intermediate between that of
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and (q=1) I.

and

.

Alpaca Vicugna pacos;
Domesticated population,
Australia.

aided choice of loci for studying an eye-morph pedigree in alpacas.

Jackling 2014 [62]
Theory.

Comparison of

Sherwin 2006[10]; Putman
and Carbone 2014 [63]

occurring.

and

(Table S1) has been proposed as a test to identify which mutation mechanism is

Malaria parasite Plasmodium Years with no significant differentiation, measured by I , were pooled for further analysis.
mexicanum in North
American Lizards, a temporal
study.
SMM; 4 msat.
Schall and StDenis 2013 [64]
Theory and Human.
Various loci.
Rosenberg et al. 2003 [65]

The authors derive a novel information-theoretic measure (In) based on a Shannon-like equation (q=1). This
measure assesses the informativeness of multiallelic genetic markers that might be used for assignment to
potential ancestral populations. The applications of such assignments include controlling ancestry effects in casecontrol genetic association studies. The authors compare In, in varying degrees of detail, with competing measures
such as the closely related Kullback-Liebler, and q=2 measures. They analyse various human data to show that In
appears to be robust. They do point out that In has bias with small sample sizes, however this bias could likely be
reduced considerably with modern corrections [45, 66].
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Box S4 Measuring and Predicting Effects of Selection
Departure from Hardy-Weinberg Equilibrium (due to selection or other evolutionary causes)
For the (q=1) scale, the conventional log-linear-chisquare test for goodness-of-fit to HWE is in a Kullback-Leibler form (Box 2 in main article):
where summation is over genotypes; POBS is the observed proportion of a genotype in the population; and PHWE is
its expected proportion under HWE (Hardy-Weinberg Equilibrium).
For the q=2 scale, departure from HWE is summarised by Wright’s

where

is the proportion of

heterozygotes observed in the population (Halliburton 2004 [7], Neilsen and Slatkin 2013[15]).

Single-locus and Multi-locus balancing selection
If the heterozygote (e.g., C/T) has highest fitness (unity), and homozygote fitness values are (1-s1) for C/C and (1-s2) for T/T (where

and

), then both alleles will be retained at equilibrium proportions that depend upon the fitness values (Halliburton 2004 [7]). Substituting these
equilibrium proportions into the equation for

(Box S1 or equation 1 in main text) one finds that the equilibrium allelic entropy will be:

(Sherwin 2010 [67]).
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Note that the ln s term expresses overall selection in favour of the heterozygote, and the second term depends upon the balance of selection against each of
the two homozygotes individually. Multilocus balancing selection also has Shannon-based equations (Nourmohammad 2013 [68]).

Single-locus directional selection
For single-locus directional selection, replacing one allele with another, there are equations for the decline of

(the proportion of the allele that is being

replaced) for a number of different inheritance schemes, such as recessive or dominant, X-linked or autosomal (Halliburton 2004 [7]). After each generation
of selection, the equations for the new values of

and

can be substituted into the Shannon equation

(Box S1 or

equation 1 in main text) to show how directional selection changes entropy - ultimately to zero at fixation of the favoured allele.
The traditional logit treatment that linearizes response of

to directional selection (Campagne et al. 2016 [69]) is similar to relative entropy or Kullback

Leibler, (above, and Box 2 in main article) between the allele distributions before and after selection (Frank 2012, 2017 [70, 71]), and logits have been used to
analyse genetic diversity of mammals involved in transmission of the Lyme disease bacterium (Vuong et al. 2017 [72]).
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Multi-locus directional selection
For continuous (‘quantitative’) traits, information-based methods for multilocus additive directional selection are numerous. A useful general fitness
construct is the difference between (change of Shannon information due to selection) and (previous fitness), whose details are elaborate and case-dependent
de Vladar and Barton 2011; Held et al. 2014; Kobayashi and Sughiyama 2015; Nourmohammad et al. 2014; Riedel et al. 2015) [73-77].
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Box S5 Selection, Linkage Disequilibrium (LD) and Mutual Information.

