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Abstract
1. Ecological niche modelling (ENM) is used widely to aid in conservation planning and
management, often focusing on rare species characterized by the biased observa-
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sampling bias, such as model inaccuracy and overfitting. Here, using virtual
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for such species is a challenge, however, owing to issues that arise from spatial
scenarios, we assess the utility of integrating occurrence data for closely related
species with varying degrees of niche overlap into ENMs of focal species.
2. We consider two approaches to merge related and focal species models: integrating occurrences of focal and related species directly as inputs with which to generate ENMs, vs. creating ENMs based on occurrences of focal and related species
separately and merging results based on Bayesian inference approaches.
3. Both single, integrated models and Bayesian inference approaches performed
better than models based on focal species only when niche overlap between the
focal and related species was large, across ENM algorithms examined. While
assessing sensitivity and specificity separately, the performances of the two
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integration approaches over different ENM algorithms were complicated.
4. The results of the study offer a novel way forward in managing the challenge of
creating useful, predictive models even for the rarest species, taking advantage of
the reasonably general property of niche conservatism over small-to-moderate
amounts of evolutionary time.
KEYWORDS

accessibility-limited species, biotic interaction, fundamental niche, niche overlap, rare species,
realized niche

1 | INTRODUCTION

have increased dramatically in recent years (Guisan et al., 2013;

Ecological niche modelling (ENM), also known as species distribu-

particularly those that address research questions related to con-

tion modelling (SDM), has become a key tool in ecology, biogeogra-

servation (Franklin, Wejnert, Hathaway, Rochester, & Fisher, 2009;

phy, and conservation biology, and has been used widely to estimate

Guisan & Thuiller, 2005; Peterson et al., 2011; Wiens et al., 2010).

ecological niches and predict potential geographic distributions

However, ongoing debate centres on model accuracy (e.g. Guillera-

of species (Guillera-Arroita et al., 2015; Guisan & Thuiller, 2005;

Arroita et al., 2015; Joppa et al., 2013), which stems from compar-

Guisan et al., 2013; Pearman, Guisan, Broennimann, & Randin,

isons of model performance and evaluation metrics across diverse

2008; Peterson et al., 2011). Numbers of publications using ENM

algorithms and applications (Elith et al., 2006; Meynard & Kaplan,
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2013; Qiao, Soberón, & Peterson, 2015). Among issues debated is

under accessibility-limited situations (Saupe et al., 2012). Even if oc-

how best to deal with biased occurrence datasets, particularly for

currences can be collected across the entire distribution of the species,

rare and threatened species (Engler, Guisan, & Rechsteiner, 2004;

it may be still difficult to estimate the fundamental niche accurately,

Feeley & Silman, 2011; Guisan et al., 2013; Kamino et al., 2012;

because the realized distribution contains environmental information

Lobo & Tognelli, 2011; Stokland, Halvorsen, & Støa, 2011; Warren,

only for a part of the fundamental niche (Qiao et al., 2015; Saupe

Wright, Seifert, & Shaffer, 2014).

et al., 2012). In such situations, the researcher must either accept low-

The ability to generalize and predict distributions of species de-

quality models, or take steps to extend the model to approximate the

pends on characterizing the fundamental niche vs. the more restricted

fundamental niche as closely as possible. Such low-quality models may

realized niche sensu Peterson et al. (2011). The fundamental niche is

also plague cryptic species, which are not rare, but biodiversity data

defined as the set of combinations of abiotic environmental conditions

are sparse because their detection probabilities are low.

