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Executive Summary
In this report, we explore the potential for combining climate impact projection from
species distribution models (SDMs) and trait-based vulnerability assessments (TVAs) to
produce integrated assessments of the potential threat of climate change to species of
conservation concern in West Africa.
TVAs use species trait data to inform the exposure, sensitivity and likely adaptability of
species to changes in climate. SDMs, by relating the occurrence of a species to climate, can
be used to assess the sensitivity of a species to projected changes in climate, with climate
exposure being informed by projections of changes in climate. Typically, such static models
do not consider the ability of a species to respond to changes in areas of suitable climate as
a result of their biological traits.
Here, we combine SDM and TVA methodologies in two ways:
Firstly, we use climate suitability projections for individual species (from SDMs) under
scenarios of future climate to replace the simpler climate exposure metrics more usually
included in trait-based analyses. We then estimate the likely vulnerability of species to
climate change by combining these exposure projections with sensitivity and adaptability
information from trait-based analyses, resulting in a genuine integration of SDM and TVA
approaches, which we term ‘Modified TVAs’.
Secondly, we incorporate relevant trait data into species distribution models, both as a
dynamic element within models of species responses to climate change and, for traits that
cannot be incorporated within dynamic distribution model, using dichotomous trait-based
queries. This results in a mixed approach to the combination of traits and spatially modelling,
which we term ‘Modified SDMs’.
Modified TVAs, using SDMs to inform climate exposure in traditional TVAs, are more akin
to simple, algorithmic trait-based analyses. We find that the degree to which these two
methods differ is greatly affected by how species are treated that have no consensus in their
future climate impact (i.e. no consistent trend in their response to predicted changes).
However, we advocate this combined approach over simple TVAs as it incorporates changes
in climate suitability for each species, and permits site-level climate vulnerability to be
evaluated.
Spatial modelling with traits, combines climate suitability from SDMs with demographic
and dispersal information in dynamic models of potential responses to climate change, and
provides a realistic assessment of how species might respond. Additional traits that cannot
be incorporated into dynamic models, such as species interactions and habitat relationships,
are evaluated using dichotomous queries. This approach is probably most useful to inform
potential management actions for individual species.
We produce maps of differences in the vulnerability to climate change of species
assemblages in protected areas across West Africa, using modified TVAs (see above). We also
4
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use spatial modelling with traits to produce management recommendations for individual
species based on their potential to respond to forecast changes.

NOTE: Many of the methods used in this project have already been presented in detail in
Willis et al. (2015) and Baker et al. (2015), from both of which some of the methodological
summary text of this report is taken.

5
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1. Introduction
Biodiversity loss is occurring across much of the world (Butchart et al. 2010,
Secretariat of the CBD, 2010, WWF, 2014) and anthropogenic climate change has been
identified as one of the main drivers of these trends (Parmesan and Yohe, 2003). This threat
is predicted to become more severe over the next century owing to accelerating global
warming, and changes in precipitation patterns and timings, as well as alterations in climatic
extremes (IPCC, 2007). Various predictions have been made of the impacts of climate change
on the world’s habitats and species, generally indicating that more species will become
threatened with extinction, and that their distributions will move substantially, often
shrinking (Sala et al. 2000, Midgley et al. 2002, Thomas et al. 2004, Bagchi et al. 2013).
Climate change is not only additional to other direct threats to biodiversity, such as land-use
change, over-hunting, and invasive species, but can also act synergistically with these threats
(Benning et al. 2002, Hof et al. 2011). There is, therefore, an urgent need to assess the
potential consequences of future climate change on species, and to initiate adaptive
management planning that helps shape current and future conservation decisions. The need
to produce adaptive management plans has stimulated considerable research in recent
years, resulting in various approaches to assessing climate change-driven risks (Game et al.
2011, Hole et al. 2011, Gardali et al. 2012, Bagchi et al. 2013, Foden et al. 2013, Garcia et al.
2014).

To date, the majority of climate change vulnerability assessments have used Species
Distribution Models (SDMs), which correlate data on species’ contemporary distributions
with observations of recent climates and then apply these correlations to climate projections
to predict the location(s) of suitable climatic conditions for a species in the future (Beaumont
and Hughes, 2002, Phillips et al. 2006, Huntley et al. 2008, Jensen et al. 2008, Harrison et al.
2006). Consequently, in predicting species responses to projected future climate change,
SDMs use future exposure of a species to climate change (i.e. the extent to which the species'
physical environment will change) to climate change as an input parameter and assess the
sensitivity of the species (the potential for the species to persist, in situ or elsewhere) to that
change. However, such SDMs take no account of the potential capacities of species to adapt
to such changes by dispersal, behavioural change or evolutionary adaptation. For example, a
species might have ample climatically-suitable habitat in the future, but its inherent dispersal
6
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limitations may make reaching this habitat unlikely. The shortcomings of using basic SDM
approaches to simulate future species changes are well recognised (Seo et al. 2009, Sinclair
et al. 2010, Wiens et al. 2009), and include their lack of consideration of biological
information about the likelihood of species realising distribution changes projected by SDMs
(Pearson and Dawson, 2004). This shortcoming has led to the development of nextgeneration, dynamic (or process-based) SDMs that include relevant biological traits such as
dispersal ability, habitat requirements and other key parameters to assess the likelihood of
population changes being realised over space and time (Kearney and Porter, 2009, Conlisk et
al. 2013). However, to parameterise such models requires quantitative data for a species or
system; something that is lacking for many species. An alternative approach, which we term
‘Trait-based Vulnerability Assessment’ (TVA) (Foden et al. 2013, Carr et al. 2014, Willis et al.
2015, Pacifici et al. 2015) considers the vulnerability of species to potential climate change
based on the best available current knowledge of the species’ ecology and life history. Unlike
process-based models, TVAs use composite indices (as opposed to modelling) to characterise
the vulnerability of species to climate change.