Mutual Information, used to assess geographic molecular variation (Box 2 in main text), is also appropriate for dealing with linkage disequilibrium or LD –
non-random association of SNP (single-nucleotide polymorphism) alleles at different SNP loci to create multi-SNP haplotypes. Table S5.1 shows two linked
SNP loci, and the occurrence of haplotypes bearing each possible combination of the alleles at each SNP. If there is random association between the alleles at
the two SNPs, then there is linkage equilibrium (LE). On the other hand, if there is departure from multi-locus equilibrium (in other words, if there is LD), this
can be expressed with mutual information. For the two SNP loci in Table S5.1, an intuitive example of mutual information is based on considering
frequency of molecules that carry the allele C at SNP locus 1 and allele T at SNP locus 2. If

the

, then we can say two things. First, there is

linkage equilibrium, and second, having information about whether there is a C at locus 1 provides no additional information about the chance that there is a
T or a G at locus 2. Thus the mutual information is zero: the variables ‘allelic type at locus 1’ and ‘allelic type at locus 2’ provide no information about each
other. On the other hand, if there is complete LD, say for example (pCT = 0.5 = pAG in Table S5.1) but (pAT = 0 = pCG), then knowing that locus 1 had a C would
give complete certainty that the other locus had T, so mutual information is maximal.
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Mutual information is calculated in a number of ways, but we calculate it by applying equation 1 in the main text (or
Table S5.1:
The first row shows the variation of locus 1 within the haplotypes whose locus 2 has T:

from Box S1) to each row of

The second row shows the variation of locus 1 within the haplotypes whose locus 2 has G:

The final row shows the variation of locus 1 for all haplotypes:

The mutual information between the two SNP loci is then: Mutual Information
Note that although this calculation was based on the rows , the same result could be obtained by calculating values for locus 2 (the columns).
Larger values of I indicate higher LD (Smouse & Ward 1978 [78]; Zhang et al. 2009 [79]). Also, mutual information has a simple linear relationship to the
familiar log-linear-chisquare contingency test for association in a table such as Table S5.1:

where I is the mutual information

calculated above, and n is the total number of individuals sampled for the table. An LD Table such as S5.1 can also be constructed for diploid genotypes (eg:
column headings C/C, C/A, A/A, row headings T/T, T/G, G/G). Moreover, interaction between multilocus LD and geographic differentiation can be analysed
by an extension of Table S5.1 – see Table S5.2, and Zhang et al. 2009 [79], exploiting the additivity of log-linear-chisquare over hierarchical levels (Sokal and
Rohlf, 1995 [26]; Box 2 in main article).
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Table S5.1. Mutual Information to Investigate Linkage Disequilibrium for a two-SNP Haplotype.
SNP locus 1 has two possible bases, C or A, whose respective proportions in the population of alleles are pC and pA (pC + pA =1). SNP locus 2 has either T or G,
at proportions pT and pG. The body of the table shows the proportional occurrence of haplotype DNA molecules bearing each possible combination of the
alleles at each SNP.
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Table S5.2. Mutual Information to Investigate Possible Interaction Between Geographic Variation and Linkage Disequilibrium for a
two-SNP Haplotype. This shows a repeat of Table S5.1, but with the two SNP loci being typed in samples from two locations (eg, summit of a mountain,
and surrounding lowland). The table for location 1 (identical to Table S5.1) is in the background at the rear of the cube, while the similar table for location 2
is in foreground at the front of the cube.
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Box S6 Carrying out Shannon-based Analyses in Molecular Ecology and Evolution
Having predicted diversity, how can one measure it to check the predictions, or estimate other parameters such as dispersal (Sherwin et al. 2006 [10])?

Table S6.1 Examples of Calculations of Molecular Information Statistics, and their Conversion from the Information (or Entropy)
Scale to the Equivalent-Numbers (or Diversity) Scale.
For a pair of localities, 1 and 2, we show an example of how to follow Box S1 to calculate measures: within-population
numbers scale

; conversion to the effective

; the between-population measure I ; the conversion of I to Shannon differentiation ([0,1] scale or Horn index, Chao et al 2015 [5]); and

selected q=2 measures. Note that in scenarios (a), (b), and (c), there are no shared alleles between the localities, so the (q=1) beta measures are identical,
but the (q=2) beta measures in some cases give different estimates of differentiation, which limits their utility as measures of beta differentiation. Similar
values are obtained from GenAlex (Peakall and Smouse 2006, 2012 [80, 81]) and SpadeR (Chao et al. 2015 [82]). The genetic exchange rate Nem was
calculated from mutual information I following [10] (Sherwin et al. 2006) (Box S1). Also note that this presentation is for a single locus, but (q=1) values can
be summed or averaged over loci (Ryman et al. 2006 [83]).

