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Summary

1. Gridded climatologies have become an indispensable component of bioclimatic modelling, with
a range of applications spanning conservation and pest management. Such globally conformal data
sets of historical and future scenario climate surfaces are required to model species potential ranges
under current and future climate scenarios.

2. We developed a set of interpolated climate surfaces at 10" and 30’ resolution for global land areas
excluding Antarctica. Input data for the baseline climatology were gathered from the WorldClim
and CRU CL1-0 and CL2-0 data sets. A set of future climate scenarios were generated at 10’ resolu-
tion. For each of the historical and future scenario data sets, the full set of 35 Bioclim variables was
generated. Climate variables (including relative humidity at 0900 and 1500 hours) were also gener-
ated in CLIMEX format. The Koppen—Geiger climate classification scheme was applied to the 10’
hybrid climatology as a tool for visualizing climatic patterns and as an aid for specifying absence or
background data for correlative modelling applications.

3. We tested the data set using a correlative model (MaxEnt) addressing conservation biology con-
cerns for a rare Australian shrub, and a mechanistic niche model (CLIMEX) to map climate suit-
ability for two invasive species. In all cases, the underlying climatology appeared to behave in a
robust manner.

4. This global climate data set has the advantage over the WorldClim data set of including humidity
data and an additional 16 Bioclim variables. Compared with the CRU CL2-0 data set, the hybrid
10" data set includes improved precipitation estimates as well as projected climate for two global cli-
mate models running relevant greenhouse gas emission scenarios.

5. For many bioclimatic modelling purposes, there is an operational attraction to having a globally
conformal historical climatology and future climate scenarios for the assessments of potential
climate change impacts. Our data set is known as ‘CliMond’ and is available for free download from
http://www.climond.org.

Key-words: Bioclim, biosecurity, climate change, climatology, CLIMEX, conservation bio-
logy, CRU, invasion ecology, MaxEnT, niche model, pest risk assessment, species distribution
model, WorldClim
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Correspondence site: http://www.respond2articles.com/MEE/ Climate is the primary factor constraining the potential distri-
bution of many organisms (Andrewartha & Birch 1984;
Woodward & Long 1988). As such, climatic data sets have

long underpinned efforts to describe species’ native distribu-
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tion (Fitzpatrick & Nix 1970) for addressing conservation-
based questions (e.g. Graham et al. 2004; Chefaoui, Hortal, &
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Lobo 2005; Guisan & Thiiiller 2005). Climatic variables have
also been used to model the potential distribution of invasive
alien species to better understand weed and pest risk (Baker
et al. 2000; Kriticos & Randall 2001; Vaclavik & Meentemeyer
2009; Venette et al. 2010) and to aid in biological control pro-
grammes (Julien, Skarratt, & Maywald 1995; Robertson, Krit-
icos, & Zachariades 2008). To model the potential distribution
of species over multiple continents, a globally conformal data
set is a critical requirement.

The earliest computer-based potential distribution models
relied upon point location data sets (Sutherst & Maywald
1985) or spatially gridded climatologies over a limited spatial
region (e.g. Booth er al. 1987). Following the development of
sophisticated spatial interpolation routines such as thin-plate
splines (Hutchinson & Gessler 1994) and more powerful per-
sonal computers, bioclimatic modellers rapidly adopted spa-
tially gridded global climatologies. Subsequently, the globally
conformal CRU CL1-0 (New, Hulme, & Jones 1999) and
WorldClim (Hijmans et al. 2005) data sets (Table 1) have
become popular among correlative and mechanistic niche
modellers alike. Despite concerns that 30" might represent the
spatial resolution limit at which climate data might be reliably
estimated (New, Hulme, & Jones 1999; Daly 2006), there has
been a strong drive to develop finer scale data sets (New ez al.
2002; Hijmans ez al. 2005).

The WorldClim data set is valued for its fine (10") or very
fine (30”) spatial resolution. The CRU CL1-0 data set (30" reso-
lution) is attractive because when compared with station data
it contains few apparent anomalies (D. J. Kriticos, pers. obs.)
and it includes vapour pressure and other variables that can be
used to estimate potential evapotranspiration to drive soil
moisture submodels. In choosing between these data sets,
modellers have to assess whether their desire for finer spatial
resolution outweighs their need for variables relating to atmo-
spheric or soil moisture balance. The WorldClim data set
includes the 19 core Bioclim variables (Busby 1991; described
in full in Table S1 Supporting information) derived from

Table 1. Characteristics of climatologies discussed in this paper

monthly averages of daily minimum and maximum tempera-
tures and monthly total precipitation. These variables appear
to satisfy the requirements of most regression-based species
distribution modelling efforts.