TVA approaches identify, for a species, the traits that are known or presumed to
render it vulnerable to climate change impacts. This often entails consideration of three
aspects of vulnerability: exposure to climate change, sensitivity to changes in climate, and
capacity to adapt to such changes, with the latter two aspects benefiting from the
consideration of traits. Species that combine high exposure, a high degree of sensitivity, and
low capacity to adapt will be most vulnerable to climate change. These methods provide a
relatively rapid approach to score species according to their likely vulnerability to future
climate change (Rowland et al. 2011). Several variants on the TVA approach have recently
been developed, and are being applied to increasing numbers of taxa (Williams et al. 2008,
Chin et al. 2010, Dawson et al. 2011, Graham et al. 2011, Thomas et al. 2011, Young et al.
2011, Foden et al. 2013).

To date, however, there have been few explicit comparisons of SDMs and TVAs in
terms of their objectives, the conceptual frameworks underpinning them (Rowland et al.
2011), and the results they produce (Garcia et al. 2014). Furthermore, little attempt has been
made to demonstrate how their outputs can be applied at scales relevant for conservation
7

Durham University. SDM-TVA integration.

decision making (national and smaller). We seek to address remaining gaps of these two
approaches by considering how elements of each could be used to strengthen the other, and
propose how they can be integrated to provide improved climate change vulnerability
assessments. Our resultant framework also indicates how both approaches can feed into
adaptive management planning and spatial conservation prioritization at scales where
conservation decisions are made (Margules and Pressey, 2000, Moilanen et al. 2009, Ladle et
al. 2011). As part of the PARCC project, systematic conservation planning systems were
indeed develop to identify priority areas for conservation based on the representation of
broad elements of biodiversity (landcover types, ecoregion types and elevation zones), the
conservation of the current distribution of particular species (amphibians, birds and
mammals), as well as the conservation of the future distribution of species that may be
vulnerable to climate change based on SDM and TVA results (Smith 2015). We finish by
outlining some of the challenges in using the results of climate change vulnerability
assessments within the framework of systematic conservation planning.

8
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2. Background to Species Distribution Modelling and Trait-based
Analyses
a) Basic Species Distribution Modelling
Data Sources
i. Regional climate models
Climate projections were derived for the Africa CORDEX domain (longitude range = 24.64, 60.28; latitude range = -45.76, 42.24; (Giorgi et al. 2009)) in a two-step process. Firstly,
a Perturbed Physics Ensemble (PPE), in which uncertain model parameters are systematically
perturbed to produce a range of climates, was produced using the HADCM3 general
circulation model (GCM) for the SRES A1B scenario (IPCC, 2007). Simulations from the
individual ensemble members were compared to observed temperature and precipitation
data from across Africa and against climate regimes (e.g. spatio-temporal distributions of
precipitation maxima) from the Sahel and Guinea Coast domains, following McSweeney et
al. (2012). Models that were unable to capture important climate features across these three
regions were discarded. From the remaining models a five-member ensemble was selected
that represented the breadth of future temperature and precipitation projections across the
region (Buontempo et al. 2014). Each of the five ensemble members was downscaled to a c.
50km2 spatial resolution for the period 1949 to 2100, using the Met Office Hadley Centre’s
physically-based PRECIS (Jones et al. 2004) regional climate modelling (RCM) system (Hartley,
Jones and Janes 2015). In order to set the RCM within a global climate context, the RCM is
driven at the boundaries by time dependent large-scale fields (e.g. wind, temperature, water
vapour, surface pressure, and sea-surface temperature) provided by the five-member PPE
ensemble.
Four bioclimatic variables were calculated for each time period from the monthly
RCM data, for each of the five ensemble members: mean temperature of the warmest
month, mean temperature of the coldest month, precipitation seasonality (coefficient of
variation of mean monthly precipitation) and an aridity index (mean precipitation/potential
evapotranspiration). Such bioclimatic variables have been shown previously to be good
predictors of species distributions across taxonomic groups in tropical and sub-tropical
systems (Araūjo et al. 2006, Bagchi et al. 2013, Barbet-Massin and Jetz, 2014), defining
9
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tolerance to thermal extremes and water availability. For the baseline (1971-2000) and three
future periods (‘2040’ = 2011-2040; ‘2070’ = 2041-2070; ‘2100’ = 2071-2100), the variables
were calculated as means over these periods. Because the baseline data are derived from
the RCM there are five different baseline dataset, each validated against observed climate
data. This has an advantage over statistically interpolated observed data in regions where
ground climate observations are sparse (Sylla et al. 2013), as the dynamic projections are
able to capture greater spatial heterogeneity across the region and uncertainty in
contemporary climate records.
ii. Species distribution data
Species distribution data for the breeding ranges were derived from refined species
distribution maps of all extant bird (from BirdLife-International and NatureServe, 2013)),
mammal and amphibian (both from IUCN, 2014) species, which were gridded onto a 0.440
grid (ca. 50 km2 at the equator). A species was considered to occur in a cell if the distribution
polygon overlapped ≥10% of the cell, which is a liberal threshold that helps ensure that
species with restricted ranges are represented. All areas beyond the range extent are highly
unlikely to contain false absences and, therefore, for modelling we consider all cells beyond
the range to be true absences. There is some potential for commission error when using
refined distribution maps. However, the availability of reliable unbiased point data here is
limited, and refined species distribution maps, when used at conservative spatial resolutions,
are likely to be representative of species climate tolerances. Species were only included in
the analysis if ≥75% of their breeding range occurred within the full RCM extent, thus,
omitting species for which we were unable to model a large proportion of the species-climate
relationship. All species with breeding ranges occupying fewer than five cells were also
omitted from the analysis due to difficulties in modelling such sparse data.
iii. Producing species distribution models
We used an approach to species distribution modelling that quantified the
uncertainty in projected distributions caused by selecting different climate projections and
modelling approaches, and due to potential spatial dependency in species’ distributions.
For modelling, we divided the dataset into spatially disaggregated blocks, rather than random
k-fold partitioning, which allowed us to capture uncertainty due to spatial dependency in our
projections. For each of the five RCM climate projections the dataset was divided into five
10
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spatially disaggregated blocks, such that the mean and variance of each bioclimatic variable
was approximately equal across the blocks (see Bagchi et al. 2013 for details); thus, each
block has the potential to capture the species-climate relationship. Importantly, the spatial
autocorrelation within each block is higher than between blocks; thus, where spatial
autocorrelation is high, models trained on n-1 blocks (the jack-knifing approach adopted
here), where n is the total number of blocks, performed poorly when tested on the withheld
block. The variation in predicted probability of occurrence across the withheld blocks can be
used to assess the effect of spatial autocorrelation on projected distributions.
We modelled the relationship between a species’ baseline distribution (representing
the period 1971-2000) and the four contemporaneous bioclimate variables using all
combinations of four modelling methods [generalised linear models (GLM), generalised
additive models (GAM), generalised boosted models (GBM) and random forests (RF)] and five
RCM climate projections (20 combinations in total). We conditioned each of these model
combinations using the five n-1 blocks of cells. Thus, for each species, 100 models were fitted
to a subset of the baseline distribution data, i.e. each combination of block (5), RCM climate
projection (5) and modelling methodology (4). For all four modelling approaches, the median
area under the receiver operating characteristic plot (AUC) from across the five blocks was
used to assess final model accuracy. The model cross-validation protocol follows Bagchi et al.
(2013). Ultimately, species distributions models were developed for 1,296 species across all
taxa, from an initial 1,443 species (Table 1). These models were applied to climate data from
the three future periods (‘2040’ = 2011-2040; ‘2070’ = 2041-2070; ‘2100’ = 2071-2100). Our
recent findings (Baker et al. 2015) suggested that end of century projections of species range
changes contain very high uncertainty, rendering conservation actions based on the median
outcome of these projections less likely to succeed. Consequently, in this report we present
climate change vulnerability assessments for the mid-century period only, which we refer to
using its mid-point, 2055.

