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Summary

Amphibians are among the most highly threatened lineages, with at least 2,000
species estimated to be in danger of extinction . Alarmingly, another ~2,200
species (~¥25% of all ~7,900 known species) are dbBata-—dBeficient—{BB} or Not
Evaluated (hereinafter termed data-deficientBB) by the IUCN . Without an

estimate of their status, data-deficient BB—species are usually overlooked in

conservation planning and resource allocation [3]. Amphibians have the highest

proportion of data-deficient BB—species of any vertebrate group , which
highlights the need to estimate their threat status considering potentially imminent
extinctions. We apply a trait-based spatio-phylogenetic statistical framework to

predict threat status for data-deficientBB- species. Since ecological, geographical, and

evolutionary attributes increase extinction risk [6)|7], we used geographic distribution

data [1//8], phylogenetically imputed ecological tréits, and an amphibian phylogeny E’

to provide initial baseline predictions. We estimate that half of the ~2,200 BBdata-
deficient species are threatened with extinction (Vulnerable, Endangered, or Critically
Endangered), primarily in the Neotropics and Southeast Asia. This increases the
number of amphibian species estimated to be threatened with extinction by ~50%. Of
these, we predict that ~500 species are Endangered or Critically Endangered, and
three may be extinct already. We highlight families that are most at risk and suggest
where urgent conservation is needed to avert their loss. We show that some of the
most vulnerable species may also be the most poorly known and offer an analytical
framework for preliminary analysis of their threat status in the face of deficient

empirical data.
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Results and Discussion

We used phylogenetic and geographic data, a human encroachment index as a measure of
potential anthropogenic pressure, and a global trait database containing phylogenetically
imputed ecological traits for 7,143 species to predict the extinction risk of global data-
deficient data-deficient{BB}-amphibian species (see STAR Methods). These traits include body
size, forest association, and reproductive mode. Predictions from our model were generated

by evaluating traits together with the degree of spatial and phylogenetic similarity among

species (following ). We provide imputed threat statuses for ~2,200 data-deficient BB
species and note the localization of high predicted threat-status in several lineages and
regions. Our validation models, combining trait-based, spatial, and phylogenetic predictors of
threat status, accurately predicted the observed threat status of the 998 (20%) assessed
species (see STAR Methods). Our model correctly predicted the binary classification of
extinction risk (threatened vs non-threatened) for 76%, 70% and 100% of Anura, Caudata and

Gymnophiona species already assessed by the IUCN in the validation analysis (Table S1).

As expected, body size (F1, 4081 = 25.34, P < 0.001) and range size (F1, 4981 = 370.8, P <

0.001) proved to be strongly correlated to threat status, as noted by numerous previous

authors 10| 11](see Appendix 1 for predictor performance). The latter is true despite the fact

that the expért range maps overestimate occupied ranges in a very inconsistent way [12

|13.

Interestingly, similar to reptiles , we found that the human-encroachment index was

a strong predictor of extinction risk across all orders (P < 0.05; Appendix 1)—owing to most

identified priority research areas for BB _data-deficient —amphibian species overlap with

regions under high human pressure . This suggests that environmental measures, such as
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human-encroachment, may also offer strong predictive power in future studies of threat

predictions, in addition to range and body size.

Our models predict an additional 1,012 amphibian species (47% of the BB _data-
deficient -species) are threatened with extinction. Of these, nearly half (469 species) are likely
to be Endangered or Critically Endangered (‘imperilled’), and three may be extinct already
(Appendix 1). Compared with assessed amphibian species, the percentage predicted to be
under threat is higher for the data--deficient species (47% in data-deficient BB-versus 41% in
non--data-deficientBB; x?> = 17.24, df = 1, P < 0.001). Our results, however, found a smaller

number of species (47%) predicted to be threatened versus the 63% found by . Similar to

, we found that the percentage of data-deficient BB—species predicted to be

threatened with extinction is higher than those assessed by the IUCN. Our model was more
accurate in predicting threatened species than non-threatened species indicated by the
higher percentage of non-threatened species predicted to be threatened versus the
percentage of threatened species predicted to be non-threatened (Table S1). However, the
predicted and observed threat scores of species were highly correlated (R? = 0.70, df = 52, P
< 0.001; Fig. 1). Our findings highlight the importance for both phylogenetic and geographical
distribution data to be incorporated in modelling assessment statuses, which is particularly

necessary in amphibians since their population declines can be taxonomically and regionally

specific .