34

Scenario, Locality

1

Allele Frequencies (& Proportions)

entropy (& effective
number)

Allele 152

Allele 154

Allele 156

(&

24 (1)

0

0

0 (1)

)

(&

2

0

0

24 (1)

0 (1)

0 (1)

1

20 (0.83)

4 (0.17)

0

0.45 (1.6)

0.28 (1.38)

b
2

0

0

24 (1)

0 (1)

0(1)

1

12 (0.50)

12 (0.50)

0

0.69 (2)

0.50 (2)

c
2

0

0

24 (1)

0 (1)

0(1)

1

8 (0.33)

8 (0.33)

8 (0.33)

1.10 (3)

0.67 (3)

d
0

0

24 (1)

)

I [&
Horn]

GST

Jost-D

from I

0.69 [1]

1

1

0.025

0.69 [1]

0.756

1

0.025

0.69 [1]

0.6

1

0.025

0.32
[0.46]

0.333

0.5

0.120

0 (1)

a

2

entropy and derived measures

0 (1)

0(1)
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Box S6.2 Sampling for Estimation of Molecular Information Statistics
As with any measures, unless sampling is complete, there are possible biases, so we provide methods for correcting for sampling limitations when estimating
diversity measures for any given order of q. The heavy dependence of

and

on very rare alleles (or species) (Table 1 and Box 1 in main article, and

Boxes S1 and S2) means that it is very difficult to obtain accurate estimates of these statistics. On the other hand, when q ≥ 2, missing some rare allelic types
will affect the estimate very little. Being an intermediate value of q,
corrections that allow us to minimise these sampling problems for

and
and

have intermediate sensitivity to missing rare types. Luckily, there are
, and reduce them for

and

. The empirical (or observed) entropy is

negatively biased, and the magnitude of its bias is approximately (S-1)/(2n), where S is the number of different types, and n denotes the sample size (Basharin
1959 [84]; Lande 1995 [85]). This bias cannot be corrected if the true S is unknown, but there is now a nearly unbiased estimation method for q=1 measures
based on Good-Turing’s theory (Chao et al. 2013 [66]; Chao & Jost 2015 [45]). These corrections are in the program SpadeR (Box S6.3) and can also be used
on q=0, q=2 and any non-negative q-values (including non-integers), and supersede earlier correction methods (Meirmans and Van Tienderen 2004 [86]). We
illustrate this correction with data from Mather et al. (2012) [87] on variant types within Salmonella typhimurium from domestic animals (red) and humans
(blue) in Figure S6.2. Panel (A) shows the empirical diversity profile, and panel (B) shows the corrected profiles. In these data, the under-sampling bias is
substantial: in each group (Domestic animal, Human), there is a single highly abundant type and a large number of singletons – types identified by only a
single record. Therefore, the profiles drop very sharply and become flat when q > 1.5, because diversity is dominated by the single abundant type for (q = 2)
and above. Note the broad overlap of the corrected profiles, except in the region from q = 0.3 to q = 1.2, highlighting the difficulty of comparing profiles if
only q = 0 and q = 2 are used.
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Figure S6.2 Sampling Effects, and their Correction, for Diversity Profiles. Both panels show data from Mather et al. (2012) [87] for
microorganisms in humans (blue) and domestic animals (red). The horizontal axis is the value of q, and the vertical axis is

for each value of q.