11
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b) Basic Trait-based Vulnerability Assessments (TVAs)
This approach, referred to as a Climate Change Vulnerability Assessment Framework
in Carr et al. (2014), provides a series of ‘rules’ that are used to classify species according to
three dimensions of climate change vulnerability (Figure 1.1). Here we describe the protocol
of Carr et al. (2014), in brief, as we use this as the framework into which we integrate SDMs.
For further details of this framework refer to the report of Carr et al. (2014). This, in turn,
closely follows the processes described in Foden et al. (2013) and Carr et al. (2013).
In summary, species are assessed in terms of their vulnerability to climate change by
assessing the degree with they are exposed to changes in climate (exposure), the degree to
which they are sensitive to such changes (sensitivity) and their ability to cope with any
changes (adaptability). Exposure is defined by Carr et al. (2014) as the extent to which a
species’ physical environment will change due to climate change, sensitivity as the lack of
potential for a species to persist in-situ, and adaptability as the ability of a species to avoid
the negative impacts of climate change through dispersal and/or micro-evolutionary change.

Figure 1.1 Greatest climate change vulnerability occurs when species that possess biological traits or
characteristics that confer low sensitivity and adaptability are exposured to substantial climatic change. From
Foden et al. (2013).

Species that are most highly exposed, sensitive and unadaptable are considered most
vulnerable to climatic change. These species, represented by the intersection in the centre
of Figure 1.1, are flagged as being of greatest conservation concern. Important information