The differences between average threat score predicted for the data-deficient BB

species and the observed for assessed species varied within taxonomic orders. Threat scores
were similar in Caudata (F = 1.06, df = 654, P = 0.30) and Gymnophiona (F = 1.83, df =190, P

=0.17), yet in Anura, assessed species had a slightly higher threat score 2.26 +0.02 than the
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predicted threat score 2.14 1#0.02 for data-deficient BB-species (F = 10.31, df = 6293, P =

0.001). At the family level, we found no significant differences in the threat score between
assessed species and data-deficient BB-species for Caudata (F = 0.96, df =642, P = 0.41) and
Gymnophiona (F = 1.65, df = 8, P = 0.11). However, we did find differences in threat scores

among families of Anura (F = 1.41, df = 40, P = 0.05; Fig. 2).

Only four Anura families showed significant differences in threat score between

assessed species and data-deficient BB-species. Specifically, we found that the predicted

threat score for data-deficient BB-species in Ptychadenidae and Dicroglossidae was, on

average, higher than the assessed species (Fig. 2). Conversely, the assessed species from
Microhylidae and Eleutherodactylidae had a higher threat status than their data-deficient BB
counterparts (Fig. 2). Microhylids have a global distribution, but both of these families overlap
in distribution in the Americas, and both are in the top ten families with the highest species
richness (see Fig. 2 for number of species per family). The same differences on threat scores
between orders and families were found when comparing the average threat score of
predicted assessed species (instead of observed assessed species) and predicted data-

deficient BB-species (see Supplementary information and Fig. S1).

The phylogenetic distribution of threat in data-deficient BB-species is non-random

with respect to phylogeny, especially at the family level (Fig. 3). For Anura, Bdata-deficient B
threatened species belonged primarily to Neotropical families, such as: Dendrobatidae
(poison frogs), Centrolenidae (glass frogs), Strabomantidae (Pristimantis; South American rain
frogs), Hylidae (Hypsiboas; gladiator frogs), and Bufonidae (Atelopus; harlequin toads). We
also found the Asian bush frogs in Rhacophoridae are particularly threatened (Fig. 3). Within

Caudata, data-deficient Bb—species predicted to be threatened were found mostly in
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Plethodontidae (76 species, mostly the Neotropical mushroom-tongued salamanders
Bolitoglossa). Most Gymnophiona species are data-deficient BB-(67%); however, Caeciliidae
(common caecilians from the Neotropics) and Herpelidae (African caecilians from tropical
Africa) showed the highest number of data-deficient BB-species predicted to be threatened
(2 species each; see Table S2 for geographical distributions). The non-random distribution of
threatened status with respect to phylogenetical relatedness of these genera and families
increase the risk of losing whole branches of the tree of life . This risk is higher for
Bolitoglossa and Pristimantis clades as they are strongly susceptible to habitat loss . Also,
evolutionarily distinct amphibians, such as Microhylidae and Caeciliidae, can be particularly
at risk as they tend to disappear when forested areas are lost . Of concern, the only three
species that our model predicted as Extinct occur in the Neotropics (Atelopus carauta and
Craugastor cuaquero) and India (Nyctibatrachus poocha). This suggest they are highly

threatened, and we strongly suggest immediate assessment of these species.