(A) Original empirical data, shaded areas are 95% confidence limits.
(B) Data with correction of Chao & Jost (2015 [45]), also showing in dotted lines the

values that would be obtained if the variants within each group

(animals or humans) were equally abundant – see main text and Box S1 for further explanation). Note that the confidence limits overlap extensively after
correction in plot B, except in the region between q = 0.3 and q = 1.2.
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Box S6.3 Estimation Programs
A number of off-the-shelf genetic analysis programs already include information-based measures. Many of these calculations can apply equally to estimation
of entropy or diversity from all types of genetic data, including SNPs, haplotypes, allozymes, microsatellites, structural DNA variants and expression variants.
However, the programs are often specific to a certain type of data input. Of course, if the variants do not follow the standard evolutionary models (neutral
IAM, SMM, SNP, etc) shown in Box S1, then any predictions that are to be compared with the results will likely require specific predictive equations for each
type of variant.
Allelic alpha and beta (q=1),
These are essentially single-locus, but note that q=1 values can be summed or averaged over loci (Ryman et al. 2006) [83].
-

GenAlex (Peakall and Smouse 2006, 2012 [80, 81])

-

SpadeR (Chao et al. 2015 [82]).

-

iDIP Online is a new program designed to give robust partitioning of diversity under multi-level hierarchical structure, based on Shannon entropy, and
with phylogenetic information (Chao and Chiu 2017) [88].

-

For complex information-based partitions of beta geographic variation, to test specific hypotheses about hierarchical arrangement of molecular
variation, log-linear

(Box 2 in main article) can be calculated via the log-linear chisquare that is widely available in numerous well-known
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packages such as SAS, R, SPSS, or vassarstats.net . Also see Smouse et al. (2015) [53] and Karlin and Smouse (2017) [43], which satisfy some of the
requirements for diversity measures.
-

MTML-msBayes uses Shannon as a criterion in Approximate Bayesian Computation, to fit ecological and evolutionary models of any arbitrary
complexity (Huang et al. 2011 [89]).

-

entropart is an R package for partitioning species diversity, including functional differences, which could possibly be adapted to genetic diversity
(Marcon & Herault 2015 [90]).

Clonal Several programs deal with clonal organisms such as plants, or clonal variation in immune cells in humans.
-

‘Poppr’ deals with asexual and sexual organisms (Kamvar et al. 2014 [91]).

-

GENODIVE can calculate information statistics by individual, as for sexual organisms, or by clonal grouping (Meirmans and Van Tienderen 2004 [86]).
Note that GENODIVE contains a correction for sampling problems, but this has been superseded by the method of Chao et al. (2013) [66] and Chao
and Jost (2015) [45].

-

‘tcR-vignette’ [92] uses information statistics to deal with immune genes such as t-cell-receptors, v-genes, and j-genes, that not only have germline
variants but also somatic amplification of clonal cell lines within each individual, followed by development of variation between those lines.

-

VAT software includes tools for analysing populations of organisms with asexual or mixed modes of reproduction (Schachtel et al. 2012 [93]).
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Multilocus, Selection, and Expression
Linkage disequilibrium, comparisons of allelic arrays before and after selection, and analysis of expression networks, are all part of attempts to identify the
loci whose interactions result in traits that affect fitness in the wild, or cause clinical disorders that are essentially lowered fitness from an evolutionary point
of view. Sometimes these interactions are assessed implicitly as linkage disequilibrium, more directly as epistatic interactions between mapped loci, or
sometimes explicitly as networks of expression. Wang et al. (2011) [94] review a number of these programs. Explicitly or implicitly, most of the programs use
some multi-dimensional variant of mutual information-based measures, so various alternative approaches could be developed from the log-linear chisquare
that is widely available in well-known packages such as SPSS or vassarstats.net

.

-

Zhang et al. (2009) [79] showed a way to use information theory to assess multilocus linkage disequilibrium.

-

MISS is a program that implements a method very similar to Zhang’s (Brunel et al. 2010 [95]).

-

AMBIENCE, CSEBiORG and CHORUS calculate KWII, a multidimensional version of mutual information, to assess epistatic interactions; this suite of
programs can accept data on multiple SNP loci or on normally-distributed ‘quantitative’ traits (Chanda 2007, 2008, 2009 [96-98]).

-

Hu et al. (2013) [99] used a method similar to Chanda’s to assess three-way epistatic interactions between SNPs, but did not make a program
available.