12
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can also be gained from species scoring highly in other combinations of the framework’s
vulnerability dimensions.
Carr et al. (2014) suggest five traits that render species of particular sensitivity to
climatic change. These are: (1) specialized habitat/microhabitat requirements, (2) narrow
environmental tolerances or thresholds that are likely to be exceeded due to climate change
at any stage in the life cycle, (3) dependence on a specific environmental trigger that is likely
to be disrupted by climate change, (4) dependence on interspecific interactions which are
likely to be disrupted by climate change, and (5) rarity. They additionally suggest two traits
that indicate a reduced likelihood of a species to be able to adapt to climatic change: (1) poor
dispersal ability and (2) inability to evolve rapidly to cope with climatic change.
Species were assigned scores of ‘unknown’, ‘low’ or ‘high’ for each of the seven traits
above, based on a broad range of information sources. While in some cases, thresholds of
risk were considered clear (e.g. ‘occurs only on mountain tops’), in many cases no a priori
basis for setting a particular extinction risk threshold could be defined. In such cases (e.g.
tolerance of exposure to projected temperature changes), Carr et al. (2014) used an arbitrary
threshold to identify the top quartile of most affected species within the group, and
categorize them as ‘high’ for this element.
Trait data for amphibians and birds were made available by Foden et al. (2013), who
conducted a global analysis of amphibians and birds. For the other taxonomic groups data
were collected in two regional species assessment workshops, held in Lomé, Togo, within the
framework of the PARCC project, and through consultations with species experts
Assessments of Exposure were conducted by overlaying projected changes in taxonrelevant climatic variables on refined species range polygons to obtain simple measures of
climatic change to which each species will be exposed. Species range polygons were gridded
and the gridded range refining by removing cells that containing elevations and habitats
deemed unsuitable for the species.
Because the identification of thresholds that represent significant exposure to
climatic changes for individual species have seldom been established, scores were derived by
ranking species according to the climatic change within their range and then assigning those
in the highest quartile of exposure values as highly exposure. Species were therefore scored
13
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as potentially being at ‘high’ not high’ or of ‘unknown’ risk of exposure under projections of
future climate change.
Carr et al. (2014) considered species’ exposure to changes in temperature and
precipitation for the same three 30-year future time periods as described in the species
distribution models section above, and using the same future climate projections. For all cells
in a species’ range, overall baseline means (OBM) for temperature and precipitation were
calculated. The differences between the baseline OBM’s and those of the three future time
periods were used as measures of projected change in the means of temperature across each
species’ current range for respective future period. For projected changes in mean
precipitation, the absolute ratio between the baseline and future OBM values was used. In
addition, the average absolute deviation (AAD), a summary statistic for dispersion, was
calculated for all species and for both climate variables. The differences between the baseline
and three future AAD’s, and the absolute ratios of the baseline and projected AAD's, were
used as measures of projected change in the variability of temperature and precipitation,
respectively, across each species’ current range. Outputs were ranked and the top quartile
identified as ‘high’ risk.
Sensitivity, adaptability and exposure scores for each species were used to calculate
overall vulnerability scores using two simple logic steps: species were assigned a high score
under each vulnerability dimension if they have any contributing trait (e.g. considered
sensitive due to being a habitat specialist). They were considered highly vulnerable overall,
however, only if they scored as ‘high’ under all three criteria of exposure, sensitivity and
adaptive capacity. To account for missing trait data, each of the previous steps was run twice,
once replacing missing trait information with a low vulnerability score and once with a high
score. This provided best-case (or optimistic) and worst-case (pessimistic) scenarios,
respectively.
It is extremely important to note that, since many of the trait thresholds are simply
relative cut-offs for continuous variables (e.g. 25% of species of greatest exposure to changes
in mean temperatures), rather than empirically tested thresholds of vulnerability, this
approach provides a relative, not absolute, measure of climate change vulnerability. The
actual numbers and percentages of species emerging as vulnerable through this approach
represent only the degree of overlap between the three vulnerability dimensions rather than
14
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a measure of vulnerability overall. It is therefore not appropriate to use the results to
compare degrees of vulnerability between different taxonomic groups. Species identified as
vulnerable to climate change should be regarded as estimates of the most vulnerable species,
noting that in some taxonomic groups, all species may be at risk from climate change impacts
while, in others, far fewer species may actually be seriously negatively impacted.
The following two sections (sections 2 and 3) describe the contrasting methods used
to integrate the TVA and SDM data and present the results from the two methods. Section 2
describes our method to incorporate individual species climate suitability data (from species
distribution models) into traits-based analyses (‘Modified TVAs’), and presents the results in
terms of climate change vulnerability. Section 3 presents the methods and summary results
of using traits to refine species distribution model projections (‘Modified SDMs’).

15
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3. Including individual species climate suitability data from
species distribution models into traits-based analyses to inform
climate change vulnerability (‘Modified TVAs’)
Integrating modelled climate suitability into TVA
The basic TVA exposure metric (see Section 1) is calculated as the absolute difference
(temperature) or ratio of change (precipitation) in climate means across an entire species’
range between the future and baseline period (also including average absolute deviation, as
a measure of dispersion). This method makes no distinction between changes in different
parts of a species range, and cannot account for difference in climate change exposure
between, for example, the range margins and the range centre. For example, changes in
climate in different parts of the range, e.g., large scale drying in the west but increased
precipitation in the east of a species range would have no impact on the original exposure
metric. Here, as an alternative to the rather simplistic exposure measures used in the basic
TVAs, we instead assess species-specific exposure, based on spatially explicit changes in
modelled climate suitability from correlative SDMs, and based on multiple interacting
climatic variables (see methods in Section 1 but see Baker et al. (2015) for full methodology
and for estimations of protected area and species-specific change in climate suitability).
It is important to understand whether integrating SDM derived-climate suitability
values into the trait-based analyses markedly alters our projections of climate change
vulnerability. If the two approaches do not differ, then there is little reason to advocate the
additional computational complexity of producing SDM models as a replacement for the
more straightforward estimation of climatic anomalies across a range. The latter approach
renders TVA analyses more accessible for application by non-specialists, as it does not
demand complex modelling capability. By contrast, if the two approaches do differ markedly,
this strongly suggests that the more nuanced estimates of climatic suitability, and change in
suitability, from SDMs, could be providing refined estimates of the exposure of individual
species to climate change. We present an exploration of the relative performance of basic
versus modified TVAs in Annex 2.
Figure 2.1 shows conceptually how the SDM suitability data are incorporated into the
trait-based analyses.

16
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Figure 2.1. Conceptual model demonstrating the ways in which SDM data were integrated into the TVA
modelling framework and links to the subsequent application. Green arrows and bold text indicates the
components of the model influenced by integrated approach. Figure adapted from Willis et al. (2015).

17
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a) Methods
We use the SDM-derived estimates of climate exposure as a direct replacement for
the basic climate exposure metrics used in the TVA of Carr et al. (2014). If mean modelled
climate suitability increases for a species at a site, it is classified as experiencing low climatic
exposure, and if suitability decreases it is classed as experiencing high climatic exposure. The
other two vulnerability trait types (adaptability and sensitivity) are used exactly as estimated
by Carr et al. (2014), and the three metric combined using the approach of Carr et al. (2014)
to assign species as being of high or low climate vulnerability (see Methods section below for
further detail).
For each of the species assessed in the TVA of Carr et al. (2014) as having ‘high’ climate
change vulnerability, we calculated the relative change in modelled climate suitability (from
SDMs) for each species in each protected area in which it occurs, as follows:
𝐶𝐿𝐼𝑀 𝐶ℎ𝑎𝑛𝑔𝑒 𝑖, 𝑗 =

