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Species detection and individual
assignment in species delimitation:
can integrative data increase efficacy?

Danielle L. Edwards' and L. Lacey Knowles?

1Department of Ecology and Evolutionary Biology, Yale University, 21 Sachem Street, New Haven (T 06520, USA
2Department of Ecology and Evolutionary Biology, The University of Michigan, Ann Arbor, MI 48109, USA

Statistical species delimitation usually relies on singular data, primarily gen-
etic, for detecting putative species and individual assignment to putative
species. Given the variety of speciation mechanisms, singular data may
not adequately represent the genetic, morphological and ecological diversity
relevant to species delimitation. We describe a methodological framework
combining multivariate and clustering techniques that uses genetic, morpho-
logical and ecological data to detect and assign individuals to putative
species. Our approach recovers a similar number of species recognized
using traditional, qualitative taxonomic approaches that are not detected
when using purely genetic methods. Furthermore, our approach detects
groupings that traditional, qualitative taxonomic approaches do not. This
empirical test suggests that our approach to detecting and assigning individ-
uals to putative species could be useful in species delimitation despite
varying levels of differentiation across genetic, phenotypic and ecological
axes. This work highlights a critical, and often overlooked, aspect of the pro-
cess of statistical species delimitation—species detection and individual
assignment. Irrespective of the species delimitation approach used, all
downstream processing relies on how individuals are initially assigned,
and the practices and statistical issues surrounding individual assignment
warrant careful consideration.

1. Introduction

Increased efficacy in species delimitation is critically important in biology given
the pending biodiversity crisis [1]. Statistical developments in species delimita-
tion, often reliant only on genetic data and not the intrinsic characters
distinguishing species, have been increasingly adopted as an approach to
meet this need [2-9]. Under traditional taxonomic practices, the discovery, deli-
neation and description of species often involves qualitative decisions on what
a species should be and are thus subjected to the implementation of various
philosophical species concepts [10,11]. Alternatively, statistical species delimita-
tion treats species as hypotheses in a statistical framework using these objective
tests to delineate evolutionarily independent lineages as species, and therefore
satisfying numerous species concepts (see [12] for review). However, the sole
use of genetic data in these methods has brought about questions regarding
the utility of these approaches to the taxonomic description of species [13],
which is the focus of ongoing debate [12-14]. Given the importance of dis-
tinguishing intrinsic characters, attempts have been made to ensure that
approaches remain integrative in empirical studies that employ statistical
species delimitation [15-17]. However, a truly integrative approach for statisti-
cally identifying species, classifying individuals and estimating the probability
that putative species represent evolutionary species remains elusive—limiting
cohesiveness between species discovery and description [12,18].

To date, statistical species delimitation methods have focused on four areas:
detecting putative species, assigning individuals to species, estimating species
relationships and estimating the probability that species are evolutionarily dis-
tinct in a coalescent-based framework. The latter two have been the focus of
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methodological advancement, involving the adoption of
coalescent-based tests of species” evolutionary independence
[7,9,19-22], and we do not focus on these here. We instead
focus on individual assignment and species detection,
which must be defined a priori in coalescent-based species
delimitation and have received nominal attention for meth-
odological advancement. Methods to detect species and
assign individuals prior to coalescent-based species delimita-
tion include clustering using genetic allele frequency data
[23], genetic distances [4] and morphological data [24].
These statistical, rather than qualitative approaches, provide
much-needed objectivity. Furthermore, the widespread avail-
ability of genetic data has created a paradigm that only
genetic data should be used for individual assignment and
species detection (e.g. [3—5,7,9]) in statistical species delimita-
tion frameworks. Nevertheless, before a purely genetic
approach to species detection and individual assignment is
adopted, we need to understand: (i) what is being sacrificed
by the failure to consider multiple data-types and (ii) if gen-
etic data are sufficient for species detection and individual
assignment. Could accuracy be improved by the addition of
multiple data-types?

Taking a single line of evidence in delimiting species may
result in undetected species or too many species [25,26].
Coalescent-based tests of evolutionary independence may be
effective at rejecting overly split hypothesized species [22],
however, given that a priori species detection and individual
assignment are typically prerequisites (excepting the heuris-
tic approach of [6]), a considerably more problematic issue
arises when putative species fail to be detected. Species may
go undetected with a purely genetic approach when species
show divergent morphologies and/or ecological niches,
which is often the case in adaptive radiations [27,28], where
vast amounts of genetic data are required to recover species
[29]. This is largely because the processes of incomplete line-
age sorting and hybridization in recent radiations interfere
with individual assignment using genetic approaches [4,23],
as would convergent morphological evolution when using
purely morphological approaches [24].