However, more process-oriented modelling approaches such
as CLIMEX (Sutherst & Maywald 1985; Sutherst, Maywald,
& Kriticos 2007), infection models (Magarey, Sutton, & Tha-
yer 2005) and mechanistic ecophysiological models (Kearney
et al. 2008) rely upon estimates of atmospheric moisture as an
index of the saturation pressure deficit and hence the drying
potential of the atmosphere. Atmospheric moisture affects
phenomena such as the soil moisture balance that is critical for
plant growth and survival, dew point duration, which can
affect plant pathogen infection rates, and desiccation potential
for amphibians. The extended list of 35 Bioclim variables
(Table S1; Hutchinson et al. 2009) includes derived variables
that rely upon potential evapotranspiration, indicating that
some species distribution models developed using Bioclim also
required indications of atmospheric moisture characteristics to
model the species ranges. While the CRU CL2-0 data set (New
et al. 2002) is available at 10" resolution and includes relative
humidity data, it contains many anomalies in the rainfall data,
which do not correspond satisfactorily with station data or
plausible extrapolations (D. J. Kriticos, pers. obs.). Moreover,
the CRU CL 2-0 data set does not include future climate sce-
nario layers, which are becoming an increasingly important
component of bioclimatic modelling in an era of rapid global
change.

In an effort to understand the climatic component of global
change, climate classification systems, such as K&ppen—Geiger
(Koppen 1936) and Klimadiagramms (von Walter & Leith
1960), are experiencing a resurgence in popularity as modellers
seek to understand bioclimatic patterns in global climates. For
example, there is a growing appreciation of the sensitivity of
correlative species distribution models such as MaxE~r, eco-
logical niche factor analysis (ENFA) and logistic regression to
the manner in which the pseudo-absence or background data

Nominal time Spatial Primary variables Source and
Data set period resolution (monthly averages)* description
WorldClim 1950-2000 307, 25, 5" and 10’ prec, tmin, tmax, tmp Hijmans et al. (2005)
CRU CL1-0 19901961 30" prec, wet, tmp, tmint, New, Hulme, & Jones
tmaxt, dtr, vap, spci, (1999)
cld, wnd, frs§, radf
CRU CL2-0 1990-1961 10 prec, wet, tmp, dtr, rh, New et al. (2002)

ssh, frs, wnd

*cld: cloud cover (%); dtr: diurnal temperature range (°C); frs: number of days with ground frost per month (days); prec: precipitation
(mm month™"); rad: radiation; rh: average relative humidity; ssh: sunshine hours as percentage of day length; tmax: maximum tempera-
ture (°C); tmin: minimum temperature (°C); tmp: average temperature (°C); Vap: vapour pressure (hPa); Wet: wet day frequency(days);
wnd: 10 m wind speed (ms™).

TNot included in the original CRU release but now available from the IPCC Data Distribution Centre (http://www.ipcc-data.org/obs/
get_30yr_means.html).

iListed on the CRU website (http://www.cru.uea.ac.uk/cru/data/hrg) but variable is undescribed and has no known download location.
§Listed as available on the CRU website (http://www.cru.uea.ac.uk/cru/data/hrg) and in New, Hulme, & Jones (1999), but now only
available through the CRU TS 2-1 data set (http://www.ipcc-data.org/obs/cru_ts2_1.html).
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are specified (Chefaoui & Lobo 2008; VanDerWal et al. 2009).
A recent novel approach has been to use the K&ppen—Geiger
zonation to specify a background or pseudo-absence data
around the known presence points for these models (Webber
et al.2011).

Mechanistic modelling approaches can be costly and time
consuming, which is a strong incentive to avoid developing an
elaborate model for pest risk assessments (PRA) if it is unnec-
essary. Climatic zonations can be used as a first approximation
to assess the climatic similarity between the region the pest
occupies, or is creating economic damage, to the PRA area.
While the Koppen—Geiger climate classification has been
recently updated and digitized for GIS applications, it is only
available globally at a 30" spatial resolution based on a gridded
climatology (Kottek ez al. 2006), or at a finer resolution, but
relying on climatologies that were interpolated without the
benefit of altitude as a temperature covariate (Peel, Finlayson,
& McMahon 2007).

The purpose of this paper is to describe the development
and testing of a fine-scale global data set uniquely tailored for
use in species bioclimatic modelling, including correlative and
process-based mechanistic models. The 10" gridded data set
includes a hybrid historical data set, a set of future climate sce-
narios from two global climate models (GCMs) for a range of
time periods in the twenty-first century and the Koppen—Gei-
ger climate classification constructed using the same climatolo-
gies developed elsewhere. We demonstrate the use of the
climatologies with a correlative model for a rare and threa-
tened species and two previously published mechanistic models
for invasive species. The combined data set has been named
CliMond, derived from the French climat mondial, meaning
‘world climate’, recognizing the global coverage of the data set.

Materials and methods

HISTORICAL CLIMATE DATA SOURCES

Monthly historical climatological data centred on 1975 at 10" spatial
WorldClim  (http://
www.worldclim.org/current) and CRU CL2-0 (http://www.cru.uea.
ac.uk/cru/data/hrg/tmc and http://www.ipcc-data.org/obs/get 30yr_
means.html) websites. From WorldClim, minimum (7,,) and maxi-
mum (7},,x) monthly temperature, monthly total precipitation (Prec)
and altitude were downloaded in ESRI grid format. From the CRU,
mean relative humidity (RH,,) was downloaded in ASCII format.
The data sets were imported into ArcGIS 9-3 to create a hybrid histor-
ical data set based on the minimum and maximum temperatures and

resolution were downloaded from the
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the precipitation data from WorldClim, and RH,,, values from the
CRU data set.