Data-deficient BB-species are found across all continents, except Antarctica (Fig. S2),

but most threatened species, both assessed and predicted, are in the tropics (Fig. 4). Overall,

the distribution of data-deficient species predicted to be threatened is similar to the

distribution of assessed threatened (Figs. 4B, 4D) and small-ranged species E’ This suggests

that the geographical similarity between data-deficient species predicted to be threatened

and assessed threatened species is partially a result of data-deficient species predicted to be

threatened having small ranges and a geographically overlap with known threatened species

. Yet, there are also areas, for example the Atlantic forest in Brazil, where the distribution

of assessed threatened and small-ranged species is similar to both data-deficient species

predicted to be threatened and not-threatened [22](Fig. 4). Indeed, a-Across the tropics, the
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Atlantic forest harbours most of the data-deficient BB—species predicted to be non-

threatened (Fig. 4C). Moreover

T—there were two tropical regions that held most of the data-deficient BB-species

predicted to be threatened: the Neotropics and Southeast Asia (Fig. 4D). The geographical

distribution of data-deficient BB-species predicted to be threatened is similar to that of

assessed threatened species (Figs. 4 and S3). Particularly in the Neotropics, assessed and
predicted threatened species have a high geographical overlap (Figs. 4 and S3A). This may
have important implications for amphibian conservation strategies. For example,
conservation initiatives in the Neotropics aimed to protect current threatened species would
also have a positive effect on predicted threatened species. The Neotropics also house the
largest number of threatened amphibians, both assessed and predicted likely due to
extensive habitat loss in this region, since land-use change is currently the largest threat for

amphibians . The Tropical Andes, for example, has lost about 75% of its original forests,

while a large part of its remaining forests are severely fragmented .

In Southeast Asia, contrary to the Neotropics, we found countries like Sri Lanka,
Malaysia, and Myanmar where there is little or no geographic overlap between data-deficient
DDb-species predicted to be threatened and assessed threatened species (Figs. 4 and S3B). We
also find countries like the Philippines and Sri Lanka that have 49% and 70% of their
amphibians listed as Threatened, respectively . Moreover, Southeast Asia harbours a
high proportion of rhacophorid species, which have high numbers of related data-deficient
BB—species predicted to be threatened. This, in turn, increases the risk of losing this
phylogenetically clustered group , particularly because they are strongly susceptible to

habitats loss . Countries with a low number of threatened species such as Papua New
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Guinea and Thailand may be artificially low due to an extreme lack of data, a pattern also seen
in squamates . In support of this point, interestingly, Papua New Guinea and Sri Lanka are

among the top four countries for new species discovery, along with Brazil and Peru .

Finally, in the Central Africa region, the geographical distributions of assessed and
predicted threatened amphibians do not geographically overlap nearly as much as in the
Neotropics (Figs. 4 and S3C). The presence of data-deficient BB-species in this region might
be partially caused by high inaccessibility due to human conflict and political isolation .
There are also several countries, such as Australia (mainly in the east), Bolivia, Jamaica, and
Cuba that have a large number of assessed threatened species, and a low number of data-
deficient BB-species predicted to be threatened (Fig. 4). Again, these situations are likely

related to knowledge gaps including Linnaean, Darwinian, and Wallacean shortfalls.

Amphibians continue to have a high rate of newly discovered species , suggesting
that true amphibian richness is significantly greater than we currently know . Thus,

the number of threatened species could also be much greater than we estimate. Overall, our

results agree with , suggesting that priority research areas for data-deficient BB
amphibians are in the South American Tropical Andes and Atlantic forest, and in Southeast
Asia, and research funds should be allocated there. Relative to other taxa, amphibians still
remain grossly underfunded . Our results allow for informed decisions as to which species
and regions to target with this limited budget (i.e. those that we identified as threatened or

imperilled).