under which a species can survive and maintain populations without

Fundamental niche overlap, in terms of broad similarity in environ-

immigrational subsidy. The fundamental niche has been suggested

mental responses, between species can range from complete to null;

to be a lineage-specific trait that is stable both within and across lin-

a broad body of empirical evidence indicates that fundamental niches

eages (Peterson, Soberón, & Sánchez-Cordero, 1999; Saupe et al.,

of close phylogenetic relatives will often be very similar (Peterson,

2014; Strubbe, Broennimann, Chiron, & Matthysen, 2013). The real-

2011; Peterson et al., 1999; Petitpierre et al., 2012). If niche over-

ized niche, on the other hand, represents a two-part reduction of the

lap between two species is large (Figure 1a,b), which we can term

fundamental niche: firstly by accessibility to yield the existing niche,

as a focal species X and a niche-similar species Y, occurrences of

and then by biotic interactions to give the realized niche. As such, the

species Y can contribute to characterizations of the niche of species

realized niche can change more easily in light of biotic interactions,

X (Figure 1a). Even if species Y occurs in some regions representing

availability of suitable environments, and dispersal barriers. Indeed,

conditions outside of the fundamental niche of species X (Figure 1b),

the realized niche often will not be representative of the full dimen-

ENMs based on these occurrences may be acceptable when commis-

sions of the fundamental niche (Peterson, 2011).

sion error (i.e. non-habitable areas indicated in model predictions) is

Ecological niche modellings work well if a species is sampled fully

low. Conservatism of ecological niches is a pattern that refers to the

and can access all suitable conditions (i.e. environmentally limited

tendency of closely related species to have niches more similar than

species; Saupe et al., 2012). However, ENMs encounter trouble in es-

with more distantly related species, is well-documented (Peterson,

timating the fundamental niche if abiotic, biotic or dispersal consider-

2011; Peterson et al., 1999; Pyron, Costa, Patten, & Burbrink, 2015;

ations act to limit distributions (The “BAM” Biotic-Abiotic-Movement

Warren, Glor, & Turelli, 2008; Wiens, 2004; Wiens et al., 2010). Even

Framework), because observable conditions may only reflect parts of

when the closely related species occur in different geographic re-

the fundamental niche. The biggest challenge for ENMs is when distri-

gions, they generally possess fundamental tolerances similar to those

butional limitations are related exclusively to dispersal and/or access

of the focal species.

considerations rather than by abiotic conditions (i.e. accessibility-

Here, we explore and assess the possibility that useful additional

limited species), because it is hard for ENMs to detect the limits of the

occurrence data can be derived from closely-related species to enrich

fundamental niche with respect to individual environmental dimen-

and improve niche models for rare species. This term, related species,

sions (Qiao et al., 2015; Saupe et al., 2012).

in this context, refers to those that exhibit varying degrees of over-

Often, rare and limited-range species, either those that are rare

lap in fundamental niche space. We can calculate degree of overlap

naturally or those that are rare as a result of human impacts, are

from occurrence records (Chen, Xue, Chen, Fink, & Gomes, 2017), or

accessibility-limited, characterized by restricted geographic ranges,

approximate it using phylogenetic similarity (Morales-Castilla, Davies,

with limits set by dispersal barriers (e.g. island species), or by sharp hab-

Pearse, & Peres-Neto, 2017; Nogués-Bravo et al., 2016); because

itat breaks (Hu & Jiang, 2010; Lavergne, Thuiller, Molina, & Debussche,

phylogenetic similarity and fundamental niche overlap are often highly

2005; Lomba et al., 2010). Such species raise the highest concern in

correlated, in this article, we use the term “related species” as short-

the scientific community and international conservation circles (Engler

hand for “overlapping fundamental niche” species, which will often be

et al., 2004; Guisan et al., 2013; Hu & Jiang, 2011). As such, to aid in

close phylogenetic relatives. Specifically, we test the hypothesis that

monitoring and conservation management, those species are most in

predictive performance of ENMs for species can be improved by as-

need of ENM insights, to determine how climate change and human

similating data from related species into ENMs when otherwise only

activities may threaten them further (Engler et al., 2004; Guisan et al.,

limited occurrence data are available for the focal species. We use a

2006, 2013; Hu, Hu, & Jiang, 2010).