For each of the 10" historical and future climate data sets (described
elsewhere), the full list of 35 Bioclim variables was calculated based
on published algorithms (Hutchinson et a/. 2009; Table S1) on a
weekly basis (rather than monthly as is performed for WorldClim).
The commonly available 19 ‘core’ Bioclim variables (Bio 10-Bio 19)
require only Tn, Ty and Prec for their calculation (Table S1). The
remaining 16 Bioclim variables making up the extended list of 35 vari-
ables (Hutchinson ez al. 2009; Table S1) also require radiation
(Bi020-Bio27) and a water-balance soil moisture index (Bio28-Bio35)
for their derivation (Hutchinson ez al. 2009). To calculate the eight
derived Bioclim radiation variables, monthly values for radiation
(Rad) gridded to 30" for 1961-1990 from the CRU CL1-0 data set
(Table 1) were downloaded from the Intergovernmental Panel on Cli-
mate Change (IPCC) Data Distribution Centre. Because this data set
excludes small offshore islands and some coastal regions, we extended
the surface by 2° using an inverse distance weighting interpolation.
For more remote islands not covered by this interpolation, we
generated radiation values using the mean output of two GCMs
(CSIRO-MK3-0 and MIROC-H; Table 2). The final 30" surface was
interpolated to 10" resolution using an inverse distance weighted
method in ArcGIS 9-3. To generate the eight soil moisture index Bioc-
lim variables, DYMEX (Maywald et al. 2007) was used to construct
a single-bucket soil moisture model driven by the CLIMEX-format-
ted data described elsewhere. The single-bucket soil moisture model
interpolated monthly climate variables to estimate weekly values of
relative soil moisture availability scaled from zero (oven dry) to one
(field capacity), with values greater than one possible, representing
excess moisture above field capacity. These weekly values of the soil
moisture index were used to calculate the eight soil moisture index
Bioclim variables (Bio28-Bio35). All of the 35 Bioclim data sets are
made available for download in ASCII grid and ESRII grid format.

CLIMEX requires monthly values of 71, Tmx and Prec and also
requires monthly values for relative humidity at 0900 hours (RHggo)
and 1500 hours (RH5(0) as a means of estimating how conducive the
air is to evaporation from the land surface, as an input into a single-
bucket soil moisture model.

Relative humidity at 0900 and 1500 was estimated as follows
(Unwin 1980 and see Appendix S1, Supporting information for a
worked example):

RH(%) = e x 100/ey eqn 1

where e is the vapour pressure, and ey is the saturated vapour
pressure at the corresponding air temperature 7.

The temperature at 0900 (Tg900) and 1500 (7' s500) Was estimated
from the daily temperature range DTR, Ty,x and Ty,, using the
following empirical relationships:

Table 2. Characteristics of the two global climate models used for generating future climate scenario data

Approximate horizontal

Originating group, Country Model grid spacing (°)* Warming (°C)f
CSIRO, Australia CSIRO-MK3-0 19 x 19 2-11
Centre for Climate Research, Japan MIROC-H I'1x11 431

*Information sourced from Randall ez al. (2007).

tGlobal mean warming generated by the model over the twenty-first century for the A1B scenario. Information sourced from Hennessy

& Colman (2007).
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To900= Tmn+0-39 x DTR eqn 2

Tis00= Tmx—0-116 x DTR eqn 3

where DTR = T« — Tin-

Following Mitchell ez al. (2004), the saturated vapour pressure e
(hPa) at air temperature 7" (°C) was calculated using the Magnus
equation:

17-387
g = 0- >
es =06 107exp<239+T>,where Ty >0 eqn 4
22-44T
=6 _cemy <
es =06 107exp<272.4 n T>,where Tw<0 eqn 5

Again,following Mitchell e al. (2004), the wet-bulb temperature
(T,) was estimated from dew point temperature (74), using an empiri-
cal relationship for which daily minimum temperature is used as a
proxy:

_ 3Tq +2T

Ty 5

eqn 6

Together with the temperature and precipitation data at 10’, these
relative humidity data were transformed into the CLIMEX .loc and
.met file formats.

Historical climatological data at 30" (half degree) spatial resolution
were downloaded from the CRU CL1-0 (http://www.cru.uea.ac.uk/
cru/data/hrg/cru05/cru05_intro.html and http://www.ipcc-data.org/
obs/get_30yr_means.html; New, Hulme, & Jones 1999) websites in
ASCII format. The climate variables were monthly mean values from
1961-1990 of average daily temperature, daily temperature range and
relative humidity, and average monthly totals of precipitation. Rela-
tive humidity values for 0900 and 1500 hours were estimated using
the procedures described by Kriticos ez al. (2007). These 30" resolu-
tion data were then transformed into the CLIMEX .loc and .met file
formats.

ELEVATION

The elevation data sets provided with the WorldClim and CRU data
sets were derived through different processes and show significant dif-
ferences (data not shown). The elevation data provided with the
WorldClim data set were derived from the Shuttle Radar Topogra-
phy Mission (http://srtm.csi.cgiar.org). Those provided with the
CRU data set were derived from the GLOBE 1 km data set (NGDC
2000). Because elevation strongly affects temperature through the adi-
abatic lapse rate, the elevation and corresponding temperature data
from the WorldClim data set are packaged together in CliMond.