𝐶𝐿𝐼𝑀 𝐹𝑢𝑡𝑢𝑟𝑒 𝑖𝑗
𝐶𝐿𝐼𝑀 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 𝑖𝑗

where CLIMFuture is the future climate suitability for species i in protected area j, and
CLIMbaseline is the contemporary climate suitability for species i in protected area j. This was
done across each of 100 projections (5 blocks x 5 RCMs x 4 GCMs; which represent a range
of uncertainty). Where there was directional consensus among the 100 projections (95%
quantile does not overlap unity), the directional change in climate suitability was considered
to be ‘likely’ (see Baker et al. 2015 for more details). These were recorded as either
‘increasing’ or ‘decreasing’ climate suitability. Where there was no directional consensus, ‘no
consensus’ (or NC) was recorded.
We assume that if, at a species level within a PA, climate suitability is increasing the
climate change vulnerability will be low and, conversely, if climate suitability is decreasing
the climate change vulnerability will be high. Hence, this approach permits species to have
different climate exposure categories in different parts of their range, unlike the original TVA
exposure metric.
We then calculated the percentage agreement between species assessed as climate
change vulnerable under TVA analysis and those using the SDM change in climate suitability.
Following Carr et al. (2014), we compared these categorical assessments of local change in
18
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climate suitability to the climate change vulnerability assessment from the TVA using two
scenarios: 1) ‘Worst case’ scenario, where all species with NC in directional trend of climate
suitability at a particular PA were assumed to have decreasing suitability; and, 2) ‘Best case’
scenario, where all such species were assumed to have increasing suitability.

19
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b) Results
Comparing climate vulnerability derived from simple climatic and SDM-derived
metrics
Compared to the climate change vulnerability assessment of Carr et al. (2014, Annex
2), the ‘modified TVA’ approach, which incorporates spatially-explicit modelled climate
suitability (Figure 2.2), indicates fewer amphibian species vulnerable to climate change per
site and, instead, many more species with little consensus in the degree to which they may
be vulnerable to future climate change, dependent upon the future climate projection.
The overall climate vulnerability of birds using the ‘modified TVA’ approach (Figure
2.3) suggests fewer climate vulnerable species than does the original analysis of Carr et al.
(see Annex 2) in the southern parts of the region, with around 70 species projected to
experience declining suitability in PAs in the South, compared to projection of over 100
species in the original TVA analyses. The ‘modified TVA’ approach also indicated a large
number of bird species for which no climate change vulnerability consensus could be
reached.
The number of mammal species considered vulnerable by Carr et al. (2014) is broadly
similar in its patterning to the totals arising from the ‘modified TVA’ approach (Figure 2.4)
but, again, the totals identified as vulnerable in the individual PAs are smaller than the totals
that Carr et al. (2014) estimated. The ‘modified TVA’ approach also highlights less certainty
(i.e. a lack of consensus) in parts of SE Nigeria and coastal areas of Ghana, Cote d’Ivoire and
Liberia than did Carr et al. (Figure 2.4 vs. Annex 2, Figure A2.4).
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Figure 2.2.The number of amphibian species previously classified as climate change vulnerable by Carr et al.
(2014) that are assessed as climate change vulnerable by 2055 using the modified-TVA analyses (see text).
(a) Shows the number of species experiencing decreasing climate suitability by 2055 in each of the
protected areas, (b) shows the number of species with no consensus of future climate impact and (c) shows
the number of species for which climate suitability is increasing in protected areas.
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Figure 2.3.The number of bird species previously classified as climate change vulnerable by Carr et al. (2014)
that are assessed as climate change vulnerable by 2055 using the modified-TVA analyses (see text). (a) Shows
the number of species experiencing decreasing climate suitability by 2055 in each of the protected areas, (b)
shows the number of species with no consensus of future climate impact and (c) shows the number of species
for which climate suitability is increasing in protected areas.
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Figure 2.4.The number of mammal species previously classified as climate change vulnerable by Carr et al.
(2014) that are assessed as climate change vulnerable by 2055 using the modified-TVA analyses (see text). (a)
Shows the number of species experiencing decreasing climate suitability by 2055 in each of the protected
areas, (b) shows the number of species with no consensus of future climate impact and (c) shows the number
of species for which climate suitability is increasing in protected areas.
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4. Combining traits and species distributions models to inform
future management: using traits to refine species distribution
model projections (‘Modified SDMs’)
a) Methods
To integrate traits in SDMs, a process we term ‘spatial modelling with traits’, we
adopted a two-stage process, following Willis et al. (2015). Firstly, for those quantitative traits
that can be considered within a dynamic modelling framework, we combined these traits into
a dynamic SDM. Relevant traits that could be considered in this way, from the available data
for West African species, included generation length and natal dispersal distances (which
were only available for birds). Secondly, for qualitative traits, which could not be readily
incorporated into a modelling framework for most species, we undertook a post-hoc analyses
on the output from SDMs to identify species that might be affected by factors not considered
in the dynamic SDMs. To complete this second process, we used outputs from both the
dynamic and static SDMs to inform the questions provided in the flow chart in Figure 3.1.
Static SDMs inform Q1 in the flowchart, and dynamic SDMs inform Q2. Comparing static and
dynamic SMDs informs Q3. Q4 is informed from post-hoc consideration of individual species
traits, and Q5 from a consideration of the traits and occurrence of interacting species and/or
habitats. From Figure 2.1 we can also identify broad management objectives for individual
species.

Figure 3.1 Flow chart demonstrating the potential for integration of SDM and TVA approaches in practice.
Blue boxes are questions answered from SDM and TVA data; Q1-Q3 can be answered from integrated SDMTVA models and Q4-Q5 from post-hoc trait considerations. Green boxes indicate the resultant management
actions to consider, in addition to continued management within the current range [From Willis et al. 2015].
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Figure 3.2 below, adapted from Willis et al. (2015), schematically demonstrates how trait
data were incorporated into the SDM process and, in the first stage of synthesis, how traits
are then considered post-modelling to provide further information regarding species of
conservation concern.