series of simulated, virtual species, such that the true fundamental

To permit reliable predictions of the distributions of rare species,

niches and distributions are known, rather than inferred, and model

the principal target is to estimate the fundamental niche in ENMs.

performance can be measured precisely (Broennimann et al., 2012;

However, this proposition remains a significant challenge (Boria, Olson,

Meynard & Kaplan, 2013; Moudrý, 2015; Qiao et al., 2015). Our ef-

Goodman, & Anderson, 2014; Breiner, Guisan, Bergamini, & Nobis,

forts provide insight into the mismatch between the need to model

2015; Lomba et al., 2010; Syfert, Smith, & Coomes, 2013; Varela et al.,

niches and distributions of rare species for conservation purposes

2014), thanks to issues that arise from restricted geographic distribu-

and the inherent difficulty in modelling them (Breiner et al., 2015;

tions and limited availability of environmental conditions, particularly

Guisan et al., 2013; Lomba et al., 2010). The results can be applied
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F I G U R E 1 Different possible configurations encountered when assimilating occurrence data of related species into ecological niche models
(ENMs). (a–e) The red dots and circles represent the focal species, while the blue dots and circles represent the related species. The dashed circle
indicates a species’ fundamental niche; dots, occurrence data; the red solid circle, the ENM of the focal species based on its occurrences; black
ellipse, the new ENM based on occurrences of both the focal and related species. Type I error is represented by the region in the red dashed
circle and outside the black ellipse, namely within the fundamental niche, but which was not predicted successfully (omission area). Type II or
commission error, on the other hand, is represented by the region outside the red dashed circle and in the black ellipse, namely the regions of
model outputs outside the fundamental niche. (a) The fundamental niche of the focal species has a large overlap with the related species; all
occurrences of additional related species are in the fundamental niche of the focal species. (b) The fundamental niche of the focal species has a
large overlap with the related species; some of the occurrences of additional related species are in the fundamental niche of the focal species.
(c–e) The fundamental niche of the focal species has lower overlap with the related species. (c) No occurrences are in the overlap area. (d) All the
occurrences appear in the overlap area. (e) Most occurrences of the related species are in the overlap area
in improving conservation strategies at distinct spatial and temporal
scales for rare species.

overlap between X and R1–10. The fundamental niches of the virtual
species were delineated as ellipsoids in a three-dimensional environmental space (Qiao et al., 2015). We simulated 10 pairs of virtual spe-

2 | MATERIALS AND METHODS
2.1 | Study system: virtual species and bias scenario

cies by arranging the fundamental niche of the virtual focal species X
(red ellipse; Figure 3a) on the left of the environmental space and the
virtual related species on the right of X, with niche overlaps decreasing until null between the focal and related species (Figure 3b). We

A robust test of the above theoretical framework requires entities

used the Jaccard similarity coefficient (Equation S1) (Jaccard, 1912) to

that have distributions determined by known environmental param-

measure niche overlap between the focal and related species in envi-

eters with known levels of niche overlap. We used virtual species to

ronmental space.

evaluate aspects of ENM performance under these circumstances,

To simulate a biased occurrence scenario, we split the study

which has proven an effective method (Broennimann et al., 2012;

area into a 10 × 10 chessboard (Figure 2). For each virtual species,

Miller, 2014; Moudrý, 2015; Qiao et al., 2015; Saupe et al., 2012). The

we selected 10 cells from the chessboard randomly and took these

study area was delimited as a polygon (95–110°E and 25–40°N) over

to represent the virtual distribution of the species (corresponding to

the region covering the southeastern Qinghai-Tibetan Plateau and

the realized niche in environmental space). If all 10 random cells fell

Qinling Mountains (Figure 2). This region includes one of the world’s

outside the distribution of the virtual species, we abandoned it and

most species-rich ecosystems, and spans three biodiversity hotspots:

re-selected another 10 cells. This process was repeated 10 times. For

Himalaya, Indo-Burma, and the mountains of southwestern China

each replication, when the number of occurrences of a virtual species

(Conservation International, 2011).