FUTURE CLIMATE PROJECTIONS

Greenhouse gas emission scenarios

The IPCC produced a set of forty emission scenarios for future global
emissions of greenhouse gases and sulphate aerosols, the so-called
SRES scenarios (Special Report on Emissions Scenarios; Naki¢eno-
vi¢ & Swart 2000). Each scenario is consistent with a storyline based
on a set of plausible assumptions about global demographic, eco-
nomic and technological factors likely to influence future emissions.
They selected a representative subset of six ‘marker’ and two ‘illustra-

tive’ scenarios, which range from the B1 scenario in which greenhouse
gas emissions diminish rapidly, to the A1FI scenario, in which fossil
fuels continue to be used intensively. Since then, Rahmstorf ez al.
(2007) showed that projections from GCMs had underestimated
recent global temperature and sea level trends. More recently, Man-
ning et al. (2010) illustrated that since 2000, carbon dioxide emissions
owing to fossil fuel use are consistent with the most extreme of the
SRES scenarios. These observations, combined with continued fail-
ures to agree on legally binding global reductions in greenhouse gas
emissions, suggest that the conservative emission scenarios are no
longer plausible. As such, we elected to include only the ‘A’ family
SRES emission scenarios in the CliMond data set. Projections of future
climate for 2030, 2050, 2070 and 2080 were generated for the A1B and
A2 scenarios for emissions of greenhouse gases and sulphate aerosols.

Global climate models

For both the 10" and 30" resolution data sets, climate projections were
generated from three GCMs from which output was available from
the World Climate Research Programme’s (WCRP) Coupled Model
Intercomparison Project phase 3 (CMIP3) multimodel data set (Mee-
hlet al. 2007; Table 2). These exemplar models were selected from 23
GCMs for which the data set includes output based on three criteria.
Firstly, monthly averages of daily maximum and minimum tempera-
tures, precipitation, mean sea level pressure and specific humidity
were available for these three models. The availability of data for
these variables allowed the calculation of input data for CLIMEX as
well as the extended list of 35 Bioclim variables. Secondly, the models
have relatively small horizontal grid spacing (less than 2° x 2° over
Australia). Thirdly, according to a listing of GCM skill scores
provided by Hennessy & Colman (2007), they perform well relative
to other GCMs in terms of representing basic aspects of the observed
climate at a regional scale. The Hennessy & Colman (2007) skill
scores describe GCM skill at reproducing observed patterns of sea-
sonal average climate over Australia, a region with a range of tropi-
cal, arid and temperate climate regimes. We note that, though it
seems reasonable to suppose that a low score may correspond to an
unreliable simulation of future regional climate conditions, there is
no guarantee that the Hennessy & Colman (2007) scores are relevant
to the simulation of future regional climate changes across the globe.
However, a full assessment of the relevance of different measures of
GCM skill to such changes is potentially a large undertaking and is
beyond the scope of this paper. The three GCMs that best met the
selection criteria were as follows: CSIRO-MK3-0 (CSIRO, Austra-
lia), NCAR — CCSM (National Centre for Atmospheric Research,
USA) and MIROC-H (Centre for Climate Research, Japan; Table 2).
However, during processing, it was discovered that there were some
concerning errors in the NCAR data set in arid regions, and it was
removed from further processing.

Climate change surfaces

For each of the two GCMs, extracts were taken from transient forc-
ing simulations of future climate from the CMIP3 data base (Meehl
et al. 2007) and worldwide surfaces of change per °C of global warm-
ing at 30" were developed. In case of the 30" data set, the change sur-
faces were interpolated from the native model resolution to 30
resolution using a bilinear interpolation routine. In case of the 10
gridded data, the change surfaces were further interpolated from 30"
to 10" using an inverse distance weighted method using ArcGIS 9-3.
The change surfaces are relatively smooth as most of the topographic
effect in future climate layers is contained in the baseline climatology,
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and so this simple interpolation method is appropriate. In some loca-
tions where historical monthly precipitation values were zero or near
zero, some of the downloaded GCM change surfaces included no
data values (assigned a value of 1e9; Fig. S1). Future precipitation
values affected by these change surfaces were manually assigned his-
torical precipitation values as the change in projected precipitation
with climate change was interpreted to be negligible.

For each model grid box, a change per °C of global warming (A)
was calculated by linear regression of values of the variable of interest
against global average temperature (Whetton et al. 2005). For some
variables (precipitation and specific humidity), changes were
expressed as percentage changes relative to the model climate for
1961-1990 (A.,). The resultant changes per °C of global warming
were rescaled by a given amount of global warming to produce a pat-
tern of change that would apply for a given future time period and
global warming scenario (Whetton et al. 2005).

Global warming estimates consistent with those given by the
IPCC’s Fourth Assessment Report for warming between the 1980—
1999 and 2090-2099 periods (IPCC 2007) were calculated for the
A1B and A2 scenarios for warming between 1961-1990, the period of
our baseline climatology, and each of 2030, 2050, 2070 and 2080
(Table 3). Hennessy & Colman (2007) provide estimates of warming
between 1980-1999 and 2030, 2050 and 2070 that are consistent with
IPCC (2007). Estimates of warming between 1980-1999 and 2080
were obtained by fitting a second-order polynomial to the Hennessy
& Colman (2007) values for 2050 and 2070 and the IPCC (2007) value
for 20902099 (taken as corresponding to the year 2095; Cher Page,
pers. comm.). Estimates relative to 1961-1990 were then derived from
these by adding an adjustment to account for warming between
1961-1990 and 1980-1999. An adjustment of approximately 0-18 °C
was estimated from a linear trend analysis of each of the three time
series of observed global average temperatures used in the IPCC’s
Fourth Assessment Report (from the Climatic Research Unit/United
Kingdom Meteorological Office (CRU/UKMO), National Climatic
Data Center (NCDC) and Goddard Institute for Space Studies
(GISS) data sets; IPCC 2007).