The outcomes from the flowchart in Figure 3.1 could provide an alternative approach
to classifying species of high climate change vulnerability to more usual TVA approaches (e.g.
Carr et al. 2014). The management action ‘maintain current management’ reflects low
vulnerability. The two management actions ‘prioritise sites of co-occurrence, or facilitate
joint dispersal’ and ‘facilitate dispersal corridors’ could be considered to reflect species of
intermediate vulnerability, whereas species for which the outcome of the flowchart is
‘consider translocation’ or ‘manage for persistence ...’ could be considered of highest
vulnerability.
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Figure 3.2. Conceptual model demonstrating the ways in which TVA data were integrated into the SDM
modelling framework and links to systematic conservation planning and adaptive management. Green
arrows linking TVAs and SDMs, and bold text indicates the components of the model influenced by integrated
approach. [Adapted from Willis et al. 2015].

We used the following algorithmic rules to dictate the assignment of species through
the questions in the flowchart in Figure 3.1.
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Q1) To assess whether climate suitability will change markedly within and beyond the current
range of a species: Any species that is projected to either lose >10% current range, or to
gain > 10% current range was assigned a ‘Yes’ to Q1.
Q2) To assess whether there was suitable climate and habitat within colonisation distance of
a species, we assigned a species a ‘Yes’ to Q2 if the projected range gain under dispersal
was >10% current range.
Q3) To address Q3 in Figure 3.1 and to assess whether climate and habitat are suitable
elsewhere for a species, we assigned species into three groups (Q3Losing, Q3Unfilled and
Q3Maintain) using the following algorithms:
i) Q3Losing = After dispersal, are losses still greater the gains (>5% to buffer against
very small differences);
ii) Q3Unfilled = After dispersal, is there still uncolonised but suitable areas (>5% of
future dispersal mediated occupied extent, to buffer against very small differences);
iii) Q3Maintain = If the species could fill the available suitable space, by any means,
could its current range extent at least be maintained (>5% of future dispersal
mediated occupied extent, to buffer against very small differences).

In addition, given the complexities of answering Questions 4 and 5 in Figure 3.1 (see
Willis et al. 2015 for examples), we highlighted those species that are forecast to shift their
range into areas that are currently dominated by a different biome than the one(s) they
currently occur in. This approach pre-supposes that a species is restricted to a particular
biome due to a combination of the species/features of that biome. It also presupposes that
the biome (typically predicated upon the underlying dominant plant species types) will be
less able to respond to changes in climate than will an individual bird species. For example,
using this metric, we would flag as being particularly susceptible an obligate tropical forest
species whose suitable future range extends into the savanna biome. By contrast, if an
obligate forest species’ future range extended into an area of tropical forest that is currently
unoccupied, we assume that this range extension is less likely to be limited by important
species interaction/habitat effects.

We use these approaches to summarise the number of species of conservation
concern that will require various management practices in future. In addition, we identify a
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sub-set of species that may become extinct in West Africa in future unless assisted
colonisation is considered. We provide maps showing potential changes in the ranges of
species of conservation concern as supplementary figures.

b) Results
The projected changes in range under future climate change, after considering traits
such as dispersal ability, generation length, and age to first breeding, in addition to climatic
suitability, were very variable. In Annex 1 we illustrate typical examples of some of the
responses along with a table that highlights those species that might potentially be
considered candidates for assisted colonisation to maintain important West African
populations.
Figure 3.3, below, summarises, using the flow diagram of Figure 3.1, the dominant
management strategies that are likely to be most beneficial for the bird species of
conservation concern of West Africa, based on consideration of individual species outputs
from static and dynamic SDMs. Approximately half of the species will benefit from
conservation efforts that facilitate their natural ability to shift their range, in order to track
climate (without more direct intervention, e.g. assisted colonisation). Approximately 40% of
species will benefit from focussing particular attention on managing the sites within their
range where they are forecast to persist. Importantly, approximately 15% of species will
benefit from both of these management activities (purple bar below). A smaller proportion
(circa 15% of species) will be most effectively managed solely by maintaining current
management within their range (i.e. limited opportunity for expansion or threat of decline
exists), although this does not consider the possibility of key species on which they depend
shifting their range. A small proportion of species considered (9%) have assisted colonisation
flagged as one of the key future management objectives to consider, suggesting that this
may become a new management option to consider in West Africa in the future.
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Figure 3.3. A summary of the principal management strategies required for the management of bird species
of conservation concern across West Africa. For most species, the dominant management strategy (in
addition to maintaining current management within the range) that will facilitate the largest range extent is
shown, with up to three management activities selected for species that require multiple management
options in different parts of their range. Selection of the category ‘maintain current management’ indicates
that no additional management is necessary to maintain the population. Species for which ‘identifying sites
of persistence within the range’ is a management strategy are those for which future suitability within the
current range is variable.
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5. Conclusions
The two different approaches adopted here (‘modified SDM’ and ‘modified TVAs’) both
highlight the benefit that can be gained from integrating trait data into SDMs and vice versa.
Incorporating trait data into SDMs provides a better understanding of management strategies that
might help species cope with projected climatic changes, while incorporating species-specific
modelled climate suitability into TVA analyses not only permits the estimation of site specific
projections of climate change risk for individual species, but that these refined TVAs can also highlight
different groups of species as being vulnerable to climate change.