in selected cells was larger than 100, we then chose 100 occurrences

We used 19 bioclimatic variables from WorldClim version 1.4 (spatial resolution 30″; Hijmans, Cameron, Parra, Jones, & Jarvis, 2005) as

at random as training data to construct ENMs. Otherwise, we used all
occurrences as the training set.

an environmental space. Because many of these variables were highly
correlated, we performed a principal component analysis (PCA), and
confined analyses to the first three principal components, which ex-

2.2 | Ecological niche models

plained 92.3% of the overall variance (Figure S1). Within the study

Using only a single modelling algorithm for niche estimations will

area, we created 11 virtual species (one focal species X and 10 “re-

often result in poor model fit (Guillera-Arroita et al., 2015; Joppa

lated” species, R1–10). These 10 related species represent a gradient

et al., 2013; Qiao et al., 2015). Consequently, we estimated ecological

of possible comparators from high to low niche overlap. Figure 3a and

niches using three algorithms: maximum entropy in MaxEnt v3.3.3k

Supporting Information S2 illustrate the varying amounts of niche

(Phillips, Anderson, & Schapire, 2006), generalized linear models
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the focal species only. P(SR) is the original set of probabilities from the
ENM based on the occurrences of the related species only. P(SX|SR) is
the probability that the proportion of niche space was occupied by the
focal species but also occupied by the related species. The adjusted
probabilities for the focal species (termed P(SX)′) are equal to the original probabilities plus the posterior probability after integrating the
related species.
We evaluated whether the merged occurrence information improved ENM results by assessing aspects of their classification and
discrimination capacity by comparing the estimated distribution with
the true distribution from the simulation. We calculated sensitivity
(Equation S2), specificity (Equation S3) (Fielding & Bell, 1997), true
skill statistics (TSS, Equation S4) (Allouche, Tsoar, & Kadmon, 2006),
and Cohen’s Kappa (Equation S5) (Fielding & Bell, 1997) for each
combination (method × focal species × related species). Sensitivity
and specificity are statistical measures of the performance of a binary
classification test: sensitivity measures the proportion of positives
that are correctly identified, and specificity measures the proportion
of negatives that are correctly identified (Fielding & Bell, 1997). TSS
has significant advantages over Kappa in that it is not dependent on
the balance of presence and absence (Allouche et al., 2006), but both
indices mix the contrasting behaviour of sensitivity and specificity.
Good classification is indicated by high sensitivity, specificity, TSS and
Kappa values.

3 | RESULTS
3.1 | Kappa and TSS
F I G U R E 2 A 10 × 10 checkerboard for the study area. The study
area is divided into 100 parts. The 10 white-masked cells are one
set of the randomly chosen cells used to generate the occurrence
samples for the virtual species

Kappa and TSS values generally increased with greater fundamental niche overlap between the focal and related species, except for
MaxEnt under Approach 2 (Figure 4). Compared with models of the
focal species only (black points), performance of the GLM algorithm
improved when large-overlap related species were added (R1–2), but

(GLM) (MacCullagh & Nelder, 1989), and random forests (RF) (Cutler

decreased when the related species had only small overlap (R8–10);

et al., 2007) in BIOMOD2 (Thuiller, Lafourcade, Engler, & Araújo,

the other related species performed differently depending on the in-

2009). Model results were thresholded using the least training pres-

tegration approach (Figure 4a,b). Similar results were obtained using

ence method, which is appropriate because no error exists in our

MaxEnt (Figure 4c,d). For RF, both integration approaches increased

assignments of niche membership (Saupe et al., 2012).