In this study, climate variable values for future scenarios were esti-
mated using the best estimate values of global warming (GW) as fol-
lows for temperature and mean sea level pressure:

Ximgsy = Cim + Aimg X GW.&'}' eqn 7
and for precipitation and specific humidity:

‘ A%img X GW.vy X Cim

Ximgsy = Cim W eqn 8

where x is the value of a given variable at a particular grid box (7) for
a period centred on a particular month () and year (y) using the
GCM (g) for the SRES scenario (s). x is calculated from the observed

Table 3. Global warming best estimates (°C) relative to 1961-1990
for 2030, 2050, 2070 and 2080 and SRES scenarios A2 and A1B

SRES emission scenario

Year Al1B A2

2030 1-08 0-98
2050 1-71 1-58
2070 2:31 2:43
2080 2-59 2-88

CliMond: climate surfaces for bioclimatic modelling 57

climatological mean from 1961-1990 from either the 10" hybrid data
set or the 30" CRU CL1-0 data set (¢), the best estimates values of GW
and the change per °C of global warming (A) or the percentage of
change per °C of global warming (A.,) from the GCM (g) for the
SRES scenario (s).

Data pertaining to changes in relative humidity at 0900 and 1500
were not available from the CMIP3 data base for either of the GCMs.
Projections of relative humidity at 0900 (RHggg) and 1500 hours
(RH 500) were estimated from available daily maximum and minimum
temperatures (7, and 7},,,), mean temperature (7,,), vapour pressure
(vap), mean sea level pressure (psl), specific humidity (huss) and eleva-
tion (z) data (Meehl et al.2007) through the following process.

Monthly mean surface pressure (ps) for 1961-1990 was calculated
for each grid box (i) and month (12) for the CRU 10’ data set using the
method described by Allen ez al. (1998; Annex 3, Atmospheric Pres-
sure):

6-5%x 1073 x Zi\ (—0808 )

) 6 5x10-3 %287
Tavml

PSim = PSlim X (1 eqn 9

[Correction added after online publication 25 Aug 2011: e replaced by
x 10]

Monthly mean specific humidity (huss) for 1961-1990 was calcu-
lated for a given grid box (i) and month (1) (Rosenberg, Blad, & Ver-
ma 1990):

0-622 x vap,,,

hussin = = e van
usS;y, ps;m — 0-378 x vap,,

eqn 10

Projected values of monthly mean psl, huss, Ty, Tinx and Ty, were
calculated for a given grid box (i), month (m), year (), GCM (g) and
SRES scenario (s) using eqns 7 and 8.

Projected values of monthly mean ps were calculated using pro-
jected values of psl and T.:

9806
)(6 5x10-3 ><2x7)

psimg,yy = pSlimg‘ry X (1 - eqn 11

[Correction added after online publication 25 Aug 201 1: e replaced by
% 10]

Projected values of monthly mean vap were calculated using
projected values of ps and huss:

_ psimgsy X huss[mgsy
0622 +0-378 X hussipgy

VAP eqn 12

Following the method described by Kriticos et al. (2007), projected
values of monthly mean temperature at 0900 (7999) and 1500 hours
(T 500) were calculated from 7, and T},, (eqns 2 and 3) and pro-
jected values of relative humidity at 0900 (RHggoo) and 1500 hours
(RH500) were calculated from vap, T, Toooo and T'jsoo for a given
grid box (7), month (m), year (y), GCM (g) and SRES scenario (s).

KOPPEN-GEIGER CLIMATE CLASSIFICATION

There are a variety of Koppen—Geiger climate classification schemes
reflecting various attempts to improve the classification (Wilcock
1968). The algorithm adopted here for calculating the Koppen—Gei-
ger climate classification generally follows that of Peel, Finlayson, &
McMahon (2007), who followed Koppen’s last publication on his
classification system in the Koppen-Geiger Handbook (Koppen
1936). There were three points of departure from (Koéppen 1936): (i)
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we followed Russell (1931) and used the temperature of the coldest
month >0 °C, rather than >-3 °C as used by Koppen (1936) to
define the boundary between the temperate (C) and cold (D) climates;
(ii) we followed Peel, Finlayson, & McMahon (2007) in using a 70%
precipitation criteria for distinguishing the B climates; and (iii) we fol-
lowed the approach of Peel, Finlayson, & McMahon (2007) in mak-
ing the subclasses ‘s’, ‘w’ and ‘f” mutually exclusive. Unlike Peel,
Finlayson, & McMahon (2007), we applied the classification algo-
rithm to gridded climate surfaces rather than kriging the classified cli-
mate stations. Applying the algorithm to gridded climate data
resulted in class boundaries that respected topo-climatic patterns
more obviously than the excessively smooth polygons of Peel, Finlay-
son, & McMahon (2007). This also meant that we did not have to
apply the altitude-based approximation utilized by Peel, Finlayson, &
McMahon (2007) for Greenland and allowed the climates on the
smaller islands that were excluded from the Peel, Finlayson, &
McMahon (2007) data set to be classified.