-

Yee et al. (2015) [100] use a method similar to Chanda’s approach for continuous traits, but without requiring normality, by using multidimensionality
reduction methods, without explicitly providing a program.

-

‘Superlink-Online SNP’ streamlines calculations similar to Chanda’s SNP methods (Silberstein et al. 2012 [101]).
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-

‘Entropy’ has been used for information-based analysis of expression (Hausser and Strimmer 2009 [102]).

-

‘EntropyExplorer’ has been used for information-based analysis of expression (Wang et al. 2015 [103]).

-

‘CoGA’ has been used for information-based analysis of expression (Santos et al. 2015 [104]).

-

‘cummeRbund’ has been used for information-based analysis of expression (Goff 2015 [105]).

-

a suite of MDR, ViSEN and ORANGE has been used for information-based analysis of expression (Moore and Hu 2015 [106]).
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Interactive Questions
Question 1:
The q=0 diversity measures are more sensitive to rare types than q=1 or q=2 measures;
q=2 measures are very insensitive to rare types, and q=1 measures have intermediate
sensitivity to rare types. This sensitivity means that:
❍ (a) q=0 diversity measures are useful if we are concerned with conservation of rare
species
❍ (b) q=0 diversity measures are useful if we are concerned with rare alleles that may be
vital for adaptation to changing conditions
❍ (c) q=0 diversity measures can be unreliable if sampling is inadequate to reliably detect
all rare types
❍ (d) it is best to use the entire profile of diversity measures, rather than just q=0 or q=1 or
q=2

● (e) all of the above are true
Explanation:
Answer (e) is correct (so all the others are too).
Question 2:
For alpha-level (within-locality) diversity, Shannon information measures (q=1) reflect:
❍ (a) the uncertainty of the type of a single sampled individual
❍ (b) the number of ways that one could rearrange individuals of different types in a
sample

● (c) (a) AND (b)
Explanation:

-1-

Answer (c) is correct (so a and b are too). Explanation: Answer (a) is the formal
definition of Shannon information, answer (b) also happens to be true. The chance of
sampling TWO individuals of different (or the same) types relates to q=2 diversity (eg
Simpson or Heterozygosity) so is not relevant to q=1 information measures.
❍ (d) the chance of sampling two individuals that are of different types
❍ (e) the chance of sampling two individuals that are of the same type
Question 3:
For beta-level (between-locality) diversity, information-measures are based on:
❍ (a) the chance of sampling two individuals that are of different types, one from each
location
❍ (b) the chance of sampling two individuals that are of the same type, one from each
location

● (c) whether knowing an individual's type will provide information about which
locality it was sampled from

Explanation:
Answer (c) is correct – Explanation: That is what mutual information (I) is based on - it
considers sampling an individual, and asks whether knowing that individual's type
will provide information about which locality it was sampled from. This information will
be more reliable (so I will be higher) if the mix of types is more different at the two
localities (ie more diversity between localities, β). The chance of sampling TWO
individuals of the same or different types relates to the q=2 measures of beta diversity,
and the sharing of types (without considering their frequencies) is the basis of q=0 beta
diversity measures.
❍ (d) how many types are NOT shared between the two locations
❍ (e) how many types are shared between the two locations

-2-

Question 4:
In assessing whether a measure gives a reliable assessment of biodiversity, a measure
should satisfy various conditions including:
❍ (a) when all populations have identical allele sets and identical allele abundance
distributions, an among-population (beta) measure should attain a fixed minimum value
that is not constrained by the value of within-population diversity
❍ (b) when there are no shared alleles among populations, an among-population (beta)
measure should attain a fixed maximum value that is not constrained by the value of
within-population diversity
❍ (c) 'replication', which means that a within-population (alpha) diversity
measure increases linearly when equally diverse and completely distinct groups are
pooled in equal proportions
❍ (d) 'strong monotonicity', which means that increases of allelic
differentiation are always associated with an increase of a beta diversity measure

● (e) each of (a), (b), (c) and (d) is true
Explanation:
Answer (e) is correct (so all the others are too). Unfortunately, a number of measures
do not satisfy these conditions – see main text.
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