The incorporation of traits within dynamic SDMs and post-hoc management considerations
provide substantial opportunities for management plans at individual sites to be tailored to individual
species movements as a result of climatic changes. Here we demonstrate that for most bird species
of West Africa (the only taxa for which we had sufficient traits data to undertake such an assessment),
the principal management options that will maximise the occurrence of species of conservation
concern will be to facilitate the natural dispersal of species from their current range to areas of
suitable climate in future, or to identify sites of suitable climate persisting within their current range.
Refugial sites within the current range and potential regions of population expansion can both be
identified from the SDMs that incorporate species traits. Maps for all such West African bird species
of conservation concern have been produced for their African range (Supplementary Data, which can
be provided upon request). Management based on facilitating these two responses to climate change
(shrinking or shifting ranges) forms the most common recommendation for West African bird species.
A smaller proportion of species (circa 100 species) are expected to persist within their current range
with limited change as a result of climate change. For a yet smaller proportion (circa 60 species)
suitable climate becomes so limited within the current range and within natural colonisation distance,
such that assisted colonisation might be considered as a conservation strategy. Overall, we find that
the best management strategies for the majority of bird species examined in this study are to facilitate
movement into novel areas as climate changes and, for species with limited movement projection, to
establish (or continue) high quality management at sites within their current range that are projected
to remain climatically suitable.
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Annex 1. Examples of climate change impacts on the potential future
distribution of West African bird species of conservation concern
For some species (e.g. Campephaga oriolina, Figure A1.1), almost the entire region
where they currently occur in West Africa is projected to become unsuitable and their
continued existence may depend upon assisted colonisation of other areas that are becoming
newly climatically suitable. Other species are projected to lose much of their West African
range (e.g. Jubula lettii, Figure A1.2) but with no climatically suitable areas beyond their
dispersal capabilities. For such species, prioritising their conservation in the small areas
projected to remain suitable will be vital.

Figure A1.1. The projected change in range extent for Campephaga oriolina, showing a
marked range contraction in West Africa but some substantial areas of climatically suitable
habitat in parts of Liberia and Cote d’Ivoire beyond the species disposal capabilities. In the
figure legend, always occupied indicates climate suitability in current and future periods.
Gains indicate areas of climate suitability within colonisation capability in the time-frame and
losses indicate loss of climatic suitability between the current and future period. Suitable
climate space indicates areas that become newly climatically suitable in future but which a
species is incapable of colonising in the intervening period.
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Figure A1.2. The projected change in range extent for Jubula lettii showing a marked range
contraction in West Africa.

For other species (e.g. Jynx ruficollis, Figure A1.3), although there could be scope for
assisted colonisation to introduce the species to West Africa, the suitable sites in West Africa
are too small and fragmented to be likely to result in a viable population in the longer term,
and conservation resources are probably better allocated in parts of the species range where
persistence is more likely.
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Figure A1.3. The projected change in range extent for Jynx ruficollis showing a marked range
contraction in west parts of central Africa but a limited scope for suitable climate space to
occur in west Africa in the future.

For other species, the area of suitable climate within colonisation of the species may
lead to large declines in future, even though there are regions of suitable climate beyond the
species’ dispersal capabilities. For such species (e.g. Campephaga oriolina, Figure A1.1),
assisted colonisation might be considered as a future conservation tool. Those species for
which assisted colonisation might be considered are listed in Table A1.1. Note that this list is
predicated solely on substantial loss of suitable climate space within a species current range
in West Africa or elsewhere and a corresponding increase in potential climate space within
West Africa but beyond the species colonisation abilities. Species that are projected to be
able to colonise extensive new areas but which also have areas beyond their colonisation
ability in West Africa are not included. This list takes no account of the availability of suitable
habitat already being available in newly suitable sites, nor of potential issues with introducing
a novel species into an established community. The list should simply be considered a starting
point, from which more thorough evaluations of the potential for benefits accruing from
assisted colonisation could be evaluated, on the basis of detailed ecological considerations.
In the vast majority of cases, assisted colonisation should be considered only as a last option,
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if natural range alterations will not be possible for some reason, because there are
considerable risks associated with introducing species to novel areas.
Unlike the some of the examples given above, as well as the examples in Table A1.1,
for which substantial range contractions occur, there are also a number of species that are
projected to remain as widespread in future as they are currently (e.g. Crysococcyx caprius,
Figure A1.4), whilst other species are project to have the potential to expand their range
considerably (e.g. Colius striatus, Figure A1.5), perhaps colonising West Africa for the first
time.
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Table A1.1. A list of 56 candidate species for which assisted colonisation might be considered as a future
conservation tool.

Species Scientific Names
Acrocephalus gracilirostris
Agelastes niger
Anthreptes aurantium
Apalis binotata
Apus batesi
Baeopogon clamans
Bradypterus baboecala
Campephaga oriolina
Campephaga petiti
Caprimulgus natalensis
Chlorocichla falkensteini
Chloropeta natalensis
Cisticola brunnescens
Cisticola discolor
Cossypha isabellae
Cossyphicula roberti
Crinifer zonurus
Criniger ndussumensis
Criniger olivaceus
Dryoscopus senegalensis
Estrilda nonnula
Euplectes hartlaubi
Grafisia torquata
Gymnobucco bonapartei
Kakamega poliothorax
Lamprotornis purpureiceps
Laniarius atroflavus
Laniarius poensis

Lybius leucocephalus
Malimbus cassini
Malimbus coronatus
Malimbus erythrogaster
Malimbus racheliae
Melignomon zenkeri
Muscicapa tessmanni
Myrmecocichla nigra
Nectarinia oritis
Nectarinia ursulae
Nesocharis capistrata
Nesocharis shelleyi
Ortygospiza locustella
Parmoptila woodhousei
Phyllastrephus poensis
Phyllastrephus poliocephalus
Picathartes gymnocephalus
Picathartes oreas
Platysteira chalybea
Poicephalus crassus
Poliolais lopezi
Prinia bairdii
Prinia fluviatilis
Prinia leucopogon
Terpsiphone rufocinerea
Thripias namaquus
Thripias xantholophus
Urolais epichlorus
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Figure A1.4. The projected change in range extent for Crysococcyx caprius, a species with
very limited change projected across West Africa in the future.