DEMONSTRATING THE CLIMOND DATA SETS

To demonstrate the value of the different resolution climate data sets,
the CliMond historical data set (CM10_1975H_V1) was used to run
one correlative and two mechanistic bioclimatic models spanning
Mediterranean, temperate and tropical climate zones. Firstly, to dem-
onstrate the use of the Bioclim variables and Koppen—Geiger surface
components of the CliMond data set, we used MaxEnt (V3-2:2), a
regression-based species distribution model (Phillips & Dudik 2008),
applying the model exploration tools described by Elith, Kearney, &
Phillips (2010), particularly multivariate environmental similarity
surfaces (MESS) via maps and projection overlays. A conservation
biology ‘identification of additional suitable climatic regions’ scenario
was modelled for Banksia cuneata A.S.George (Proteaceae), an
endangered shrub with a highly restricted native distribution in
south-west Western Australia (Broadhurst & Coates 2004). Distribu-
tion data for B. cuneata populations were obtained from NatureMap
(Department of Environment and Conservation 2007-2011). The
MaxEnt model of B. cuneata was constructed, interpreted and dis-
played following the methods by Webber ez al. (2011) with the follow-
ing exceptions: (i) five Bioclim variables (Bio04, Biol0, Bioll, Biol8
and Bio19) from the CliMond 10" data set were chosen a priori based
on the main ecological factors thought to define the Mediterranean
climate in which B. cuneata is found, (ii) a lower threshold of 0-1 was
set for climatic suitability, (iii) using the CliMond 10" K6ppen—Geiger
data set, class polygons that contained B. cuneata distribution
records were joined and buffered by 10" (using ArcGIS 9-3) to define
an ecologically relevant background for the MaxEnt model. The
resulting model was projected into Australia with the CliMond 10"
historical climatology (CM10_1975H_V1). We use the B. cuneata
model as an example only and recognize that alternative nonclimatic
variables may provide more ecologically relevant projections for a
species with such a restricted range (Yates et al. 2010).

Secondly, two previously published mechanistic niche models of
invasive species: a temperate tussock grass Nassella trichotoma (Nees)
Hack. ex Arechav. (Poaceae: Stipae) (Kriticos et al. 2004) and a tropi-
cal cattle tick Rhipicephalus microplus (Canestrini) (Acarina: Ixodi-
dae; syn. Boophilus microplus) (Sutherst & Maywald 1985; Sutherst &
Bourne 2009) were used to demonstrate the CLIMEX component of
the CliMond data set. In addition to the historical data set
(CM10_1975H_V1), models for both species were also run using (i)
the CliMond projections of climate in 2080 under the A2 emission
scenario generated by the CSIRO-MK3-:0 GCM (CM10_2080_A2_
CS_V1), (ii) a Food and Agriculture Organization (FAO)-derived

climate station data set and (iii) a 30" gridded climatology from the
CRU (New, Hulme, & Jones 1999). The latter two data sets are
distributed with CLIMEX V3 (Sutherst, Maywald, & Kriticos 2007)
and represent standard tools for pest risk assessment modelling.

Results and discussion

There are two paradigms in bioclimatic modelling as follows:
correlative approaches that have origins in conservation biol-
ogy, such as characterizing regions that share similarities with
species known distributions, and mechanistic approaches that
were developed for invasion ecology to study species in novel
regions (Sutherst & Bourne 2009). While the methodological
challenges faced by modellers attempting to inform biodiver-
sity conservation and invasion biology are sometimes con-
trasted (e.g. valuing omission and commission errors
differently; Lobo, Jiménez-Valverde, & Real 2008), they share
the need for reliable climatological data sets at suitable spatial
precision and accuracy. The CliMond data sets can be applied
to both correlative and mechanistic modelling applications,
and they are available for free download from http://www.
climond.org.

CORRELATIVE MODELLING

When applied to a conservation biology scenario for Banksia
cuneata using the correlative model MaxEnt, the CliMond his-
torical and K6ppen—Geiger data sets (the latter to define the
model background) produced results that matched the known
distribution points well (Fig. 1) and had excellent predictive
ability as measured by the area under the receiver operator
characteristic curve for the test model (AUC = 0-952). Within
the region of projection interpolation (i.e. areas with a positive
MESS map value; MESS+; Fig. 1c), two other regions of
climatic suitability were identified as follows: one around
Koorda, c. 150 km north of the known distribution, and one
north of the Eyre Peninsula in South Australia. The former
region appears biologically plausible as an area for searching
for undiscovered populations or for carefully considered man-
aged relocation. The latter region straddles the MESS + region
and a region of MESS- projection extrapolation (i.e. outside of
the range of climates in the training data set, with a negative
MESS map value), indicating that additional caution is
required when interpreting these projections. Given the open-
ended response curves that would influence the model in this
region (Fig. S2), we suggest that the region of projected suit-
able climatic on the Eyre Peninsula needs further research
before it could be considered as a possible site for managed
relocation.