Our predictions represent a large increase of amphibian species at risk compared to
the IUCN data, specifically an additional 1,012 amphibian species (47% of the data-deficient

DBB-species). Of these, we predict that half (469 species) are likely to be Endangered or
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Critically Endangered, and three may be extinct already. This suggests that many new species
should be added to the threatened categories of the Red List, with potentially great
consequences for geographical conservation prioritisation, especially in Southeast Asia and
the Central Africa region. Unfortunately, the regions that harbour the highest amphibian
richness are also experiencing the greatest rates of forest loss and increases in human
population size, as well as greater fertiliser use, agricultural production, and irrigation .
Our study adds to a building consensus that the fate of data-deficient BB-species is uncertain
due to their intrinsic traits linked to extinction risk combined with their exposure to external
disturbances and thus, they require urgent conservation attention . As amphibian
declines continue worldwide , we need to move quickly to consider amphibians as a high

conservation priority and integrate data deficient species into conservation strategies.
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Figure titles and legends

Figure 1. Similar threat status across assessed and data deficient amphibian species.

Relationship between the predicted threat status of data-deficient BB-and the assessed by

the IUCN threat status of amphibians (solid line). Each point represents the mean (tse) threat
status per family from Anura, Caudata and Gymnophiona. Diagonal dashed line is equivalence

line with a slope of 1. See also Fig. S1.

Figure 2. Threat status across amphibian families. Mean threat status (tse) per family of fully
assessed species (blue points) and predicted threat status for data deficient species (red
points). Threat status ranges from 1 (Least Concern) to 6 (Extinct). Green asterisks represent
significant differences (p < 0.05). Number on the right are the total number of species per
family. Number in brackets is the percentage of data-deficient BB-species per family. Dashed

line is the threshold between threatened (right) or non-threatened (left) species.

Figure 3. Phylogenetic distribution of threat. Phylogenetic position and threatened status of
assessed species (dark colours) and predicted threatened status of data deficient species
(light colours and black dots). Grey and black outlines represent different families for the

orders Gymnophiona, Caudata and Anura.

Figure 4. Regions most at risk. Global richness of non-threatened (A, C) and threatened (B, D)
assessed (A, B) and data deficient species (C, D). Different colours represent number of
overlapping species ranges. Non-threatened species: near threatened or least concerned.
Threatened species: critically endangered, endangered, and vulnerable. See also Figs. S2 and

S3.
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STAR Methods
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources should be directed to and will be fulfilled by

the Lead Contact, Pamela Gonzalez del Pliego (pgonzalezdelpliego@gmail.com).
METHOD DETAILS
Data

We collected data on 7,675 amphibian species from three orders and 74 families. This
represents essentially all known, extant amphibian species as of 2018 (~98% of current
species diversity as of 15t March 2018 ). Of these, 4,983 had some category of threat by the
IUCN; 1,426 species were recognized but not assessed (category ‘dBata--deficient’—BB); and
1,266 species had not been recognized nor evaluated by the IUCN. As we found similar
amount of ecological and spatial data between the data-deficient BB-and the not recognized

species, the latter were also considered as data-deficient BB-in our dataset.
Amphibian phylogeny

We used 100 amphibian phylogenetic trees sampled from the posterior distribution
generated by E’ sampling 7,238 species. For our analyses, we excluded 62 species that have
been taxonomically split or lumped in the interim and could no longer be matched to existing
trait data with certainty. Therefore, from the total trait dataset, 7,176 species (from 3 orders

and 74 families) could be placed in the phylogeny E’ representing ~92% of current species

diversity (as of 15t March 2018 ).

Natural history traits
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Natural history data representing 30 traits were initially collected for all amphibian species —
using the database of as a starting point. For the final analyses, we excluded traits that
had more than 40% missing values and traits that had high collinearity (R? > 0.80). This
resulted in a highly complete database of nine natural-history traits (traits definition and
values in Table S3), whose strong importance for predicting threat status has been previously
illustrated . These traits include habit, fertilization type, reproductive mode, egg
deposition site, parental care, forest association and body size, which is regarded as the

second most important factor to determine threat status .