Figure A1.5. The projected change in range extent for Colius striatus, a species projected to
expand its range further into West Africa (and other areas) in the future.
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Annex 2. Contrasting the TVA of Carr et al. (2014) with the ‘Modified TVA’
approach
Summary
The original TVA flagged 194 species of high overall climate change vulnerability using
simple climatic metrics applied across an entire species range (Carr et al. 2014, Figure A2.1).
Here, we were able to produce a more nuanced measure of climate exposure that varied
across space. Consequently, we were able to assign individual climate change vulnerability
assessments to each of these species in each protected area.
In the ‘worst case’ scenario for all three taxonomic groups, there was high consensus
in the percentage of species whose climate vulnerability agreed between the TVA and SDM
approaches (Figs A2.2a, A2.3a & A2.4a). By contrast, under the ‘best case’ scenario, there
was much lower consensus in the percentage of species whose climate vulnerability agreed
between the TVA and SDM approaches (Figs A2.2b, A2.3b & A2.4b). The large number of
species with ‘no consensus’ in the directional trend in climate suitability from the SDM
approach means that overall consensus is likely to be lower, although not as low as indicated
in the ‘best case’ scenarios.

Amphibians
Figure A2.2 maps the agreement in climate change vulnerability for amphibians as
assessed using the two contrasting approaches. The maps show, for amphibian species, that
despite high correlation between the two methods under the best case scenario (Fig A2.2a),
there is substantial disagreement, and substantial spatial patterning in the disagreement,
under the best case scenario (A2.2b). In particular, there is substantial disagreement in the
drier habitats of the north and east of the region, but closer agreement in some of the coastal
forest regions.
The close agreement under the worst-case scenario (i.e. where we assume species
with unclear trends across sites will have declining suitability) between the modified TVA and
the original TVA assessment, suggests that the original methods of assessing climate
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suitability (using mean changes in climate) flags many species as being climate change
vulnerable. Conversely, under the assumption in the modified TVA that species with unclear
trends are not climatically vulnerable, there is much less agreement, and considerable spatial
patterning. This patterning suggests climate is affecting species suitability differently across
species’ ranges, which in turn suggests that using SDM derived climate suitability improves
discrimination of areas where species will experience differing degrees of climatic exposure.
Note, however, that the low levels of agreement in desert and semi-desert areas will partially
be an artifact of the low species richness in such areas, meaning that a change in the
categorization of just one or two species will markedly affect the percentage agreement.
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Figure A2.1. Richness of climate change vulnerable West African amphibians (top), birds (middle) and
mammals (lower) for the 2040-2069 period from the original methods of Carr et al. (2014). Images taken
from Carr et al. (2014).
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Figure A2.2.The percentage agreement between amphibian species assessed as climate change vulnerable
under TVA analysis and those assessed using the SDM change in climate suitability, under a; (a) ‘Worst case
scenario’, where all species with NC in directional trend of climate suitability at a particular PA were assumed
to have decreasing suitability; and, (b) ‘Best case scenario’, where all such species were assumed to have
increasing suitability.

Birds
Figure A2.3a shows a similar pattern for bird species (compared to amphibians) under
the worst case scenario, with almost complete agreement between the two approaches.
Under the best case scenario (Fig A2.3b), as with the amphibian species, there is substantial
difference between the two approaches and spatially patterning in these differences.
However, unlike in the amphibians, there are almost no regions of high agreement under this
scenario and lots of areas of only intermediate agreement. A band of moderate agreement
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runs across the Guinea forest-savanna transitional zones in western Africa. As with the
amphibians, this contrast in levels of agreement under best and worst case scenarios
suggests many birds are assigned as climatically vulnerable under the basic TVA approach,
but in many areas the climate suitability signal (as derived from the SDMs) remains unclear.
Consequently, when it is assumed in the modified TVA approach that a lack of consensus in
changing suitability will result in low climate vulnerability, the differences between the two
methods become marked. Again, the spatial pattering in the best-case scenario is indicative
of a non-uniform signal in climate vulnerability for species across their ranges in this region.

Figure A2.3.The percentage agreement between bird species assessed as climate change vulnerable under
TVA analysis and those assessed using the modified TVA approach, where; a) ‘Worst case scenario’, where all
species with NC in directional trend of climate suitability at a particular PA were assumed to have decreasing
suitability; and, b) ‘Best case scenario’, where all such species were assumed to have increasing suitability.
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Mammals
The agreement between the two methods of assessing climate change vulnerability is also
very high for mammal species, under the worst case scenario (Fig A2.4a). However, again, there are
substantial differences between the two approaches under the best case scenario (Fig A2.4b). As with
amphibians and birds, there are very few areas of high agreement under this scenario but extensive
areas of low to moderate agreement, and strong spatial patterning suggestive of local variability in
climate vulnerability.

Figure A2.4.The percentage agreement between mammal species assessed as climate change vulnerable
under TVA analysis and those assessed using the modified TVA approach, where; a) ‘Worst case scenario’,
where all species with NC in directional trend of climate suitability at a particular PA were assumed to have
decreasing suitability; and, b) ‘Best case scenario’, where all such species were assumed to have increasing
suitability.
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Annex 3. Impacts of climate change on the potential future distribution of
West African bird species of conservation concern
Maps of potential impacts of future climate change for 756 bird species of conservation
concern that occur in, or adjacent to, the West African study region, are included as pdfs on a DVD,
and can be provided upon request.
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