For correlative species distribution models, the 10" climatol-
ogy affords the modeller the opportunity to identify marginally
climatically suitable locations and appears to support model
projections that are ecologically meaningful (Fig. 1). Follow-
ing the method outlined by Webber ez al. (2011), the Képpen—
Geiger data sets are intended to be used to assist modellers to
define the background landscape or pseudo-absences for
species distribution models. The definition of the background
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for MaxEnt and absences for models such as ENFA and
generalized linear models is a highly sensitive and arbitrary
process (VanDerWal ez al. 2009; Elith ez al. 2011). Following
the guidelines of Elith ez al. (2011) for defining a background
for MaxEnt, we provide the Koppen—Geiger data set (Fig. 2)
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Fig. 1. Climate suitability for Banksia cuneata modelled using Max-
Ent with the CliMond hybrid historical data set 10" grid showing (a)
Koppen-Geiger classes (see Fig. 2 for class definitions) and the distri-
bution data of known populations (red circles), (b) projected climatic
suitability and (c) multivariate environmental similarity surface
(MESS) maps and the background training domain (black outline)
for the model. Blue MESS regions indicate positive values (i.e. cli-
matic parameters within the bounds of the reference set), while the
hashed overlay (b) or red MESS regions (c) indicate MESS- areas (i.e.
at least one climatic parameter has a value outside the range of the ref-
erence set; novel projection climates).

as a means of identifying climatic regions that are ‘ecologically
realistic’ or based on an ‘understanding of how far the focal
species could have dispersed’. This data set is also suitable for
use as a basis for an initial assessment of climate similarity, and
by inference, pest risk.

MECHANISTIC NICHE MODELLING

When applied in an invasion ecology setting using the CLI-
MEX mechanistic niche model, the CliMond data for histori-
cal and future climate scenarios performed in a robust manner.
Models for serrated tussock, Nassella trichotoma, (Fig. 3) and
the bovine tick, Rhipicephalus microplus, (Fig. 4) projected at a
world scale using the 10" CliMond historical data set, produced
finer scale, but broadly similar results to the 30 historical data
set for each species (see Supporting information for CLIMEX
parameters, Sutherst & Maywald 1985; Kriticos et al. 2004).
The two examples demonstrate the CliMond data applicability
in both tropical and temperate environments. Both are a con-
siderable advance over the distribution determined by climate
stations (Figs 3a and 4a), enabling model projections into
areas where stations are lacking (compare inserts in Figs 3 and
4). Moreover, the finer resolution of 10" captures some of the
subtlety in the station data while maintaining the overall pat-
tern of the 30" analysis. Both models show broadly consistent
trends expected with climate change (Figs 3d and 4d), that is,
poleward movement for projected future climatic suitability
relative to the historical distribution, demonstrating the poten-
tial for CliMond for use in climate change scenario analyses.
For mechanistic niche modelling, the 10" climate data sets
afford the CLIMEX modeller more precision in fitting points
than the previously available 30" data set from the CRU (565
801 vs. 67 420 points). CliMond represents the first freely avail-
able future climate scenarios available in CLIMEX format,
and the historical data set represents an improvement in qual-
ity over the 10" CRU CL2-0 data set distributed previously with
CLIMEX.

LIMITATIONS IN CURRENT AND FUTURE GLOBAL
CLIMATOLOGIES

In developing the CliMond data sets, we have identified five
areas where modellers need to be aware of data limitations or
where further data development is required. Firstly, when fit-
ting models to climatological data, the spatial precision of the
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Fig. 2. Koppen—Geiger classification of CliMond hybrid historical data set 10" grid. See Kdppen (1936) for a detailed account of each class. A
high-resolution image of this figure is available for separate download in the Supporting information.

data can affect the model parameterization, as can the source
and treatment of the foundation climatological data (Kriticos
& Leriche 2010). For CLIMEX models, this will affect the
stress parameters, which are closely related to the geographic
range of the species. In contrast, the fitted growth parame-
ters, which are best informed by phenological observations
or observed responses to climate variables, are relatively
immune to the source of climatological data. The spatial pat-
tern of the calculated annual growth index (GI,) will likely
be relatively unaffected by the spatial precision of meteoro-
logical data.

Secondly, we recognize that the 10" and 30" data sets pre-
sented here have slightly different derivations. Any comparison
between models run with these two data sets may include unde-
sirable artefacts because of inconsistencies between the origi-
nating data sets. While these inconsistencies indicate a degree
of uncertainty in these data sets, they are an undesirable feature
for many applications. To avoid these problems, a 30" data set
derived by resampling the 10" climatology is presently being
developed.

Thirdly, for both correlative species distribution and mecha-
nistic niche modelling, it is important that the climatological
data are concurrent with the species geographical distribution
data used to fit the models. A cardinal assumption of correla-
tive modelling is that the species is at equilibrium with its
climatic environment (Panetta & Mitchell 1991). Under a rap-
idly changing climate regime, such as with anthropogenic cli-
mate change, it will be necessary to update periodically the
baseline climatology so that inductive models can more cor-
rectly infer climate suitability from species distribution records
in areas of recent range expansion. Both the WorldClim and
CRU (and, therefore, the CliMond) historical data sets are
centred on 1975. Given the rate of increase in temperatures

since 1975 (Rahmstorf et al. 2007) and the observed shifts in
species distributions (Parmesan et al. 1999), there is clearly a
pressing need to update global climatologies to support opera-
tional and scientific research for both biosecurity and conser-
vation biology purposes.