We propose a statistical approach, through modification
of existing Gaussian clustering methods, by which multiple
data-types can be used to detect putative species in a group
and then assign individuals without prior knowledge of the
number of species in a group. This approach can then be
combined with coalescent-based tests of species boundaries
[12], but specifically focuses on improving: (i) species detec-
tion and individual assignment and (ii) the cohesiveness
between species discovery and description. We compare
this method using various amounts of integrated data for
species detection and individual assignment using: (i) a gen-
etic clustering approach [23] and (ii) a qualitative, integrative
traditional taxonomic framework [8]. We test these compari-
sons in an empirical system comprising 11 Australian
amphibolurine lizard species (Ctenophorus maculatus complex
(Squamata: Agamidae)). This empirical system was chosen
considering that purely genetic data, as commonly applied
in statistical species delimitation [12], failed to recognize the
morphological and ecological diversity in this group. We pre-
dict that by directly incorporating data on morphological and
environmental components with multilocus genetic data, we
can identify putative species and assign individuals in a
statistically integrative manner, even though the level of
divergence in different data-types varies.

2. Material and methods
(a) Empirical system and taxon definition

Multilocus genetic, morphological and environmental data were
collected from 153 individuals across 11 species within the
C. maculatus species complex (see electronic supplementary
material, table S1). Species in the C. maculatus complex differen-
tiate variably across genetic, morphological and environmental
axes. The complex represents a recent, rapid radiation of species
occupying distinct ecological niches [30]. Many species are mor-
phologically distinct (see electronic supplementary material,
figure Sl)—satisfying morphological approaches—however,
shallow multilocus genetic divergences (Sp.7-10—electronic
supplementary material, figure S2) could lead to unrecognized
species lineages based solely on genetic criteria. Alternatively,
some species are morphologically indistinguishable (Sp.3 and
11—electronic supplementary material, figure S1), yet show
deep genetic divergences (see electronic supplementary material,
figure S2) that would not be recognized using morphological
methods. Variance is exemplified in non-metric multidimen-
sional scaling (NMDS) plots between species pairs using
different data-types (see electronic supplementary material,
figure S3). A taxonomic approach was used to a priori define
species whereby genetic (mtDNA lineages), geographical,
morphological and ecological data are qualitatively combined
to distinguish species [8]. This approach is hereafter termed
traditional taxonomic criteria (TTC), as it is a common integra-
tive approach used to delimit and formally describe species.
Details of the empirical morphological, ecological and genetic
data used are given in the electronic supplementary material.
All analyses were conducted using add-on packages within
the R statistical package (http://www.r-project.org/), unless
otherwise stated.

(b) Gaussian clustering

Gaussian clustering methods, in combination with multivariate
approaches, allow incorporation of information from integrated
data in a statistical framework. Individual pairwise Gower
distances [31] were calculated for environmental and morphologi-
cal data (daisy, cluster package [32]). Individual pairwise genetic
distances were calculated using MEGA v. 5.0 [33] with a Jukes
Cantor correction [34] to account for multiple substitutions. Gen-
etic distances for individual loci were divided by mean pairwise
distances to account for differences in substitution rates among
loci. Distances across phased haplotypes within individuals were
averaged and individual distances were averaged across loci. Dis-
tance matrices for each data-type were standardized using NMDS
(isoMDS, MASS package [35]) prior to further analysis. The rec-
ommendations of Hausdorf & Hennig [4] were followed such
that four dimensions for each data-type were retained, ensuring
that no more than five individuals were required to recognize a
cluster. NMDS stress values were generally below 10%, with an
absolute maximum of 20%. Combined data consisted of combin-
ing two (environmental and genetic, E + G; morphological and
geneticc, M+ G) and all (morphological, environmental and
genetic—M + E + G) data-types, by concatenating the four
NMDS dimensions for each dataset.