Kappa and TSS values for most related species (R1–7; Figure 4e,f).
Altogether, assimilating data from related species, when niche overlap

2.3 | Integration

was broad (R1–2), improved model performance for both integration

We used two approaches for merging information from each of the

TSS indices among algorithms.

approaches and all ENM algorithms; GLM had the highest Kappa and

10 related species with that for the focal species. Firstly, we combined
occurrences of the focal and related species directly to generate single
ENMs (Approach 1). Secondly, we created separate ENMs based on

3.2 | Sensitivity and specificity

the occurrences from the focal and related species individually, and

The evaluation metrics presented thus far mix two concepts in single

merged the results with the following formula based on Bayesian in-

metrics: proportion of suitable area correctly identified as such (sensi-

ference (Approach 2):

tivity or avoidance of type I error), and proportion of unsuitable area

P(SX )� = P(SX ) + P(SR ) × P(SX |SR )

(1)

correctly identified as such (specificity or avoidance of type II error).
These challenges are distinctly different from one another (Qiao et al.,

where SX is the focal species and SR is the related species. P(SX) indicates

2015), so we assessed them separately (Figure 5). As fundamental

the original probabilities from the ENM based on the occurrences for

niche overlap increased between focal and related species, values of
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F I G U R E 3 Illustrating fundamental niches of virtual focal and related species. The left-hand panel represents the distribution of
environmental combinations with respect to the first two principal components of the environmental space across the study area (gray dots).
Niches are shown as ellipses. The red ellipse represents the virtual focal species, whereas the blue ellipses are the 10 virtual related species
(R1–10) whose fundamental niches have large to null overlaps with the focal niche. Details of the virtual species are provided in the Supporting
information S1. In right-hand panel, the overlaps between the focal and related species are measured via Jaccard similarity coefficients
sensitivity increased for all three ENM algorithms under Approach

all modelling algorithms and integration approaches, no matter what

1 (Figure 5a,c,e), whereas specificity increased only for GLM and

metric was used for assessment.

MaxEnt under Approach 2 (Figure 5b,d,f). Compared with those from

The question, however, is how much niche overlap is required

models of the focal species only (black points), for both GLM and

between the focal and related species to obtain these improvements

MaxEnt, values of specificity improved irrespective of whether niche

in ENM quality. Degree of niche overlap could be quantified directly

overlap was large or small, but sensitivity improved only when inte-

in our study, since we used virtual species with known fundamental

grating high-overlap related species (R1–2; Figure 5a–d). RF showed

niches. When the Jaccard similarity coefficient was >0.6 (i.e. R1–2),

a contrasting result: sensitivity improved with most related species

model results were particularly desirable. For real-world species, how-

(R1–7), but specificity improved only for related species with large

ever, Jaccard similarity coefficients cannot be measured, although al-

overlap (R1–3; Figure 5e,f).

ternatives exist, including ENMTools (Warren, Glor, & Turelli, 2010);
Gaussian kernels (Broennimann et al., 2012), appropriate transforma-

4 | DISCUSSION

tions and probability models (Geange, Pledger, Burns, & Shima, 2011),
and Bayesian frameworks (Swanson et al., 2015). An important caveat,
however, to these existing methods is that many of these options can

Our results confirm that ENM performance can be improved substan-

be misleading or uninformative, particularly when speciation is allopat-

tially by integrating data from related species with data for the focal

ric and/or there is little overlap between the available environments in

species when niche overlap is large. These results held across all inte-

different species’ ranges (Hu, Jiang, Chen, & Qiao, 2015; Qiao, Escobar

gration approaches and modelling techniques that are examined. Rare

& Peterson 2017; Warren, Cardillo, Rosauer, & Bolnick, 2014; Warren

species are difficult to model because they are typically characterized

et al., 2008). With that said, if the question at hand is not sensitive to

by small numbers of records and biased occurrences (Lomba et al.,

performance of specificity, integrating related species into rare focal

2010), which can lead to model overfitting and inaccurate predictions

species models may improve performance of ENMs even if niche over-

(Breiner et al., 2015; Guisan et al., 2006; Hernandez, Graham, Master,

lap is low (i.e. <0.6). To be sure, in our experiments, we can only give

& Albert, 2006; Hu et al., 2016; Wisz et al., 2008). Our results are

qualitative cut-off values; more experiments are needed to explore

consistent with the finding that integrated models can perform bet-

suitable cutoff values in real-world situations.