Spatial data

We included range size, because it is the largest contributor to extinction risk 10“11 17] and

is used by the IUCN as a primary indicator to assess threat status. We obtained the

geographical range of 6,489 species from the IUCN and AmphibiaWeb .

For 684 of the data-deficient BB-species, there were no spatial data. We thus collected
all the coordinates available from the literature and from AmphibiaWeb (654 species; for list
of species see Appendix 2, for spatial data see https://amphibiaweb.org, and
https://mol.org). We then estimated the range size for these species by calculating a 10 km
radius buffer around the available coordinates. For 405 of these species, we had only a pair
of coordinates, thus the 10 km radius buffer was considered as the range size. If the species
had two or more pairs of coordinates, we then draw a convex polygon across the points and
then include a 10 km buffer around the polygon. However, if two points were more than 40
km apart, then two polygons were drawn. We decided to use a 10 km radius buffer as it

represents the lower quartile of the range size distribution. This means that for most species
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(75%) using a 10 km radius is a conservative approach, yet it might overestimate the range

size of 25% of species (see supplementary information).

For the 7,143 species, we projected the geographical ranges to Mollweide equal-area
projection and estimated the total area per species (km?). We also calculated a matrix of
geographical distances to reduce the configuration of the data to a series of pairwise
comparisons that measures the distance between the centroids of each species geographic
range, following . Both the total area per species and the matrix of geographical distances

were used to predict threat status (see ‘Predicting threat status’ section below).

The resulting database contained 7,143 amphibian species. From these, 2,069 species
are deemed threatened (i.e. categories Vulnerable: 665 species; Endangered: 841 species;
Critically Endangered: 541 species; and Extinct and Extinct in the wild: 22 species), 2,914 are
considered non-threatened (i.e. Least Concern: 2,521 species; and Near-threatened: 393

species), and 2,160 are data-deficientBB. Of these, 23 families had no data-deficient BB

species, and one family had only data-deficient BB-species (Chikilidae: Gymnophiona). Fhe

Data-deficient BB-species were comprised of the orders: Anura, 1,883 species; Caudata 148;
and Gymnophiona 129. It is worth noting that a high proportion of the IUCN assessments for
amphibians are now quite old , but they remain the only global assessments available to

date.
QUANTIFICATION AND STATISTICAL ANALYSIS
Imputation of amphibian traits

The trait database, although highly comprehensive, still contained missing values, a common

problem in comparative studies . To address this, we used the R package Rphylopars
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to impute the missing values of the trait database . Rphylopars contains tools for

phylogenetic imputation of missing data, using the phylogenetic position of each species to
impute new values under the assumption of strong phylogenetic signal . However, if the
traits do not show a strong phylogenetic signal, then the imputed values will have high
variance. Thus, we first calculated Pagel’s lambda (A) for all traits using the phylosig function
from the R package phytools . Lambda values tend to range from 1 (strong phylogenetic
signal) to 0 (no phylogenetic signal). We imputed values for all selected traits with a strong

phylogenetic signal (>0.60; Table S3).
Human encroachment index

Following , we calculated an index of human encroachment across the range of each
species as a measure of potential anthropogenic pressure. Specifically, we overlaid each
species range map with a global land cover map providing data on anthropogenic
transformations. We used the land cover map provided for 2016 by the European Space
Agency at 300 m resolution, aggregated at 1 km resolution, with land cover ‘cropland’
and ‘urban areas’ considered as human-dominated. We used a 1 km resolution, because the
available expert range maps, when analysed at a high resolution, can show false presences
and overestimate range sizes in a potentially biased way . This might constrain our
results, yet much of the range overestimation will be captured by our Human encroachment
index. This index ranges from 100 (range overlaps entirely with human modified land cover)
to 0 (no overlap). In other words, this index is the inverse of the ‘natural cover remaining’ in

each pixel.