(c) Clustering of individuals using allele frequency data
Clustering using allele frequency data was undertaken using the
program STRUCTURAMA [23], a commonly used approach for
detecting species clusters and assigning individuals in species
delimitation [12]. Multilocus genetic data were converted to hap-
lotypic frequencies, and STRUCTURAMA v. 1.0 [23] was run for
10 million generations, sampling every 100th cycle with 10 000
samples discarded as burn-in. A range of prior values was
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used for the shape and scale values of the gamma distribution of
k (shape :scale—2.5:0.5,2.5:1,5:2,10:1). The number of popu-
lations (k) was treated as a random variable and the k with the
highest probability was chosen with probabilities of cluster
assignment used to assign individuals to a species cluster.

(d) Bayesian species delimitation

Bayesian species delimitation has been shown to perform well in
delimiting species in broad range of divergence scenarios [36]. We
used Bayesian species delimitation here (BPP v. 2.1 [22]) to estimate
the posterior probabilities of species clusters using multilocus gen-
etic data. Guide tree topologies were obtained from *BEAST [21];
the results from three individual species-tree analyses were com-
bined (50 million generations/run, sampling every 1000 with a
10% burnin) after removing the burnin using LogCombiner [37].
Log files were checked for stationarity, high effective sample size
(ESS) values confirmed convergence, and species trees were sum-
marized using TreeAnnotator [37]. BPP v. 2.1 [22] was run for
2.5 million reversible jump Markov chain Monte Carlo (jMCMC)
generations sampling every five generations, using algorithm 1
with &€ = 15. Values for 6 (ancestral population size) and 7 (root
age) impact the posterior probabilities and therefore number of
species delimited using BPP [22], therefore, we employed a range
of prior distributions for # and 7 (6 and 7= 1:10, 2:400, 2 :2000
and #=1:10 and 7= 2:2000). Low values for priors (i.e. 1:10)
generally infer large population sizes and deep divergences,
whereas higher values infer small population sizes and shallow
divergences for 6 and 7, respectively.

(e) Comparing singular and integrative data in

distinguishing traditional taxonomic criteria species
To compare the ability of the singular and integrative datasets to
detect species, we used linear discriminant function analyses
(DFA) to assess the information content of each dataset in
distinguishing among TTC-defined species. While testing
informativeness using TTC delineation appears arbitrary, it is
nevertheless unavoidable when testing new methods using empiri-
cal datasets [4,5,22]. Individuals were categorized as being TTC
assigned (posterior probability (PP)> 0.95; assigned to their
TTC species), differently assigned (PP > 0.95; assigned to a species
it was not designated to under TTC), or unassigned (PP < 0.95; not
assigned to any species).

(f) Comparing singular and integrative data
in detecting species clusters

We compared the species detection and individual assignment of
Gaussian clustering, using singular and integrated data, to allele
frequency clustering using TTC assignment as a benchmark. In
using TTC species as a benchmark, we potentially misclassified
species/individuals, however the comparison is unavoidable
when using empirical datasets as historically taxonomies have
inevitably been determined under qualitative frameworks
[4,5,22]. Gaussian clustering of NMDS dimensions (mclust pack-
age [38]) was used to detect species clusters, with the number of
clusters determined using the Bayesian Information Criterion
(BIC). Noise in the standardized dimensional data was
accounted for using noise” estimation (NNclean, prabclus pack-
age [4]). The choice of a k tuning constant for noise estimation
was four, enabling cluster detection with few individuals [4].
Gaussian clustering was carried out on genetic, environ-
mental and morphological singular data in addition to three
integrated datasets. To assess the ability of each data-type to
recover TTC-defined species, individuals were categorized as:
assigned to TTC species (PP >0.95), different assignment
(assigned to a species it not designated under TTC; PP > 0.95),

O unassigned
| different assignment
B TTC assignment
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Figure 1. DFA showing the power of singular and integrative data in distinguish-
ing among TTC species. The proportions of individuals assigned to their TTC
species, unassigned or assigned to a species other than their TTC species, are
shown. Male (") and female () morphological data were analysed separately.
G, genetic data; E, environmental data; M, morphological data.

unassigned (unassigned to any species; PP > 0.95) or unrecog-
nized (where species delimited using TTC were unrecognized).
Clusters and subsequent individual assignment were then used
to assess the probabilities of species boundaries using BPP v.
2.1 [22] implementing a *BEAST [21] guide topology. Analyses
were based on male complete integrative data (M +E + G)
given the limitations of using morphological data in sexually
dimorphic species, and considering that secondary sexual charac-
teristics largely distinguish species [39]. Unsupported nodes
(PP < 0.95 for 2/4 6 and 7 priors) were collapsed.