Fourthly, the utility of climate data sets at a finer resolution
than 30" has been questioned as being excessively precise (New,
Hulme, & Jones 1999; Daly 2006). While we are sympathetic
to this caution, it is clear that the added precision in moving
from 30" to 10’ is capable of highlighting areas of limited extent
with interesting pest threat or conservation values, particularly
where they fall in regions of dissected topography (Kriticos &
Leriche 2010). Such geographic outliers can often be inordi-
nately important in both conservation biology and biosecurity
domains. Although the notion of applying data from a mod-
elled future climate scenario to a potentially excessively precise
climatology may seem like adding another floor onto a house
of cards, it is nonetheless operationally attractive. The wide-
spread popularity of the WorldClim data set at both 10" and
30” resolutions indicates that despite cautions regarding exces-
sive precision, and the tendency to equate resolution with real-
ism (Daly 2006), these data sets are being widely employed.
Similarly, applications of the future climate scenarios are also
popular in the recent literature. Perhaps, a logical compromise
is to develop a bioclimatic model using a fine-scale grid and
then aggregate the results to a coarser grid that better repre-
sents the spatial accuracy of the data using a suitable method,
such as the maximum climate suitability value of the finer-scale
cells or an area-weighted mean. In topographically dissected
regions that are marginally suitable, this method could identify
risks that might otherwise be overlooked using only a coarse
spatial data set and yet not indicate the location of that risk in
an excessively precise manner.
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Fig. 3. Climate suitability for Nassella trichotoma modelled with CLIMEX using (a) CLIMEX FAO-derived station data, (b) CRU 1961-1990
30’ climate grid (New, Hulme, & Jones 1999), (c) CliMond hybrid historical 10" grid data set, (d) CliMond hybrid historical data set modified
using data from the CSIRO Mk 3 global climate model (GCM) running the A2 SRES emission scenario and pattern-scaled to 2080. A high-reso-
lution image of this figure is available for separate download in the Supporting information.

Lastly, there is significant uncertainty regarding the future ing the possible direction and magnitude of changes in climatic
climate scenarios (Moss & Schneider 2000). The bioclimatic suitability to be expected sometime this century or the next.
modelling results for future climates illustrated here can be used The uncertainties in future climate change arise through uncer-
in conjunction with the results for the recent period as indicat- tainties associated with future greenhouse gas and sulphate aer-
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Fig. 4. Climate suitability for Rhipicephalus microplus modelled with CLIMEX using (a) CLIMEX FAO-derived station data, (b) CRU
1961-1990 30’ climate grid (New, Hulme, & Jones 1999), (c) CliMond hybrid historical 10" grid data set, (d) CliMond hybrid historical data set
modified using data from the CSIRO Mk 3 global climate model (GCM) running the A2 SRES emission scenario and pattern-scaled to 2080. A
high-resolution image of this figure is available for separate download in the Supporting information.

osol emissions, the sensitivity of the global mean temperature source of uncertainty, and the inclusion of data for both the
to these emissions and the response of local climate conditions SRES AIB and A2 scenarios partially samples the uncertainty
to global warming. While our inclusion in CliMond of data associated with future emissions, we have not attempted to
from two GCMs goes a very small way to sampling the latter explore all types of uncertainty in their entirety. The included

© 2011 The Authors. Methods in Ecology and Evolution © 2011 British Ecological Society, Methods in Ecology and Evolution, 3, 53—64



data should be interpreted as describing a small number of
future climate scenarios that lie within a population of plausible
scenarios not described by the data set. However, the method-
ology described by this paper could, in principle, be employed
to add more scenarios to the CliMond data set based on differ-
ent emission scenarios, global warming estimates or GCMs.

Conclusion

The hybrid CliMond data set represents an improvement on
existing global climate data sets available for bioclimatic mod-
elling. It is a pragmatic compromise that addresses some of the
deficiencies in the currently available products. It is neither the
finest resolution data set available (WorldClim) nor does it
include the most primary variables (CRU CL2-0). However, it
does include the most Bioclim variables, and because the base-
line data and future climate scenarios in CliMond share a con-
formal spatial and climatological framework, their combined
use is made far easier and more reproducible because of consis-
tent downscaling of the GCM data. By creating a global clima-
tological data set featuring the extended set of 35 derived
Bioclim variables, we are increasing the options for correlative
modellers to identify range-limiting variables that are more rel-
evant to organisms that are limited by radiation or moisture
availability (e.g. plants). By building the CLIMEX-formatted
data based on exactly the same climatology as the Bioclim vari-
ables, we have removed one impediment to model intercom-
parisons between correlative species distribution models on the
one hand and CLIMEX mechanistic niche models on the other
(e.g. Webber et al. 2011). Bioclimatic species models have
become an essential tool for answering many questions con-
cerning conservation biology and invasion ecology in a rapidly
changing global environment. The CliMond data set has the
capacity to provide core functionality to a broad range of these
models.
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