Predicting threat status
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Traits are frequently influenced by both spatial and evolutionary factors . Therefore,
predictions from our model were generated by using the trait values together with the degree
of phylogenetic similarity among species (following [5]). The phylogenetic component allows
for similar species to share similar levels of threat because they are evolutionarily related
and was defined by a variance-covariance matrix generated from the full phylogeny . Traits
can also be affected by spatial processes, because species that live in the same place tend to
be similar to each other and experience similar environmental (particularly anthropogenic)
factors . The possible spatial component of trait variation was measured by a matrix of

geographic distances, comparable to the phylogenetic matrix.

To model spatial and phylogenetic effects simultaneously, we obtained the proportion
of variation of the threat status in assessed species attributed to the spatial (spatial fraction)
and phylogenetic (phylogenetic fraction) component for each order (Anura, Caudata, and
Gymnophiona) using the function Imekin (R package ‘coxme’ ,' see supplementary
information) and using 100 phylogenetic trees from E' We used the spatial and phylogenetic
variation fractions and obtained 100 spatial-phylogenetic matrices. For each order, we
selected the traits with strongest explanatory power for species threat status using a
generalized linear model approach (see Appendix 1). We then predicted the threat status of
data-deficient the-BB-species using the generalized least-squares (GLS) approach described
in and implemented in . We ran the models for each of the 100 spatial-phylogenetic

matrices for each order.

The response variable in our model (threat status) is ordinal, yet to date no
satisfactory method is available to address the phylogenetic and spatial covariance for ordinal

responses . The alternative would be an ordinal logistic model; however, this is rather
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complex and requires the estimation of a large number of parameters for both the fixed and
random (phylogeny and spatial) components. We therefore modelled the response as a
continuous variable ranging from ‘Least Concern’, 1, to ‘Extinct’, 6, retaining the ordinal
nature of the IUCN scale. To validate our model, we randomly deleted the threat status for
20% (998 species) of fully assessed species per order and we predicted their threatened status
using the GLS approach described previously. We then examined the prediction performance
of the binary classification: threatened and non-threatened by comparing the real values
versus the predicted values. To categorize a species as threatened or non-threatened we used
‘2’ as a threshold (i.e. if a species’ mean predicted threatened status is >2 we consider them
as threatened, otherwise it is considered as non-threatened). We used a threshold of ‘2’
because it decreased by ~50% the number of species that were predicted non-threatened but
were indeed threatened compared to a ‘2.5’ threshold. Also, it had similar predictive
performance compared to the ‘2.5’ threshold (82% vs 83%). We also determined if threat
scores were different between assessed and data-deficient BB-species across families as well

as orders, using an analysis of variance (‘aov’). All analyses were carried out in R version 3.3.1

:

DATA AND SOFTWARE AVAILABILITY
Datasets are available online as Appendix 1:

Data S1: Threat status of assessed by the IUCN species and predicted threat status for data

deficient species.

Data S2. Spatial data collected for the 654 species.
Data S3: Predictor performance for Anura, Caudata and Gymnophiona. Related to Results:

Model performance.
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Supplemental information titles and legends

Supplementary information. Details on: a) estimating range size for species; b) Imekin
function; c) taxonomy; d) predicted threat score for assessed species versus predicted threat

score for data deficient species.

Figure S1. Predicted threat status of data-deficient BB-versus predicted threat status from

the validation analysis for assessed by the IUCN threat status of amphibians.

Figure S2. Global distribution of data deficient species richness.

Figure S3. Global distribution of assessed and data deficient threatened species in three
tropical regions.

Table S1. Prediction percentage of binary classification of extinction risk for amphibians.

Table S2. Geographical distribution of the families with the higher abundance of data

deficient species.

Table S3. Phylogenetic signal for each trait used in the analyses.

Appendix 1. Data S1: Threat status of assessed by the IUCN species and predicted threat
status for data deficient species; Data S2: Spatial data collected for the 654 species; Data S3:
Predictor performance showing the selected traits used for the final model to predict the

threat score.
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