3. Results

NMDS stress values for each data-type were below 10%,
excepting male environmental data, which did not exceed
the maximal limit of 20% (see electronic supplementary
material, table S2). DFA results indicate that singular data
could not distinguish TTC species in comparison with inte-
grated data (figure 1). In general, M+ E + G data were
more effective at recovering TTC assigned males than other
integrated data (M + G and E + G). M + G data were slightly
more effective at recovering TTC assignment for females
than M + E + G data (figure 1). For males, M + E + G data
minimize differently classified and unassigned individuals.
Clusters detected generally fell below the number of TTC
species (figure 2a). Genetic allele frequency clustering indi-
cated six clusters (see electronic supplementary material,
table S4) with stable individual assignment across prior sets.
Gaussian clustering of environmental data, male M+ G
data, and female and male M+ E 4+ G data were either
above or close to a similar number of clusters to TTC assign-
ment. High levels of unassigned, differently assigned
individuals and unrecognized TTC species were prevalent
using singular data (figure 2b). Integrated data minimized
unassigned individuals, and more often statistically assigned
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Figure 2. Clusters inferred using different methods and data (a) relative
to TTC species (dotted line). Shown are individuals unassigned to a species,
in a TTC species unrecognized by dlustering, assigned correctly to TTC
species, and assigned to a different species than specified by TTC (b).
Male (F') and female (@) morphological data were analysed separately.
G, genetic data; E, environmental data; M, morphological data; (F), allele fre-
quency clustering; (G), Gaussian clustering genetic data.

individuals to their TTC species compared to singular data
and allele frequency clustering (figure 2b). For M+ E + G
data, males showed higher levels of TTC assignment than
females, while the highest proportional TTC assignment was
for female M+ G data. Given the limited sampling for
females, we used clustering of male M + E + G data for sub-
sequent analyses. Individual assignment differed from TTC
assignment using male M + E + G data in a small number
of cases, specifically where samples from different TTC species
were geographically proximate, in parapatry (e.g. Sp.4 and 5)
or where samples were separated by a sampling gap (see
electronic supplementary material, figure S4). To explore the
effect of alternative groupings, we analysed the data using
both strict assignment to cluster, as well as the removal of
individuals with a different assignment to that under TTC.
TTC species were well supported for all § and 7 priors
(figure 3a). Bayesian species delimitation of allele frequency
clustering inferred six putative well-supported species with
6 and 7=1:10, and §=1:10 and 7=2:2000 (figure 3b),
but no support for Sp.4-10 when 6 and 7=2:400 and
2: 2000, respectively. These analyses did not mix well despite
a range of starting and automatic tuning of fine-tune par-
ameters, probably related to errors in individual assignment
and the resulting guide tree used in coalescent-based species
delimitation [20]. One collapsed clade potentially encom-
passes four TTC species, while several others represent two
distinct TTC species (figure 3b). However, if priors for 6

and 7=2:400 and 2:2000 were assumed, up to seven n

species may be collapsed.

The topology of the species trees obtained using TTC
(figure 3a) and integrative clustering techniques with
(figure 3c) and without potentially misclassified individuals
removed (figure 3d) shows only slight topological differences
among some closely related species, namely between Sp.6 and
Sp.9. Removing individuals with a different TTC assignment
from integrative clustering resulted in the statistical support
for the species split between Sp.4 and Sp.5 (figure 3c,d), which
is equivalent to the support for the split between Sp.4 and
Sp.5 under TTC (figure 3a). Differences between TTC and inte-
grative assignment highlight a relationship between some
populations of Sp.3 (Sp.3a—figure 3) and Sp.2 that was not
recognized under TTC (figure 3a).

4. Discussion

Despite the widespread use of genetic data for species detec-
tion and individual assignment [2-9], we were unable to
recover TTC species utilizing genetic data alone, irrespective
of the method used (figures 1 and 2). While this may indicate
low genetic signal, we find genetic support for more finely
split species using TTC and integrative clustering (figure 3).
Purely genetic methods can inadequately describe diversity
[28] and require significant amounts of genetic data (well
beyond that typically used in species delimitation [40]) to
delimit rapid radiations diverging along ecological /morpho-
logical axes [29]. This suggests that the evolutionary
processes underlying the speciation of diverse groups, often
the subject of species delimitation studies, may impact the
ability to detect species and assign individuals using a
single data-type alone—in this case genetic data, but also
using morphological data alone [17].