ter than models based on the focal species only: the two integration

In addition to choosing an appropriate cut-off, it may be difficult

approaches improved performance of ENMs when niche overlap was

to determine accurately whether two taxa exhibit niche conserva-

large between the focal and related species. Results obtained using

tism without first constructing ENMs. Doing so, of course, is prob-

our framework are robust statistically and potentially more informa-

lematic when one species lacks sufficient data. A potential solution

tive than the “typical” ENM of rare species based on the focal species

to this potential problem is examination of patterns of niche evolu-

only. Performance was improved when niche overlap was large for

tion in closely related members of the group. That is, if comparisons

QIAO et al.
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F I G U R E 4 Assessment of the performance of ecological niche models (ENMs) using Cohen’s kappa and true skill statistics (TSS) in
integrating occurrences of related species. In all panels, we show the average ±95% confidence error. Top row: occurrences are merged before
generating ENMs (Approach 1). Bottom row: ENMs are generated individually and results merged via Bayesian inference (Approach 2). The black
points with two crossed dashed lines are the values calculated from model results for the focal species alone
between most or all taxa within a clade exhibit high degrees of niche

species. The novelty lies in that our framework proved the feasi-

overlap, more confidence can be afforded that niche overlap will be

bility of assimilating related species data into ENMs to improve

high between these taxa and the rare taxon of interest. Moreover,

predictive performance in theory, and also provided the combin-

although rare species are limited in their data, the data that exist

ing criterion, namely the use of niche overlap. The agent of niche

can be used to test at least preliminarily whether two taxa overlap

overlap, which is relevant to species’ co-occurrence relationship,

in their niche dimensions to a sufficient degree (i.e. >0.6). In general,

was not identified specifically, but phylogenetic relationship is the

these concerns may be minimal given the overwhelming empirical

easiest to understand (Morales-Castilla et al., 2017). Along with

support for niche conservatism (Peterson, 2011; Peterson et al.,

research on the species’ co-occurrence, more assumptions, such

1999; Pyron et al., 2015; Warren et al., 2008; Wiens, 2004; Wiens

as parasitism and/or predation, can be explored. These ideas are

et al., 2010).

of particular relevance in conservation applications, as rare species

In conclusion, we propose a novel framework of supplement-

are often restricted geographically, even if the environmental space

ing occurrence data for rare species. The idea of pooling species

is suitable elsewhere for them. Our framework can be valuable in

data is not new and has been implemented to improve model per-

guiding future developments in distributional ecology supporting

formance recently (e.g. Chen et al., 2017; Morales-Castilla et al.,

more reliable projections and forecasts of future species distribu-

2017; Nogués-Bravo et al., 2016). No study, however, has sys-

tion under scenarios of environmental change (Guisan & Thuiller,

tematically addressed the utility of integrating occurrence data

2005; Romero, Olivero, Márquez, Báez, & Real, 2014). These results

for closely related species with varying degrees of niche overlap

echo previous work with undiscovered species, and how their

into ENMs of focal species. We provide a novel framework to do

detection could be promoted with ENM approaches (Peterson &

so using Bayesian inference, and quantify its efficacy using virtual

Navarro-Sigüenza, 2009; Raxworthy et al., 2003). As with all novel
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F I G U R E 5 Changes in the sensitivity and specificity values of ecological niche models (ENMs) when integrating occurrences of related
species. In all panels, we show the average ±95% confidence error. Top row: occurrences are merged before generating ENMs (Approach 1).
Bottom row: ENMs are generated individually and results merged via Bayesian inference (Approach 2). The black points with two crossed
dashed lines are the values calculated from model results for the focal species alone
approaches, however, further testing over a wide range of real rarity
types, geographic regions, and environments is recommended before real decisions based on the projections and forecasts of the
new framework presented here can be put into practice.
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