The data used for detecting species and assigning
individuals are likely to have broad impacts on efficacy.
Hybridization and/or incomplete lineage sorting, often associ-
ated with rapid radiation, could cause reduced resolution of
species detection using genetic data [41], even though species
trees can be reconstructed under these scenarios [42,43]. A
tiered sampling strategy involving microsatellite/SNP data
may enable hybrid detection and exclusion [44]. Indeed, these
methods may be more suited in detecting species and assigning
individuals compared with the current practice of using lower
resolution sequence data, but are often intractable for large deli-
mitation studies. Broad-scale environmental variables, used
here, may not adequately distinguish between sympatric species
occupying differential microhabitats for which finer-scale micro-
habitat data may be more appropriate [45]. Morphological data,
as demonstrated in our study (see also [24]), represent a valuable
resource for species detection and individual assignment but
should be informative with respect to phenotypic divergences
among species. Collectively, these results highlight the impor-
tance of consistent sampling strategies and informative data in
species delimitation studies.

While integrative data recovered species and assigned
individuals similar to the qualitative taxonomic framework
(TTC), many species were not detected using singular data-
types, including when allele frequency clustering methods
were used (figure 2). While caution should be taken in
interpretation of a single dataset, the incorporation of a stat-
istically integrative approach to detecting species is likely to
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Figure 3. Species delimitation for TTC delimited (a), allele frequency species (b), along with species inferred from Gaussian clustering of male data strictly (c), and with
misclassified individuals removed (). Unsupported nodes (PP > 0.95 for 2/4 6 and  prior combinations) were collapsed. Priors for 6 and 7 are shown in the following
order for 6 and 7= 1:10, 2:400 and 2 : 2000, and then 6—1:10 and 7= 2: 2000. Asterisk (*)—marks nodes supported by only two combinations of 6 and 7.

have wide utility for species delimitation, especially when
divergence varies across phenotypic, genetic and ecological
axes. While debate over species concepts is ongoing [10,11],
there is consensus regarding the importance of the evolution-
ary independence of species [10,12] and the need for an

integrative taxonomy. Using an integrative statistical frame-
work for species discovery and delineation, as proposed
herein, allows for the statistical inclusion of variance in intrin-
sic characters in species discovery—which may then be used
to describe species. Furthermore, using an objective statistical
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approach can also circumvent taxonomic inflation related to
the adoption of different species concepts in qualitative
taxonomic frameworks [46].

While the proposed integrative approach has the potential
to improve the detection of species, it did not assign individ-
uals to the correct group 100% of the time, if TTC
assignment is taken as a benchmark (figure 2). We concede
that in using TTC as a benchmark we potentially misclassify
species/individuals, however the comparison is unavoidable
when using empirical datasets, as taxonomies historically
have been determined under qualitative frameworks [4,22].
Nevertheless, this comparison can provide valuable insights
into the limitations of our statistically integrative method.
For example, individuals close to species boundaries or
geographically separated were often assigned to a different
species compared with TTC assignment. Similarly, individuals
in areas of parapatry and potential hybridization have dubious
individual assignment (figure 3 and electronic supplementary
material, S4). Our method may be sensitive to gaps in geo-
graphical sampling and outliers (e.g. hybrids) that may skew
results. Outlier individuals are likely to impact species detec-
tion and individual assignment regardless of the method
employed, and the sensitivity of our method in comparison
to other delimitation methods [2,3,6] requires further attention.

There were only minor differences in the species delimited
and topological relationships inferred between integrative and
qualitative TTC methods of species detection and individual
assignment (figure 3). Differences in the topological relation-
ships among the different methods (figure 3) could be driven
by differences in individual assignment [21], or by differences
in the number of individuals included for each species [47]. By
excluding individuals that had a different assignment in inte-
grative clustering compared with their TTC assignment, the
split between Sp.4 and 5 was recovered. These species are
recently diverged with only secondary sexual characteristics
distinguishing the two [30], which emphasizes the impact of
recent divergence and potential hybridization on species detec-
tion and individual assignment. Additionally, integrative
clustering detected a cluster within Sp.3 that is possibly more
closely related to Sp.2 and unrecognized by TTC. This may
indicate that our integrative framework is sensitive to over-
splitting as opposed to under-detection, or that the current
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